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ABSTRACT 

 

INCENTIVES FOR THE ADOPTION OF BLOCKCHAINS IN ONTARIO’S AGRI-

FOOD SECTOR: THE ROLE OF RISK AND INFORMATION 

 

 

Jamieson Douglas Westover      Advisor:  

University of Guelph, 2019      Dr. Getu Hailu  

 

There is a growing interest in better understanding the opportunities, benefits and 

applications of blockchains - i.e., distributed ledger technologies - in the Canadian agri-food 

sector to enhance the transparency and traceability of agricultural supply chains. This thesis uses 

a Best-Worst Scaling approach to elicit producers’ relative raking of incentives that may promote 

the adoption of blockchains. A latent class cluster analysis is used to identify groups of 

respondents that share similar preferences for adoption incentives and to examine the influence 

of risk and information on producers’ relative ranking of adoption incentives. The results show 

that producers are heterogeneous in their preferences for adoption incentives. Producers that 

prefer adoption incentives external to the farm (e.g., government subsidies) are more risk-averse 

than producers that prefer internal adoption incentives (e.g., farm differentiation). The thesis 

concludes by discussing the implications of these findings for efforts to better understand 

blockchain adoption incentives more generally. 
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1 Introduction 

1.1 Motivation 

The adoption of new technology is well-documented in the agricultural economics 

literature. Several studies find that technology is an important contributor to productivity growth 

and competitiveness in the agricultural industry (Feder and Slade, 1982; Knowler and Bradshaw, 

2007; Liu and Lio, 2006). Most adoption studies focus primarily on the determinants of adoption 

rather than the incentives that foster the diffusion of new technology in agriculture. While the 

characteristics of potential adopters may be well documented, research examining the underlying 

incentives that drive technological change is limited. This study examines the relative 

importance of select technology adoption incentives among farmers. 

Rogers (1973) defines incentives as those factors that may speed the adoption rate of 

innovations. He notes that a primary function of incentives is to increase the degree of relative 

advantage associated with adopting new technology. More recently, Rogers (1983, p. 223) 

generalized the effect of adoption incentives on the uptake of new innovations. He found that 1) 

incentives increase the rate of adoption and 2) incentives can lead to the adoption of an 

innovation by individuals different from those who would otherwise adopt. Specific examples of 

technology adoption incentives examined in the agricultural economics literature include 

government subsidies (Hudson and Hite, 2003), mandated adoption from buyers (O’Chieng and 

Hobbs, 2016), federal or international regulations (Holzer, 2016), and improvements in farm 

business performance (Henson and Holt, 2000). 

Research on technology adoption in the literature shows that the incentives driving the 

diffusion of innovations in agriculture can vary depending on the desired outcome of adopting, 

the characteristics of potential adopters, and the perceived risks associated with using a new 

innovation. Additionally, adoption studies that examine the drivers that motivate farmers to 

adopt new technology cite the importance of understanding these incentives. O’Chieng and 

Hobbs (2016) examine the adoption incentives of an E. Coli vaccine among Canadian beef 

producers. They note that identifying and understanding the factors that motivate the adoption of 

new technology can provide policy-makers, supply chain participants, and other stakeholders 

with useful information on the incentives that will be most accepted by agricultural producers. 
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Barnes et al. (2019, p. 71) later note that “recognizing differences in producers’ preferences 

towards adoption incentives can lead to cost-effective policies and interventions that may 

maximize uptake, generate returns to adopters and meet political goals for productive and 

sustainable agricultural production.” 

In addition to examining the individual incentives that motivate producers’ technology 

adoption decisions, it is important to consider what factors influence producers preferences for 

adoption incentives. Khanna and Zilberman (1997) find that agricultural producers are generally 

heterogeneous in their preferences for adoption incentives and that implementing broad-targeting 

policies may not always be the most effective way to encourage the uptake of new innovations. 

For example, they note that some producers respond to policy interventions, such as subsidies 

and price support programs, whereas others may be more influenced to adopt a new innovation 

by the potential to reduce environmental damages associated with agricultural production. The 

Organization for Economic Cooperation and Development (2019) also finds that understanding 

how different groups of potential adopters respond to different incentives is an important 

consideration when implementing policies to encourage the adoption of technology.  

Of particular interest to researchers is the impact that risk attitudes and information have 

on producers’ adoption decisions. Sauer and Zilberman (2010) note that agricultural producers 

face random climatic conditions, unexpected policy changes, and dynamic consumer demand for 

food and may therefore be hesitant when making capital-intensive adoption decisions. They note 

that farmers’ risk attitudes are often a main determinant of adoption and that the study of 

technology adoption should consider producers’ individual risk tolerance levels. Other studies 

(Kim and Chavas, 2003; McBride and Daberkow, 2003; Knowler and Bradshaw, 2007) note that 

producers also face incomplete information regarding the costs and benefits of new technology 

and that a primary reason for slow adoption rates is inadequate access to information about new 

technology. Following the recommendations in the literature, in addition to identifying the 

relative importance of adoption incentives, this study examines the effect of risk tolerance and 

access to information on farmers’ preferences for different incentives of adoption. 

While risk and information have primarily been recognized as factors that influence the 

adoption of new technology, most studies ignore the role these factors play in producers’ 
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preferences for certain incentives of adoption. For example, risk-averse farmers may be more 

willing to adopt a technology if a subsidy is available to lower the cost of adoption, whereas risk 

loving farmers may be more influenced by the potential to increase production volumes 

(Omotilewa, Ricker-Gilbert and Ainembabazi, 2019; Hudson and Hite, 2003). Furthermore, 

farmers that report being well-informed about novel technology may rely less on external 

adoption incentives, such as mandated adoption from buyers, and respond more to internal 

incentives that promise potential improvements in farm business performance (Henson and Holt, 

2000). Understanding how risk attitudes and information influence producers’ preferences 

towards different adoption incentives may provide researchers, policy-makers, and industry 

stakeholders with valuable information related to the implementation of policies and strategies 

aimed at promoting the adoption of new technology in agriculture.  

1.2 Research Objectives 

This research uses the adoption of blockchains in Ontario’s agricultural industry as an 

example to examine what incentives drive the adoption of new technology in Ontario’s agri-food 

sector. The specific objectives of this research are to: 

(1) elicit agricultural producers’ relative valuation of adoption incentives that may 

promote the diffusion of blockchains in Ontario’s agricultural sector 

(2) examine the effect of access to information and risk attitudes on producers’ 

preferences for different technology adoption incentives 

Blockchains are digital databases that introduce a new method of accounting for value 

transfers in a secure and permanent way without the need for third-party intermediaries. The 

literature on the economics of blockchains describes the technology as a transparent ledger that 

can allow individuals, institutions, and governments to digitally exchange goods and information 

(Yermack, 2017; Abadi and Brunnermeier, 2018). Studies also suggest that blockchains may be 

used to digitally automate transactions between parties, thus reducing the transaction costs and 

information asymmetries that characterize the exchange of value (Davidson, de Filippi and Potts, 

2016). In a review of the applications of the technology, Bailis et al. (2016, p. 7) posit that 

“blockchains may give way to a new economy in which markets approach total decentralization 
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and the economic rents currently extracted by third-party-intermediaries are minimized, if not 

eliminated.”  

In agriculture, researchers note that blockchains may have implications for enhancing 

food traceability and improving the transparency of agri-food supply chains (FAO, 2017; Kim 

and Laskowski, 2018). The adoption of blockchains offers opportunities to primary producers to 

manage and store valuable agricultural data, share information about the production of food with 

business partners and consumers, and meet international trading and verification requirements 

(Ganne, 2018; Lucena et al., 2018; Ge et al., 2017). For example, (Tse et al., 2017, p. 4) note that 

“blockchains can help governments and food firms track, monitor and audit the food supply 

chain and assist manufacturers in recording information for the purposing of verifying the 

authenticity, safety and quality of agricultural goods.” Additionally, in response to growing 

demand for enhancements in product traceability, food safety, and food quality, industry 

stakeholders in Canada are calling for research on how blockchains can be used by producers, 

distributors, and retailers across the country (AAFC, 2017; Statistics Canada, 2016). As 

blockchains have only recently been introduced to the agricultural sector, producers’ knowledge 

of the technology may be limited, thus suggesting that risk attitudes and access to information 

may play a role in farmers’ propensity to adopt and may influence their preferences for different 

adoption incentives. 

This study uses a Best-Worst Scaling (BWS) method, introduced by Louviere and 

Woodworth (1990), to elicit producers’ individual preferences for various incentives that may 

drive the adoption of blockchains in Ontario’s agri-food sector. The BWS method allows one to 

observe what incentives are most important to producers. BWS experiments also provide 

information on the relative importance of adoption incentives in order to examine the degree to 

which certain incentives are preferred over others. This information may then enable policy-

makers to target efforts on promoting the specific adoption incentives that may be most effective 

in encouraging the uptake of blockchains. This research then examines how producers’ risk 

attitudes and access to information influence individual preferences towards different adoption 

incentives. A survey of Ontario farmers is conducted to (1) elicit the relative importance of nine 

different incentives for blockchain technology adoption, (2) determine how risk attitudes 

influence producers’ preferences for different incentives of adoption and (3) examine how the 
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use of different information sources, and the frequency with which producers communicate with 

sources of information, are related to producers’ preferences for different incentives of adoption. 

1.3 Contribution of the Study 

The main contribution of this study is the provision of a detailed review of the incentives 

that may drive the adoption of blockchains in Ontario’s agri-food sector. More specifically, this 

research examines how access to information and risk attitudes influence producers’ preferences 

for different technology adoption incentives. As noted in section 1.1, most adoption studies focus 

on the factors that are correlated with the adoption of new technology rather than identifying 

how specific farm and farmer characteristics influence the relative importance of adoption 

incentives. This has resulted in a gap in the literature on how specific farm and farmer 

characteristics influence producers’ preferences towards the incentives that may encourage the 

adoption of new technology. This research addresses this gap by providing an analysis of how 

individual risk attitudes and access to information influence Ontario farmers’ preferences for 

different incentives that may drive the uptake of blockchains in agriculture. The specific 

contributions of this study include (1) determine the incentives that may drive the adoption of 

blockchains in Ontario’s agri-food sector, (2) assess the degree to which certain adoption 

incentives are preferred over others, (3) examine how behavioural characteristics of farmers 

(including risk attitudes and access to information) influence preferences towards different 

incentives of adoption, (4) address public sector demand for research on how blockchains can be 

used in agriculture and what factors may drive diffusion, and (5) provide information on the 

barriers that may discourage Ontario farmers from adopting blockchains. 

1.4 Chapter Outline 

This thesis is organized in the following manner. Chapter Two provides a brief overview 

of the Canadian agricultural industry with a focus on the role that technology has played in 

increasing the productivity and competitiveness of agribusinesses across the country. Chapter 

Two also discusses some of the challenges that producers in the industry are facing and how 

blockchains may be used to address some of these challenges. Chapter Three provides a 

literature review on how risk attitudes and information influence technology adoption. Chapter 

Three also includes a literature review on the economics of blockchains, as well as a general 
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overview of technology adoption in agriculture. Chapter Four includes a conceptual framework 

for this research in which the effect of risk and information on technology adoption is examined. 

Chapter Five discusses the data collection methods and a description of the variables used in this 

study. Chapter Six provides an empirical framework of Best-Worst Scaling and other methods 

used in this research. Chapter Seven presents the results of the empirical framework, and Chapter 

Eight briefly discusses the implications of the results and the limitations of the study, and 

provides suggestions for future research. 
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2 Background 

2.1 Introduction 

This chapter provides a background on the potential applications of blockchains in 

agriculture. First, a brief overview of the Canadian agricultural industry is provided in which 

current issues facing agricultural producers are discussed. Second, a discussion on how 

producers across Canada are utilizing new technology to address challenges in the industry is 

provided. Third, an overview of blockchains is provided in which current applications and 

potential barriers to adoption are presented. Lastly, this chapter discusses the current demand for 

blockchains in Canadian agriculture. 

2.2 Technology Adoption in Canada’s Agricultural Industry 

The agricultural industry is a key contributor to the Canadian economy. Canada is the 5th 

largest agricultural exporter in the world, with the industry employing over 2.1 million Canadians 

and contributing over $100 billion (CAD) annually to Canada’s GDP (AAFC, 2017). Agricultural 

production in Canada is highly heterogeneous as the industry consists of a wide variety of 

agricultural producers that differ in size and production. Farms in Canada range from grains, 

oilseeds, red meat and pulses, to dairy, poultry, and egg products, with an almost equal share of 

crop and livestock products (Agriculture Institute of Canada, 2017). In a review of the Canadian 

agricultural industry, Agriculture and Agri-Food Canada (2017, p. 7) describes the agri-food 

system in Canada as “a complex and integrated supply chain that includes input and service 

suppliers, primary agricultural producers, food and beverage processors, food retailers and 

wholesalers and foodservice providers. The activities along this supply chain generate significant 

economic benefits at both the national and provincial levels.” 

To remain competitive in domestic and international markets, Canadian producers have 

continued to adopt technology in order to meet consumer demand for food, gain access to new 

markets, improve farm productivity, and ensure the environmental sustainability of agricultural 

production. In its “Growing Opportunity Through Innovation” report, Statistics Canada (2016) 

describes farming in Canada as an increasingly complex business and notes that as the industry 

continues to evolve, the adoption of new technology is allowing farms to exploit new revenue 
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streams and cut costs. Statistics Canada (2016) also finds that farmers are constantly innovating 

and are increasingly using data, technology, and equipment to improve the profitability and 

efficiency of their operations. Data-driven technology such as radio frequency identification 

(RFID), precision agriculture equipment, and agricultural software systems are being implemented 

in farming operations across the country. This technology is allowing producers to create 

efficiency, achieve scale, and minimize costs. For example, Global Positioning Software (GPS) 

enables farmers in Canada to identify unproductive areas of land in order to optimize the use of 

agricultural inputs such as fertilizers, pesticides, and seed (Canadian Committee on Agriculture 

and Agri-Food, 2013). Similarly, the Agricultural Institute of Canada (2017) notes that innovation 

in the agricultural industry is a key driver of economic and productivity growth that enables greater 

competitiveness and provides new opportunities to meet food security and sustainability goals in 

Canada and around the world. They posit that innovation in agriculture, such as the introduction 

of information and communication technology (ICT), genomics, enhanced crop varieties, and new 

farm machinery, have significantly contributed to the transformation of Canadian agriculture over 

the last 50 years. 

The adoption and use of new technology in Canadian agriculture are also well 

documented in the agricultural economics literature. Many studies cite the important role that 

technology plays in improving the profitability, productivity, and competitiveness of Canadian 

agribusinesses (Firk et al., 2002; Ferguson and Olfert, 2016). For example, Sabuhoro and 

Wunsch (2003) examine the adoption patterns of novel technology in Canadian agriculture and 

find that the diffusion of new innovations can improve farm productivity. They find that the 

adoption of computers improves decision making on the farm and enhances productivity levels 

by providing farmers with access to valuable data such as forecasted input prices and demand 

conditions. Awada et al. (2015) examine the economic impacts of technology adoption in 

Canada and find that the adoption of zero tillage farming results in higher crop yields and 

increased farm profitability. More recently, Mitchell, Weersink and Erickson (2017) reviewed 

the uptake of precision agriculture equipment in Ontario and noted that net benefits of 

technology adoption can be realized through increased returns from either lower input use or 

higher yields. The authors also noted that the net benefits associated with technology adoption 



9 

 

 

have contributed to a growing demand for data and information related to agricultural 

technology. 

The adoption of technology is also identified as a key driver of future growth in Canadian 

agriculture. Agriculture and Agri-Food Canada (2017) notes that the future of Canadian agriculture 

depends on the ability of the industry to research and support new innovations through the pre-

commercialization process and assist farms in successfully adopting new technology. They suggest 

that the primary driver of growth and prosperity in Canadian agriculture will be the adoption of 

new technology that contribute to a more productive and profitable sector while meeting consumer 

demand for products that match health, environmental, and social expectations. In its “Unleashing 

the Growth Potential of Key Sectors” report, the Canadian Advisory Council on Economic Growth 

(2018) identifies the agricultural industry as a key sector capable of driving economic growth 

across the country. They note that, given Canada’s large endowment in natural resources, strong 

accomplishments in research, and large entrepreneurial and corporate base, the agricultural 

industry has great potential to drive economic growth and development across the country. Some 

of the advantages of Canada’s agricultural sector outlined in the report include trusted food safety, 

resource availability, arable land position, and strong research clusters. However, a lack of 

technological advancement is limiting the potential growth of the agricultural sector. Noting that 

growth in Canada has been driven primarily by advances in technology that have improved 

productivity, the Canadian Advisory Council on Economic Growth (2018) suggests that 

agribusinesses across the country need to continue innovating and adopting new technology. They 

note that the future economic growth of Canada’s agricultural industry will rely heavily on 

investments in researching and introducing new technology and innovations. 

In a global context, the Food and Agriculture Organization of the United Nations (2019) 

proposes that producers around the world must continue adopting new technology and digital 

solutions in order to address the economic, environmental, and social issues that characterize 

modern food markets. Data and information and communications technology (ICT) are fueling 

new ideas for new agricultural products and production methods and are advancing the 

transnational flow of trade, capital, and ideas. Noting that disruptions caused by digital technology 

generally lead to quick productivity gains in agriculture, the FAO (2019) suggests that agri-food 
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firms and primary producers should continue adopting new technology as a means of enhancing 

productivity and improving competitiveness. 

2.3 Current Issues in Canadian Agriculture 

The Canadian agricultural industry currently faces many challenges related to the 

production, distribution, and consumption of agricultural commodities. Two major challenges 

facing producers include meeting dynamic consumer demand for food and mitigating risks in 

complex agri-food supply chains (AAFC, 2017; Statistics Canada, 2016).  

2.3.1 Dynamic Consumer Demand for Food 

The literature on consumer demand for food shows that consumers are increasing their 

demand for product traceability, food safety, and quality assurances. Agriculture and Agri-Food 

Canada (2017) notes that tastes and preferences for agricultural products have undergone 

substantial changes both in Canada and around the world. Furthermore, understanding consumer 

demand for food and agricultural goods is a top priority for producers across Canada as it can have  

direct impacts on the methods used to produce, distribute, and market food products. Davis et al. 

(2016) provide an overview of global food security and highlight the impact that changing 

consumer preferences can have on agricultural producers. They note that meeting dynamic 

consumer demand for food requires producers to educate themselves on market trends and to adjust 

production, management, and marketing practices accordingly. The authors suggest that 

understanding consumer preferences for food is an important consideration for producers as 

demand for agricultural goods can influence farming decisions including how and what to produce.  

Demand for food is constantly changing, and consumers in Canada are increasing their 

demand for a variety of credence attributes associated with agricultural products, including 

demanding more local, environmentally sustainable, and organic products (Agriculture and Agri-

Food Canada, 2017). Consumers are also calling for greater transparency and information 

pertaining to the production of food. West (2017) finds that consumers are increasing their demand 

for information on where food has been grown as well as on how products have been processed 

and distributed. He notes that considering changes in demand is important in establishing 

consumer trust around food safety and quality and that the ability to guarantee the provenance of 
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food is critical for agribusinesses. Trienekens et al. (2012) provide a detailed overview of global 

food supply chains and discuss challenges facing producers that stem from dynamic consumer 

demand for food. The authors note that consumers are demanding guarantees for food 

characteristics and are calling for enhancements in product traceability. Providing additional 

challenges to producers are regulations set by federal and international organizations regarding the 

production and distribution of agricultural commodities (FAO, 2019). Trienekens et al. (2012) find 

that as market demand for food is becoming more heterogeneous, more market-oriented solutions 

need to be implemented in agriculture to ensure these demands are being met. The FAO (2017) 

adds that consumers have poor transparency of where and how their food has been produced and 

are calling for firms to improve their ability to validate and communicate information about the 

provenance, quality, and safety of agricultural goods.  

Dynamic consumer demand for food presents issues to Canadian producers by requiring 

them to make changes to production and distribution methods. In a report on Canadian food supply 

chains, the Canadian Committee on Agriculture and Agri-Food (2013) notes that these changes 

can negatively impact Canadian farms by introducing additional costs, reducing inventory 

turnover, and requiring additional investments in technology. However, firms that can address 

these issues may benefit from being first-to-market movers in providing safe, high-quality food. 

Research shows that commercial and retail consumers are willing to pay premiums for food with 

certain credence attributes as well as food that adheres to high safety and quality standards 

including product traceability (Hobbs, Bailey and Dickinson, 2006; Magnusson and Cranfield, 

2005; Choe et al., 2009). 

2.3.2 Complex Agri-Food Supply Chains 

Recent changes in consumer demand for food, in tandem with product proliferation and 

dynamic regulatory environments, have also resulted in an increase in the complexity of global 

food supply chains. Issues arising from complex supply chains include a lack of consumer trust in 

food production, logistics issues in the exchange of goods and information, and a lack of 

transparency in food value chains.  

The Canadian Committee on Agriculture and Agri-Food (2013) describe the Canadian agri-

food supply chain as a dynamic system that involves numerous stakeholders that support the 
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production, distribution, and marketing of agricultural products. The FAO (2017) furthers this 

definition by describing agricultural supply chains as complex systems that consist of several 

stakeholders with various interests and responsibilities. They note that some of the issues 

stemming from the complexity of food supply chains include inefficient and expensive 

agribusiness transactions, a lack of product transparency, a high proportion of disjointed manual 

work, and a lack of coordination between firms at various stages of the supply chain. They also 

find that agri-food supply chains are inherently risky as the production of food depends largely on 

difficult-to-control factors such as input and output prices, climate conditions, and the availability 

of skilled labour. Figure 2.1 below presents an example of a modern food supply chain. 

 

Figure 2.1: The Complex Food Supply Chain 

Source: Haveson, Lau and Wong (2017) 

 As seen in figure 2.1, agri-food supply chains consist of different participants who are each 

responsible for distinct processes that add value to the production and distribution of agricultural 

commodities. The literature on the structure and function of agricultural supply chains show that 

the ability of agri-food firms to share information and communicate with one another is an 

important determinant of food safety, quality, and product traceability (Canadian Committee on 

Agriculture and Agri-Food, 2013; World Bank, 2002; FAO, 2019). For example, in an overview 

of agri-food value chains, Boehilje, Hofing and Schroeder (1999) state that a critical element in 

the supply chain is the communication of information between participants. They note that, rather 
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than retaining critical information, firms should promote an open environment in which 

information about food production can be easily shared and verified throughout the entire value 

chain. West (2017) later notes that food supply chains are an important component of agricultural 

industries as they provide the infrastructure that supports the movement of products and 

information between industry stakeholders. He notes that transactions in agribusinesses are 

contingent on information content and quality at various stages of the supply chain and that the 

exchange of both information and physical goods is an important consideration for all 

stakeholders.  

The dissemination of information throughout food supply chains is a primary driver of 

quality assurance, food safety, and product traceability. Firms unable to propagate relevant data to 

appropriate stakeholders may be unable to provide customers with assurances surrounding the 

quality or safety of their goods (Ge et al., 2017). Furthermore, agri-food systems that do not 

provide infrastructure to support communication and data sharing between firms are likely to be 

unable to effectively and accurately trace food as it moves between different stages in the supply 

chain (Boehilje, Hofing and Schroeder, 1999). 

Trienekens et al. (2012) find that agri-food firms are currently unable to effectively share 

information and trace products through food value chains in a coordinated fashion. The authors 

claim that no solution currently exists that can enhance the traceability and transparency of 

agricultural production across large commodity chains. Furthermore, they note that a lack of 

transparency in food supply chains has resulted in issues such as a lack of consumer trust in food 

production, food safety concerns, and improper labelling of food products. Similarly, in a review 

of the supply chain for Brazilian grain, Lucena et al. (2018) find that food supply chains are disjoint 

and that firms within the same chain are unable to share and communicate information and data 

with one another. They note that data generated by supply chain activity is generally recorded and 

maintained individually by each actor, resulting in a lack of coordination between firms.  

The inability to disseminate information throughout agri-food supply chains can have 

implications for agribusinesses. In a review of food traceability systems, Golan et al. (2004) posit 

that firms that are unable to verify the safety and quality of their products may experience 

reductions in consumer demand that may translate to reductions in profitability and market share. 
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Schroeder and Tonsor (2006) later note that global standards for food traceability, safety, and 

quality are constantly changing and are requiring firms to innovate in order to be able to verify 

compliance with federal and international regulations. They find that firms unable to effectively 

trace products throughout food supply chains may jeopardize large contracts with commercial 

buyers or be unable to distribute and market their products in international markets. 

Although the lack of transparency in agri-food supply chains has resulted in issues related 

to food quality, food safety, and consumer trust in food production, firms can benefit by adopting 

new technology and business practices that allow for the efficient flow of information and goods. 

The FAO (2017) notes that although food systems are becoming more complex, capital intensive, 

and vertically integrated, firms and industries can generate growth by strengthening the linkages 

between farmers, markets and consumers. Similarly, Trienekens et al. (2012) state that increasing 

the exchange of information about the characteristics of agricultural products between stakeholders 

in food supply chains is of eminent importance to ensure the safety and quality of food. By 

introducing transparency and information sharing systems, companies can improve their brand 

image by meeting the demands of both commercial and retail customers and complying to 

domestic and international regulations (FAO, 2017). In Canada, policy-makers state that more 

cooperation between agribusiness is required to enhance the transparency of food supply chains 

and that greater collaboration can benefit all industry stakeholders including business partners and 

consumers (Canadian Committee on Agriculture and Agri-Food, 2013). 

Several organizations in Canada emphasize the importance of mitigating issues in food 

supply chains. Sparling and Thompson (2011) note that further investment in new technology is 

required to encourage collaboration between firms and enhance the competitiveness of Canadian 

agri-food supply chains. The Canadian Committee on Agriculture and Agri-Food (2013) later 

highlights the importance of research and innovation and notes that increased research into supply 

chain transparency solutions can significantly contribute to the success of Canada’s agricultural 

sector. More recently, Agriculture and Agri-Food Canada (2017) recommended that 

agribusinesses in Canada continue addressing issues related to supply chain transparency and 

dynamic consumer demand for food through the adoption of new technology. 
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2.4 Blockchains in the Agriculture and Food Industry 

2.4.1 Overview of Blockchains 

As agricultural producers across Canada continue to face challenges related to meeting 

consumer demand for food and mitigating supply chain risk, policy-makers and organizations are 

increasingly advocating for the adoption of new technology. Blockchains are of interest to agri-

food stakeholders as they may promise potential improvements in food traceability, food safety, 

and supply chain transparency (FAO, 2017, 2019). 

Blockchains, originally introduced to support digital currencies, have garnered 

considerable attention in agriculture. Blockchains are digital ledgers that can record data and 

information about the production and distribution of food as well as automate labour-intensive 

business processes in agriculture, such as the trade of agricultural commodities (FAO, 2019).  

As noted in section 2.3.2, the current infrastructure in agriculture does not allow for 

information and data to be collected and shared in a secure and traceable manner throughout agri-

food supply chains. Data generated from supply chain activities are typically recorded and 

maintained by individual actors using paper-based or firm-specific methods of recording 

information (Lucena et al., 2018). Currently, information about the production, transportation, and 

distribution of food is not effectively shared between industry stakeholders, and firms are generally 

privy only to the information involving themselves (Lin et al., 2017; Ge et al., 2017). This has 

resulted in only a small portion of data being shared and distributed throughout the entire food 

supply chain and introduces additional issues to producers and agri-food firms, such as a lack of 

consumer trust in food production, an inability to verify product quality and characteristics (e.g., 

organic, local), logistical inefficiencies, and food safety issues (Trienekens et al., 2012). 

In agricultural settings, blockchains can provide producers with a way of storing and 

managing agricultural data that can be securely distributed throughout the supply chain so that 

relevant stakeholders have access to relevant data (Ge et al., 2017). Data generated by existing 

farming technology such as RFID, robotic equipment, and precision agriculture equipment can be 

stored in a secure and permanent way using blockchains (RCS Global, 2017). This information 

can include any data generated using existing technology on the farm, including crop yields, soil 

quality, animal health, weather, product quality, and production data. Using blockchains, 



16 

 

 

agricultural data and information can be shared throughout the agri-food system to improve the 

transparency of agricultural supply chains and allow primary producers to validate and disseminate 

information about the production of food (Ge et al., 2017). 

Blockchains are also being applied in agriculture to automate inefficient and labour-

intensive business processes through the implementation of smart contracts. The introduction of 

blockchains revived the concept of smart contracts originally presented by Szabo (1994). Szabo 

(1994) describes smart contracts as autonomously executing contracts that can digitally facilitate, 

verify, and record business transactions. In agricultural settings, blockchains can support smart 

contracts to automate business processes and contracts related to product traceability, 

international trade, food safety, and quality verification (FAO, 2019). For example, Kim and 

Laskowski (2018) report that smart contracts are beginning to be used by producers to automate 

the sale of agricultural goods. Smart contacts allow buyers and sellers to trade in a peer-to-peer 

environment that removes the need for third-party intermediaries that often introduce 

inefficiencies in agribusiness, such as high transaction costs. The FAO (2017) also describes 

smart contracts as useful applications that can reduce costs in labour-intensive agribusiness 

processes such as trade. 

Although only recently introduced, blockchains are increasingly being applied in 

agriculture to solve issues related to food safety, supply chain transparency, data management, and 

international trade. The following section provides a review of blockchain applications in the 

agricultural industry. 

2.4.2 Current Applications of Blockchains in Agriculture 

As outlined in the section above, blockchains are able to automate business transactions 

in agriculture by using smart contracts to digitally facilitate, enforce, and record contracts 

between firms in the agri-food industry. AgriDigital (2017), an Australian commodity brokerage, 

has built a blockchain-based platform to reduce the inefficiencies in the trade of agricultural 

commodities. In a report published in 2017, the organization finds that agribusiness transactions 

are outdated and inefficient as many firms continue to use paper-based systems or spreadsheets 

that provide little to no security for producers when looking for means of recourse in the event of 

contractual disputes between trading partners. They also note that outdated business processes in 
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the agri-food industry have led to firms being unable to effectively verify the safety and 

authenticity of agricultural goods. These inefficiencies, in tandem with increased global demand 

for food traceability, have led firms to seek out data-rich, digital solutions to help preserve or 

attract premiums, protect against counterfeit goods, provide food security, and verify the 

provenance of food products. To address the concerns of commodity traders, the organization 

introduced a blockchain-based solution that allows buyers and sellers to engage in transactions 

directly with one another, thus removing the need for costly intermediaries. Working with 

producers directly, the organization successfully generated digital title to a shipment of grain and 

executed the payment and the transfer of ownership of the commodity using smart contracts.  

Ganne (2018) highlights the potential for blockchains to digitize and automate trade 

finance processes in the agricultural industry. The author emphasizes the role that blockchains 

can play in transitioning paper-based documentation processes onto digital platforms. He notes 

that there is a multitude of documents that must be submitted in the context of international 

trade, including documents related to trade financing such as letters of credit, transport 

documents, and documents for border procedures (figure 2.2). The author notes that blockchains 

can be used to automate the documentation involved in trade by allowing buyers and sellers to 

digitally and instantaneously provide the appropriate certificates required for the international 

trade of agricultural commodities. Noting that the World Economic Forum estimates that the 

implementation of blockchains in international logistics can result in an additional $1 trillion 

(USD) new trade in the next decade, Ganne (2018) posits that blockchains can reduce trading 

costs by 15 to 30 percent.  
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Figure 2.2: Typical International Trade Documents 

Source: Ganne (2018) 

The introduction of blockchains in international trade can benefit commodity traders and 

producers by providing industry stakeholders with a way to verify the authenticity of their 

products, including proving that goods adhere to international food safety and quality standards. 

Blockchains also allow for inefficient and outdated trade processes, such as the issuing of trade 

documentation, to be digitally automated, thus removing the need for third-party intermediaries 

that often introduce high transaction costs into agribusiness transactions. The FAO (2017, p. 18) 

states that “by facilitating domestic and international trade through efficient and transparent 

agricultural supply chains, blockchains and smart contracts make substantial contributions to 

improve trade facilitation: they provide a more efficient and effective institutional infrastructure 

for transactions in agricultural supply chains, enhance traceability and transparency for food 

safety and quality and improve market transparency.”  

Another application of blockchains in agriculture is the ability for farmers and 

agribusinesses to access production data that can help guide farm business decisions and verify 

product characteristics. The FAO (2017) describes blockchains as databases that contain 

transactional data linked together in a sequential way. They note that data entered and stored on a 

blockchain is recorded with a timestamp and a unique cryptographic fingerprint called a hash. 

Hashes are linked to one another and stored securely, making it difficult to modify, reverse, or 
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delete a data entry without affecting all other data it is linked to. Therefore, blockchains provide 

users with a way of securely storing data that ensures information is accurate and tamper-proof.  

In response to issues related to the accuracy of agricultural data, agribusinesses have 

started using blockchains to generate and store data related to the production, distribution, and 

sale of agricultural products. In their report, “Blockchain for Agriculture and Food,” researchers 

at Wageningen University outline the benefits of implementing blockchains in agri-food value 

chains (Ge et al., 2017). By piloting the use of blockchains, for the purposes of better 

understanding how they can be used to track the origin and movement of agricultural goods as 

they move through the supply chain, the authors note that the technology may be used to 

improve trust in the distribution of data and information throughout the agri-food system. As 

noted in section 2.3.2, agribusinesses are unable to effectively generate and share information 

with business partners and customers, thus resulting in issues related to consumer trust in food 

production, food safety and food fraud (Trienekens et al., 2012; Davis et al., 2016; Ge and 

Brewster, 2016). In order to test the efficacy of blockchains in generating accurate data, Ge et al. 

(2017) use blockchains to record, store, and share data generated from a shipment of grapes from 

South Africa to Europe. The authors find that data generated from each stage in the supply chain 

can be stored securely and can be instantaneously verified without the need for third-party 

auditors. The authors conclude their report by noting that blockchains can successfully provide 

relevant data to relevant participants, maintain business confidentiality in agribusiness 

transactions, and effectively propagate data between participants.  

Lin et al. (2017) emphasize the impact that blockchains can have in improving the 

sustainability of farming operations through improved data management. The authors note that 

the majority of environmental monitoring data in agriculture is stored in databases managed by 

third-party administrators and that the use of intermediaries often reduces the accuracy of data 

available to producers, consumers and other industry stakeholders. The authors provide a 

conceptual model of how blockchains can be implemented on farms to give ownership of 

production data back to the farmer and to enhance his/her ability to generate, retain, and analyze 

data in order to reduce the environmental impact of their farm. In their conceptual model, the 

authors posit that blockchains can be implemented into existing IT infrastructure on farms to 
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provide accurate and secure records of input use (e.g., water, land, fertilizer), animal health, and 

environmental data such as carbon emissions.  

Farmers and agribusinesses can use blockchains to generate data that can be stored in a 

secure, permanent, and immutable way, thus ensuring that data records are accurate and tamper-

proof. This can allow producers to analyze data and information related to crop yields, input use, 

farm profitability, product quality, and more. Providing producers with access to valuable 

farming data can help guide farm business decisions, optimize input use, improve farm 

profitability, and minimize farming costs (Wratt et al., 2006). For example, Fountas et al. (2006) 

find that advancements in technology allow farmers to acquire a vast amount of production data 

in order to reduce uncertainty in decision-making. The authors also note that issues related to 

farming data are not a result of a lack of data, but rather a result of the inability for producers to 

access accurate information. 

Lastly, as noted in section 2.3.1, consumer preferences for food are rapidly changing, and 

retail and commercial customers are increasingly demanding improvements in food traceability, 

food safety, and food quality (FAO, 2017; Trienekens, 2012). In response to changes in 

preferences for agricultural goods, many organizations across the globe have adopted 

blockchains to improve the transparency of agri-food supply chains and meet the demand for 

traceable food.  

In their report, “A Case Study for Grain Quality Tacking based on a Blockchain Business 

Network,” Lucena et al. (2018) provide an overview on how agribusinesses in Brazil’s grain 

industry are using blockchains to enhance cooperation within food supply chains. The authors 

note that the supply chain for Brazilian grain consists primarily of binary relationships that result 

in a lack of coordination between firms. They also note that agribusinesses are unable to 

effectively share information, standardize best practices, and coordinate business efforts, 

therefore inhibiting a firms’ ability to verify the quality and safety of agricultural commodities. 

This can also increase the time and costs associated with tracing products throughout the supply 

chain. By using blockchains, organizations were able to share transactional data with one 

another, thus reducing disputes and information asymmetries between business partners and 

consequently improving the governance of the value chain. The dissemination of information 
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between stakeholders also improved the traceability of agricultural commodities throughout the 

supply chain. This allowed Brazilian grain businesses to access international markets, meet 

federal and international trading regulations, meet consumer demand for traceable food, and 

collect buyer premiums associated with the verification of food safety and quality. 

Staples et al. (2017) provide a similar review of how blockchains can be used to enhance 

the transparency of agri-food supply chains. They note that in manufacturing and agricultural 

industries, supply chains are critical in the movement of products between buyers and sellers and 

that the ability to effectively and accurately trace products throughout supply chains is critical for 

agribusinesses. The authors emphasize the importance of transparency in agriculture, as the 

ability to verify where ingredients are produced, processed, and distributed are important in 

establishing consumer confidence in food safety and quality. The authors also reinforce the 

findings of Golan et al. (2004) who find that the ability to trace food through the supply chain 

can promise improvements in brand equity that may translate to increased profitability and 

increased market share. Noting that agribusinesses such as AgriDigital, Grain Discovery, and 

Cargill have begun using blockchains, the authors find that there is a demand for greater 

transparency in agricultural supply chains and that blockchains may allow firms to meet this 

demand. They conclude that blockchains are expected to help integrate relationships in 

agriculture, thus enhancing the integrity and auditability of asset movements in food value 

chains. 

Lastly, Kim and Laskowski (2018) emphasize the application of blockchains in the 

developing world. They note that agricultural producers in developing countries face unique 

problems distinct from some of those found in developed countries, including inadequate access 

to markets and financing, severe climatic conditions, and exploitative business practices from 

buyers. The authors find that blockchains can provide supply chain participants with access to 

trusted information regarding food provenance. This may reduce the time it takes to trace 

contaminated food, therefore stemming public health outbreaks and potentially saving lives. 

They also note that increasing the traceability and transparency of food production can have 

additional benefits including helping farmers in retaining a higher percentage of farm revenues, 

gain access to financing and credit opportunities, and improve decision making through the 

collection of valuable agricultural data. The authors generalize the benefits of blockchains and 
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note that they can create greater customer intimacy between the consumer and the producer, and 

that greater transparency leads to both social and economic benefits through improved food 

safety and a more robust agricultural system. 

The applications discussed above demonstrate that agribusiness around the world are 

using new technology as they continue to look for new ways to cut costs, increase consumer trust 

in food production, and improve decision making on the farm. It should be noted that the 

examples provided above account for only a small portion of current blockchain applications in 

agriculture. Examples of blockchain applications in agriculture, along with a review of the 

blockchain literature, are provided in the appendix. Additionally, section 3.5 in the following 

chapter provides a literature review on the economics of blockchains. 

2.4.3 Barriers to Adoption 

The FAO (2017) notes that blockchains have the potential to transform the global food 

system by introducing important efficiency gains along value chains, improving trust, 

transparency and traceability in the agri-food system, and guiding farm business decisions 

through enhanced access to production data. However, as farmers in Canada and across the globe 

continue innovating to improve productivity, reduce costs, and increase revenues, it is becoming 

increasingly important to examine what factors may limit the uptake of novel technology. 

Because blockchains have only been recently implemented in the agri-food sector, identifying 

the barriers to adoption is paramount in understanding the channels and methods through which 

diffusion will occur.  

Although agricultural producers are increasingly adopting new technology and 

production practices, farming remains one of the least-digitized industries (Lin et al., 2017). In a 

study measuring technology adoption and usage across 22 industries globally, McKinsey and Co. 

(2015) find that, despite being both capital and labour intensive, the agricultural industry ranks 

last in terms of technological advancement and that in an increasingly digital world, farmers are 

being left behind. Agricultural producers are faced with a number of barriers that may discourage 

the adoption of new technology, including informational, financial, and regulatory constraints. 

Goldfarb (2002) notes that barriers are often a strong determinant of technology adoption 

patterns, especially when the analysis is conducted ex-ante. He notes that both technology and 
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firms are heterogeneous in the barriers that may hinder adoption and that research on novel 

technology must consider potential barriers to adoption. Some of the barriers that may prevent 

the diffusion of blockchains in agriculture are presented below. 

Most barriers to adoption associated with blockchains are primarily related to the novelty 

and latency of the technology. Research on blockchains indicates that the main barriers to 

adoption include interoperability with legacy systems, a lack of research and education, legal 

issues, and uncertainty of costs (Ge et al., 2017; Cong and He, 2018; Staples et al., 2017). 

Understanding the barriers to adoption is especially important in the case of blockchains as the 

majority of blockchain applications in agriculture require willing participation by multiple firms. 

For example, Kim and Laskowski (2018) note that for blockchains to be effective in agriculture, 

there must be willing coordination and participation between agribusinesses and that benefits 

may only be realized if a business network contains several willing participants that are open to 

creating a culture of collaboration. Lucena et al. (2018) add that for agribusinesses to benefit 

from the implementation of blockchains, firms in food supply chains must collaborate effectively 

and establish a set of rules to govern business relationships.  

Ge et al. (2017) find that there is a large base of legacy systems which blockchains would 

need to communicate with. As blockchains can be enabled with existing technology in 

agriculture such as RFID, robotic equipment, and machinery, new blockchain-based solutions 

must be able to operate in tandem with these existing systems. Staples et al. (2017) note that 

interoperability has been a challenge when new technology are introduced in agriculture. They 

find that the design of blockchain systems must enable the coordination of information exchange 

across products, firms, and existing technology and that failing to address this issue may result in 

low adoption rates. 

Lack of awareness is another barrier to adoption that may discourage the diffusion of 

blockchains in agriculture. In agricultural economics literature, awareness of technology is often 

cited as an important factor influencing adoption rates (Simtowe et al., 2012). For example, 

Adegbola and Gardebroek (2007) note that while innovations in agriculture may promise 

improvements in farm productivity, farmers who are unaware about the benefits associated with 

specific technology cannot make an informed decision to adopt. Regarding the adoption of 
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blockchains in agriculture, although researchers state that blockchains can solve many issues in 

modern food markets, further research is needed to fully understand the benefits of blockchains 

and how can they be implemented into current farming operations. Woodside, Augustine Jr. and 

Giberson (2017) state that while interest is high, the majority of blockchain implementations are 

in the beginning-stages due to significant technical and acceptance challenges hindering 

adoption. Ge et al. (2017) similarly note that there is a general lack of research and concrete 

evidence regarding the applications of blockchains, and thus many users remain unaware and/or 

uneducated about their benefits.  

There is also a high degree of uncertainty regarding the financial costs and benefits 

associated with the adoption of blockchains. Agriculture is a capital-intensive industry and 

producers must closely consider the financial costs associated with adopting new technology 

(Kim and Laskowski, 2018). Research on the cost of blockchains is conflicting. Ganne (2018) 

and Woodside, Augustine Jr. and Giberson (2017) suggest that the cost of adoption is low as 

blockchains do not require substantial investments in hardware. However, findings from the 

FAO (2019) and Gupta (2017) suggest that blockchains are likely to have high start-up costs and 

may result in additional maintenance costs. Additionally, Golan et al. (2004) find that producers 

are unclear about how improving traceability on the farm will translate to increased profitability. 

Implementing traceability systems, such as blockchains, requires producers to incur additional 

costs, however, farmers may not collect the premiums associated with providing traceable food. 

Enhanced traceability often benefits downstream agribusinesses such as food distributors and 

retailers but may not benefit primary producers (Sparling and Thompson, 2011). 

Although there remains uncertainty regarding the costs and benefits associated with 

adoption, research shows that blockchains may provide benefits to stakeholders at every stage of 

the supply chain. Blockchains promise improvements in food traceability, supply chain 

transparency, and data management, as well as reductions in logistical inefficiencies such as high 

transaction costs, information asymmetry, and contractual disputes between business partners 

(FAO, 2017; West, 2017; Kim and Laskowski, 2018). The FAO (2019) states that the fact that 

industry stakeholders continue to advocate for the implementation of blockchains in agriculture 

further strengthens the belief that the technology can provide significant benefits if key barriers 

to adoption are addressed.  



25 

 

 

2.4.4 Demand for Blockchains in Canadian Agriculture 

As one of the world’s largest producers and exporters of agricultural goods, Canada has 

demonstrated a strong interest in exploring the potential application of blockchains in the 

agricultural industry. In its “Canadian Agricultural Strategic Priorities Program” (CASSP) report, 

Agriculture and Agri-Food Canada (2018) notes that developing and testing blockchains for 

traceability, international trade, and certificate verification should be a priority for policy-makers 

and researchers. Farm Credit Canada (2018) suggests that blockchains can provide a way for 

primary producers to validate and certify that food production adheres to quality standards and 

that both farmers and consumers could be big winners with the adoption of blockchains. 

Additionally, in December 2018, the Canadian government launched a new funding competition 

through the Strategic Innovation Fund for national scale initiatives in automation and digital 

technology applications in the agricultural sector. The federal government promises to provide 

funding to private, public, and non-profit organizations to research and examine how data and 

digital technology can be introduced in agriculture. The program highlights blockchains as a 

topic of interest in addressing issues in Canadian agriculture related to trade, traceability, and 

data management (Innovation, Science and Economic Development Canada, 2018). In the 

context of Ontario’s agricultural industry, the Ontario Ministry of Agriculture, Food and Rural 

Affairs identifies blockchains as a topic of research interest related to enhancing sustainable 

production and improving public trust in agriculture and agri-food production (OMAFRA, 

2018). The organization also states that researching blockchains can help further investigate 

potential technology solutions for improving the traceability and transparency of agri-food 

supply chains across the province. 

2.5 Summary 

As the Canadian agricultural industry continues to evolve, producers are increasingly using 

data and technology to improve farm productivity, reduce costs, enhance competitiveness, and 

meet demand for agricultural goods. However, as agriculture becomes increasingly digitized and 

automated, in part due to the introduction of various technology, data from farming operations are 

being collected in high volumes but industry stakeholders have yet to implement solutions capable 

of using this data to producers’ benefit (Morota et al., 2018; Kamilaris et al., 2017). This has 

http://www.ic.gc.ca/eic/site/icgc.nsf/eng/home
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resulted in a lack of coordination in agri-food supply chains, thus presenting producers with 

challenges related to meeting consumer demand for food while remaining profitable, productive, 

and competitive. To address these challenges, industry stakeholders are increasingly advocating 

for the implementation of blockchains in Canadian agriculture to help farmers better manage 

farming data, improve food traceability, and reduce inefficiencies in agribusiness transactions. 

Blockchains can be used to generate valuable information that can not only help identify food 

safety issues and ensure food transparency but may also help guide business decisions on the farm 

(FAO, 2019). By improving the transparency of food supply chains and enhancing producers’ 

ability to share information with partners and customers, Canadian agri-food firms can better 

coordinate their efforts at different stages of the supply chain. This may result in benefits to 

producers such as enhanced profitability, reduced operating costs, and improvements in inventory 

management (Supply Chain Management Association of Canada, 2016). 
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3 Literature Review 

3.1 Introduction 

There is currently no economic literature available that specifically examines the 

adoption patterns and incentives of blockchains in the Ontario agricultural sector. However, 

several studies have been published examining the economic impacts and driving factors of 

technology adoption in agricultural settings. The following section provides an overview of 

technology adoption in the agricultural sector. First, a review of the impacts and drivers of 

technological change is discussed. Second, a review of the adoption literature discussing the role 

of information and risk attitudes in guiding producers’ adoption decisions is provided. Lastly, 

this chapter provides a review of the literature examining the economics of blockchains. 

3.2 Economic Impacts and Drivers of Technology Adoption in Agriculture 

3.2.1 Overview of Technology Adoption in Agriculture 

 The agricultural economics literature examining the driving factors and economic 

impacts of technology adoption is diffuse but largely unsynthesized. Feder and Umali (1993) 

define technology as a factor of production that can change the productivity level of firms by 

shifting the production function upwards, illustrating an increase in mean output, keeping the 

level of input(s) constant. An example of such a change in productivity due to a new technology 

is illustrated in figure 3.1. Rogers (2003) extends his work on the Diffusion of Innovation Theory 

and defines technology as the application of knowledge for practical purpose, which is generally 

used to improve the condition of the human and natural environment as well as carry out other 

socioeconomic activities. Loevinson, Sumberg and Diagne (2012) later define technology as the 

means and methods of producing goods and services, including methods of organization as well 

as physical technique.  
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Figure 3.1: New Technology Shifting the Production Function 

Source: Zheng (2013) 

Regarding the implementation and use of technology on the farm, Feder, Just and 

Zilberman (1985, p. 257) define technology adoption as “the degree of use of a new technology 

in long-run equilibrium where the farmer has full information about the new technology and its 

potential.” Hall and Khan (2003) later provide a distinction between the adoption and diffusion 

of new technology. They define the adoption process as an individual decision to obtain and use 

technology, whereas diffusion refers to the widespread adoption of new technology by multiple 

producers in an environment often characterized by varying degrees of uncertainty and imperfect 

information.  

 In a review of the adoption literature, Ruttan (2002) notes that there are two types of 

agricultural technology, mechanical technology and biological and chemical technology. 

Mechanical technology is generally labour-saving and designed to substitute power and 

machinery for labour. Examples of mechanical technology include agricultural machinery, 

information and communication technology (ICT), and precision agriculture (PA) equipment. 

Biological and chemical technology is generally land-saving and designed to substitute labour-

intensive production practices and industrial inputs for land. Examples of biological and 

chemical technology include fertilizers, pesticides, and new crop varieties. Advances in 

mechanical technology have been found to be a primary source of growth in labour productivity, 

whereas advancements in biological and chemical technology tend to lead to growth in land 

productivity.  
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The applications, impacts, and drivers of technology adoption in agriculture vary based 

on the capabilities of the technology, the characteristics of potential adopters, and an individuals’ 

intended purpose of adoption (Barnes et al., 2019). In a review of the adoption literature, 

Ugochukwu and Phillips (2018) note that the adoption and use of new technology can differ 

based on producers’ subjective perceptions of the costs and benefits of adoption. They also note 

that adoption rates can differ based on initial endowments in human capital including knowledge 

of available technology and prior adoption experience. The literature on technology adoption 

suggests that adoption patterns, incentives, and outcomes are conditional on a variety of factors, 

thus encouraging researchers to focus on adoption patterns by application rather than by industry, 

category, or product (Goldfarb, 2002). 

3.2.2 Economic Impacts and Drivers of Technology Adoption 

Feder and Umali (1993) note that the analysis of technology diffusion patterns has been 

given significant attention by researchers because such processes are an important determinant of 

economic growth. Forster and Rosenzweig (2010) later support this statement by suggesting that 

differences in technology adoption rates across countries account for major differences in per-

capita GDP. The authors posit that obtaining a better understanding of the constraints of adoption 

and input allocations is useful in understanding a major component of economic growth.  

Jin et al. (2002) provide a framework for studying the impact of technology on the 

production of rice, wheat, and maize in China between 1981 and 1995 and examine how the 

adoption of crop-specific technology impacts changes in province-wide productivity levels of 

Chinese crop producers. In their analysis, the authors control for factors such as public 

investment in R&D, farming methods, and weather patterns but find that the adoption of new 

technology accounts for the majority of increases in crop yields in China. The authors conclude 

their analysis by stating that the adoption of technology is a major engine of productivity growth 

and that further growth in agricultural output must begin to rely more on technological change.  

Lio and Liu (2006) use panel data from 81 countries and present an empirical analysis of 

the relationship between the adoption of ICT and agricultural productivity. Using total 

agricultural output, measured by value-added USD, the authors examine how the adoption and 

use of ICT influence the productivity levels of the agricultural sector. The authors find ICT plays 
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a significant role in improving agricultural productivity as farmers can benefit from ICT by 

effectively gaining valuable market information including forecasted input prices and demand 

conditions. The authors also find that technology adoption is a major factor explaining the 

divergence between countries in terms of overall agricultural productivity. 

Although many studies focus primarily on the effect of technology on productivity, the 

adoption of technology can have impacts outside of the scope of increasing the efficiency and 

productivity levels of agricultural firms. Ugochukwu and Phillips (2018) note that advancements 

in technology can address issues related to environmental sustainability, poverty reduction, and 

social protection. Similarly, Loevinson, Sumberg and Diagne (2012) state that technological 

change in agriculture can have major implications for food security, adaptation to climate 

change, and overall improvements in social welfare.  

Amare, Asfaw and Shiferaw (2012) examine the driving forces behind farmers’ decisions 

to adopt improved pigeon pea and maize varieties and provide an analysis of the impacts 

associated with the uptake of new crop varieties. Using cross-sectional data from a sample of 613 

small-scale farmers in Tanzania, the authors find that the adoption of improved crop varieties 

leads to significant improvements in producer incomes and subsequent reductions in farmer 

poverty levels.  

Lee (2005) provides a qualitative review of the adoption of sustainable agriculture 

technology and methods such as intercropping, agroforestry farming, and drip irrigation. He 

finds that the adoption of sustainable agriculture technology varies based on the characteristics of 

the technology but that the incentive to adopt is generally driven by an intention to improve 

environmental conditions of surrounding farm-land. For example, he finds that the adoption of 

leguminous fallow systems is driven by producers’ need to address soil fertility depletion and 

that the adoption of new crop varieties is motivated by not only potential increases in crop yields 

but also reductions in poverty levels and improvements in food security.  

The literature on technology adoption illustrates that the uptake of new innovations and 

production methods can have significant impacts on the modernization of agriculture through 

improvements in productivity and competitiveness, enhancements in social and environmental 

protection, and overall increases in social and economic welfare. The economic impacts of 



31 

 

 

technology adoption are varied and differ based on technology attributes, producer 

characteristics, and market conditions.  

Similar to the impacts associated with technological change, the drivers of technology 

adoption can vary based on a variety of external factors. Pannell et al. (2006) note that the 

adoption of innovations is a dynamic learning process and depends on a range of personal, 

social, cultural, and economic factors, as well as on characteristics of the innovation itself. They 

further note that adoption only occurs when a producer believes that the technology in question 

will enhance the achievement of their business goals. Ugochukwu and Phillips (2018) later find 

that many varying determining factors underlie technology adoption in the agricultural sector, 

including personal characteristics such as human capital, age, and risk preferences as well as 

market and political characteristics such as regulatory environments and macroeconomic 

conditions. 

Zhou et al. (2008) provide an examination of the adoption of Ground Cover Rice 

Production Systems (GCRPS), a water-saving technology in China. Using survey data from a 

sample of 240 Chinese rice farmers, the authors find that farm size, education level, income, and 

previous adoption experience are positively correlated with the uptake of agricultural technology.  

Miller and Tolley (1989) emphasize market conditions and market structures as the 

primary determinants of technology adoption. The authors provide a theoretical framework to 

examine how government programs such as price support programs and subsidies influence the 

adoption of agricultural inputs, using fertilizer as a case study. Their results suggest that 

government subsidies have only a minor effect on the adoption of new agricultural inputs as the 

benefits gained by adoption may be offset by inefficiencies in resource use. They also note that 

the probability of adoption is further reduced if administrative costs and deadweight losses are 

introduced. 

Aldana et al. (2011) examine the factors affecting the adoption of genetically-modified 

(GM) corn, highlighting previous adoption experience and endowments in human capital as the 

main determinants of technology adoption. The authors provide a conceptual model of 

technology adoption using past adoption experience and knowledge of GM corn varieties as 

explanatory variables and test this model using data from a sample of 738 corn farmers in 
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Minnesota and Wisconsin. They find that past adoption experience reduces the uncertainty 

associated with adopting novel technology and increases the likelihood of adoption, although this 

effect diminishes over time. They also find that more educated farmers are more likely to be 

aware of the costs and benefits of GM corn and are more likely to adopt. 

The determinants of technology adoption vary based on several factors. Some studies 

have emphasized personal characteristics as the main drivers influencing adoption rates of new 

technology, whereas others highlight the importance of market conditions, endowments in 

human capital, or macroeconomic conditions as the main factors driving technological change. 

Loevinson, Sumberg and Diagne (2012) note that this variation is primarily due to producers’ 

individual expectations of the outcomes of adoption as well as the individual characteristics of 

technology. In a review of the adoption of conservation agriculture technology, Knowler and 

Bradshaw (2007) note that there are few, if any, determinants of adoption that apply universally. 

They also note that, given the high degree of variation regarding the determinants of adoption, 

efforts to encourage the uptake of new technology should be focused on reflecting the conditions 

of individual producers and individual technology. Furthermore, while most studies note that 

technology adoption can have implications for increasing the productivity levels of 

agribusinesses, the adoption of technology may have other implications including addressing 

issues related to environmental sustainability, poverty reduction, and food security (Feather and 

Amacher, 1994; Ugochukwu and Phillips, 2018; Zhou et al., 2008).  

Despite the heterogeneity in the impacts and drivers of adoption in the literature, 

examining diffusion patterns, determinants, and outcomes of technology adoption remains 

important to ensure the economic and environmental sustainability of the agricultural sector. 

Ruttan (2002) posits that a primary defence against the uncertainty about the resource and 

environmental constraints in agriculture is the uptake of new technology and enhancements in 

research capacity. He also suggests that obtaining an understanding of the determinants of 

adoption is paramount to addressing issues related to productivity, food security, 

competitiveness, and environmental sustainability.  
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3.3 The Role of Risk Attitudes in Technology Adoption 

Risk attitudes, described as an individual’s tendency to engage in or avoid risk in 

decision-making processes, have been shown to be an important determinant of technology 

adoption. Among other factors, farmers’ perception of risk(s) associated with new technology, as 

well as their ability (or willingness) to tolerate risk, greatly influences their adoption decisions 

(Pannell et al., 2006; Hailu et al., 2017). Risk typically arises because, while most new 

agricultural technology tout increases in mean productivity, many only perform optimally under 

certain conditions, such as with precise additions of complementary inputs (Ward and Singh, 

2014). Due to the importance of technological change in improving the productivity levels of 

agricultural producers, risk attitudes have garnered much attention in the agricultural economics 

literature as an important determinant in producers’ adoption decisions (Gillespie et al., 2004). 

While risk-averse farmers are generally expected to have stronger motivations to use risk-

reducing or risk-minimizing technology, the direction of the influence of risk on the diffusion of 

new technology remains ambiguous (Hailu et al., 2017). For example, risk-averse individuals 

may be more likely to adopt risk-reducing technology such as weather-resistant crops but may be 

less likely to adopt technology they perceive to be risk-increasing. 

Ward and Singh (2014) examine the adoption of drought-tolerant (DT) rice in rural India. 

Using a lottery game, the authors measure risk aversion levels of individual farmers and find that 

producers’ demonstrating higher levels of risk aversion are more likely to adopt the DT rice 

variety. The authors further their findings by examining differences in risk aversion levels 

amongst Indian farmers. They find female farmers to be, on average, more risk-averse than male 

farmers and thus more likely to adopt the DT rice. These findings suggest that although there 

appears to be a direct (positive) relationship between risk aversion and the uptake of DT rice, the 

degree to which risk aversion constrains adoption remains unclear.  

Similarly, Annou et al. (2005) examine the relationship between risk attitudes and the 

adoption of herbicide-resistant (HR) rice in the United States and find there to be a positive 

relationship between risk aversion and the adoption of HR rice. These findings support that of 

Ward and Singh (2014) by demonstrating that risk-averse farmers are more likely to adopt risk-

reducing technology.  
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Noting that farmers are generally risk-averse, Shapiro, Brorsen and Doster (1992) find 

that producers opting to use novel production methods in the U.S. are more risk-averse than non-

adopters. Their findings suggest that producers often choose to adopt new technology and 

production methods as a method to reduce production risk and cost. 

However, the relationship between risk attitudes and technology adoption is not 

guaranteed. New technology may not always be perceived by producers as being risk-reducing, 

and therefore, risk-averse farmers may be less likely to adopt new agricultural technology (Ross 

et al., 2012). Farmers generally choose technology that provide the highest expected utility 

conditional on their aversion to risk and thus adoption patterns may differ based on the relative 

risk aversion levels of individual producers (Barham et al., 2011). 

Sauer and Zilberman (2010) presented an empirical analysis of the uptake of automatic 

milking technology (AMS) at the farm level amongst producers across Europe. The authors 

provide an estimation of production risk as a proxy for risk perception and find that farmers’ who 

perceive higher levels of production risk associated with the adoption of AMS technology are 

less likely to adopt the technology. Furthermore, they find that several demographic 

characteristics influence the risk attitudes of individual farmers. For example, farmers’ 

experience is found to be negatively correlated with risk aversion, suggesting that the more 

experienced a farmer is, the more he/she is willing to tolerate production risk and the less likely 

he/she is to adopt AMS technology. These findings further the argument that characteristics of 

farmers can have direct effects on risk attitudes and thus have indirect effects on the adoption 

rates of new technology.  

Abadi Ghadim et al. (2005) and Cole (2007) also find a negative relationship between 

risk aversion and the adoption of new technology. Abadi Ghadim et al. (2005) conduct a study of 

crop producers in Western Australia to examine how producers’ aversion to risk influence the 

adoption of a new chickpea crop. Their findings suggest that risk aversion plays a critical role in 

producers’ adoption decisions and that higher levels of risk aversion lead to a reduction in the 

adoption of chickpea crops. Similarly, Cole (2007) finds there to be a negative relationship 

between risk aversion and the adoption of frost-tolerant (FT) cereal crops among farmers in 

Alberta. Using a survey-based approach to elicit producer risk attitudes, the author finds that 
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producers presenting higher levels of risk-seeking behaviour demonstrated higher willingness-to-

pay (WTP) levels for FT cereal crops. 

Liu (2013) examines the role of risk aversion in the uptake of Bt cotton amongst Chinese 

farmers. The author uses a lottery-based game to observe risk aversion levels of Chinese rice 

farmers and finds that farmers who are more risk-averse (or loss-averse) tend to delay the 

adoption of Bt cotton. The author also finds that farmers who overweight small probabilities of 

risk also tend to wait to adopt Bt cotton. This supports the work of Feder and Umali (1993) who 

note that uncertainty associated with new technology diminishes over time and adopters become 

more efficient in the application of technology through the acquisition of information or 

experience. 

Although risk attitudes are often used to explain adoption patterns of new technology, 

there appears to be no absolute effect. Furthermore, the review of the literature above suggests 

that the examination of the role risk attitudes play in technology adoption must be approached on 

a case-by-case basis as a variety of factors can influence the effect that risk attitudes play in a 

producer’s adoption decision. A possible explanation of this ambiguity is that, despite the 

expectation that technology is generally risk-reducing, imperfect and asymmetric information 

regarding new technology could potentially increase (or decrease) a farmer’s perception of the 

riskiness of new innovations (Ugochukwu and Phillips, 2018). This suggests that the role of 

information, in addition to risk attitudes, should also be explored when examining the adoption 

patterns of new technology. 

3.4 The Role of Information in Technology Adoption 

The technology adoption process can be considered an information acquisition process 

where producers obtain information and data about new technology through a variety of 

approaches (Yu, 2014). Several studies in the agricultural economics literature (Feather and 

Amacher, 1994; Wozniak, 1987; Baumgart-Getz et al., 2012) cite the importance of information 

in shaping producers’ awareness and attitudes towards new technology and further note that 

information is an important factor influencing producers’ decision to adopt new technology. 

Feder and Slade (1982, p. 1) note that “improved knowledge regarding new technology through 

the accumulation of information over time is hypothesized to be one of the main dynamic 
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elements of innovation adoption processes.” In a review of the adoption literature, Lee (2005) 

states that information is a primary driver in improving management skills and shaping the 

awareness and attitudes of individuals towards the adoption of new technology. Uwandu, 

Thomas and Okoro (2018) later note that information is an indispensable factor in the practice of 

farming and that the efficiency of technology generated and disseminated in the agricultural 

sector depends on the effective communication of information. 

Shiferaw et al. (2015) note that limited effort has gone into investigating the adoption of 

agricultural technology in the context of multiple constraints including the provision of 

information. Many studies that have examined the role of information in producers’ adoption 

decisions have assumed that producers have complete information about the costs and benefits of 

novel technology and face unconstrained access to the new innovations (Edmeades et al., 2008; 

Staal et al., 2002). However, Ugochukwu and Phillips (2018) later posit that this assumption may 

be driven by the fact that many studies ignore the transaction costs of obtaining information 

about technology. They find that this assumption does not allow one to account for information 

asymmetry about the information on a given technology that may cause differences in 

transaction costs to farmers and thus may cause variation in adoption patterns. 

There is no universal definition of information in the literature and thus studies are 

heterogeneous in their methods used to examine the relationship between information and 

technology adoption. This variation has also resulted in inconsistent findings in the literature. For 

example, Klotz et al. (1994) find that increased availability of information about rbST to 

Californian dairy producers results in lower adoption rates, whereas Marra, Pannell and Ghadim 

(2003) find that, as more information is gathered, decision-makers are able to increase their 

knowledge about technology and this, in turn, increases the pace of adoption. 

Feder and Slade (1982) provide a theoretical framework for technology adoption under 

varying levels of information availability. In their theoretical framework, they find there is a 

minimum threshold level of information that must be obtained in order for a farmer to make an 

informed decision to adopt. The authors add that the speed with which farmers reach this 

threshold is different, thus resulting in heterogeneous adoption patterns. Their theoretical work 

also posits that larger farms obtain information faster than smaller farms and thus are more likely 
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to adopt new technology earlier. Using survey data from a sample of Indian rice farmers, the 

authors test the findings of their theoretical framework to examine how improved access to 

information influences the adoption of inorganic fertilizers. Using the frequency with which a 

producer contacts agriculture extension agents as a proxy for the level of information obtained by 

a farmer, the authors find that their empirical results are consistent with their theoretical 

framework. They find that farmers who more frequently contact extension agents to obtain 

information about enhanced agricultural inputs are more likely to adopt. 

Similarly, Klotz et al. (1994) provide both a theoretical and an empirical model to 

analyze the role of information in the diffusion of technology. Two states of information 

endowment, one in which a farmer is aware of new technology and other in which he/she is 

unaware, are used as indicators of the level of information accessible to a producer. The authors 

survey dairy producers in California and ask whether they are aware of an enhanced growth 

hormone, rbST. The authors find that increased awareness of rbST leads to a lower likelihood of 

adoption and, in some cases, dis-adoption. However, Klotz et al. (1994) note that this 

relationship may be explained by a fear of adverse consumer reaction, concerns about rising milk 

surpluses, decreasing dairy prices, and concerns about the health of dairy cows. The authors 

conclude that producers’ adoption decisions are significantly affected by exposure to information 

about new technology. 

Feather and Amacher (1994) apply a similar approach to Klotz et al. (1994) to examine 

how producers’ awareness levels of new farming methods influence the uptake of best 

management practices (BMP) for water quality improvement in the United States. The authors 

find that a lack of information regarding both the profitability and the environmental benefits of 

improved management practices is the main reason for slow adoption rates. They also note that 

increased access to information raises confidence in the benefits of BMP and may drive increases 

in adoption rates. 

Many studies have also used demographic and socioeconomic proxies to measure the 

effect of information on producers’ adoption decisions. Marra, Pannell and Ghadim (2003) note 

that these typically include measurements for the cost of acquiring information and proxies for 

the incentive to acquire information. Examples of proxies used in the literature include 
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education, distance to the nearest current adopter, availability of extension services, and 

communication with peers.  

Wozniak (1987) uses farmer education, experience, and frequency of contact with 

extension services and input suppliers as proxies to measure the level of information obtained by 

a farmer about a new cattle feed additive. Noting that increases in information endowments are 

expected to reduce the costs and uncertainties associated with adoption, the author hypothesizes 

that farmers with high levels of education and experience and those who frequently communicate 

with extension agents are more likely to be well-informed about the availability of new 

technology. Wozniak (1987) confirms his hypothesis, as he finds that education, experience, and 

contact with extension agents and other information sources are positively correlated with 

adoption. Thus, the author confirms that the ability for a producer to access and utilize 

information about novel technology plays a significant role in the adoption of technology and 

that increased access to information generally translates to increased in adoption rates.  

Adegbola and Gardebroek (2007) examine the role access to information plays in the 

adoption of improved Groundnut varieties in Uganda. Using past adoption experience, 

membership in producer organizations and distance to the closest agricultural research centre as 

proxies for the degree of information available to farmers, the authors find that information 

accessibility is positively correlated with adoption of enhanced Groundnut varieties. Extending 

the work of Adegbola and Gardebroek (2007), Shiferaw et al. (2015) later find that farmers with 

access to information concerning new farming methods and technology are more likely to be 

aware of the costs and benefits of new technology and thus are more likely to adopt. Using farm 

size, contact with other farmers, and education, the authors find those farmers who actively seek 

out information report higher levels of awareness of new technology and higher adoption rates.  

 Another common method used to analyze the role of information in producers’ 

technology adoption decisions is examining the sources used by farmers to obtain information 

and data about new farming technology and production methods. Many studies examine how the 

number of information sources used by farmers influence adoption rates of new technology. 

Furthermore, some researchers have examined how producer characteristics influence the use of 

different information sources. Ford and Babb (1989) note that the degree of information 
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accessible to agricultural producers is primarily a function of the number of available 

information sources. Jones et al. (2010) later state that the number of sources used by farmers to 

obtain information about agricultural technology and services directly enhances a producers’ 

ability to access and utilize information about these services and products.  

Although the relationship between the number of information sources and the degree to 

which producers can access and utilize information regarding new technology is well 

documented, there is a high degree of variation in the use of information sources as well as the 

determinants driving producers to use certain sources over others. Feather and Amacher (1994) 

note that producers are heterogeneous in their responses to different information sources and thus 

differ in their perceptions of the costs and benefits of novel technology. The authors further note 

that the efficacy of information dissemination to producers about new technology depends on the 

ability of these information sources to account for these differences. 

Mason (1963) provides an empirical analysis examining how the number of information 

sources used by farmers influences the likelihood of adoption of new farming methods. Using 

various information sources including input dealers, research centres, and extension agents, the 

author examines how the use of information sources influences the adoption rates of three 

farming practices: soil testing, tile drainage, and joining a community drainage project. He finds 

that the more information sources used, the more likely farmers are to adopt new agricultural 

practices. The author notes that this relationship is likely driven by increased levels of awareness 

regarding the costs and benefits of new farming methods. 

Lambert et al. (2015) survey a sample of cotton farmers across the United States in order 

to obtain information on the adoption of Precision Agriculture (PA) equipment. Noting that 

farmers can access a variety of information sources to learn about the types and quality of 

available agricultural technology, the authors hypothesize that the number of information sources 

used by a producer is positively associated with the propensity to adopt PA equipment. They also 

note that producers commonly use multiple information sources to increase their knowledge 

about agricultural technology and that producer demand for information has increased due to an 

increase in the complexity of production technology. The authors find that cotton growers using 

more information sources to update their knowledge of available technology are more likely to 
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adopt new PA equipment and that consultants, universities, and input dealers are the most 

commonly utilized information sources. 

More recently, Uwandu, Thomas and Okoro (2018) examined the adoption rates of crop 

and livestock technology in Nigeria. Primary data on the adoption of new technology as well as 

demographic and socioeconomic characteristics of individual farmers were gathered by the 

authors and used to examine the relationship between the use of information sources and the 

uptake of farming technology. The authors found that the number of information sources used by 

a producer is positively related to the adoption of crop technology but that no significant 

relationship exists between information sources and the adoption of livestock technology. The 

findings of this research confirm that the use of information sources can directly influence a 

producers’ propensity to adopt new technology, but that this relationship is not guaranteed. 

 The literature on the role of information and technology adoption is well-documented but 

inconsistent. Several studies have examined how the availability, accessibility, and use of 

information influence producer’ adoption decisions, although variation in the methods used to 

analyze this relationship make it difficult to generalize the direct effect of information on 

technology adoption. This may be due to the fact that the level of information obtained or 

utilized by a producer is unobservable (Adegbola and Gardebroek, 2007). Therefore, several 

methods have been used to explain the role of information in shaping producers’ awareness 

levels and adoption patterns of new technology. These methods include the use of proxy 

variables as we all as examination of the communication channels through which information is 

delivered to farmers. Nonetheless, information plays a critical role in framing producers 

knowledge and perceptions of new technology and may have direct impacts on the rates and 

patterns of technological change in agriculture. Baumgart-Getz et al. (2012) provide a meta-

analysis of the adoption literature and find that information has a significant impact on rates of 

technology adoption. However, they note that studies vary in their definition and measurement of 

information, thus making generalized statements about the relationship between information and 

technology adoption difficult to substantiate on an aggregate level. The literature also suggests 

that producers may differ in their adoption decisions due to differences in their information-

seeking behaviour and the degree to which different sources of information are utilized.  
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3.5 The Economics of Blockchains 

As noted in section 3.1, there is little research on the applications of blockchains in 

agriculture. Furthermore, there is limited literature examining the economics of blockchains. 

However, some researchers have used economic theory such as game theory (Cong and He, 

2018) and transaction cost economics (Catalini and Gans, 2016; Davidson, De Filippi and Potts, 

2016) to describe the functionality and applications of blockchains. 

Studies that examine the foundations, applications, and characteristics of blockchains 

vary in their definition of the technology. Davidson, De Filippi and Potts (2016) describe 

blockchains as a general-purpose technology (see Goldfarb, 2002) in the form of a highly 

transparent, resilient, and efficient distributed public ledger that can be applied to disrupt any 

centralized system that coordinates valuable information. While commonly referred to as a 

component of information and communication technology (ICT), blockchains may be better 

understood as a revolution in institutions, organization and governance. The authors posit that 

blockchains are a technology of decentralization and introduce an open platform in the same way 

the internet did. Yermack (2017) defines a blockchain as a sequential database of information 

that is secured by methods of cryptographic proof, thus offering an alternative to classical 

(accounting) ledgers. Noting that blockchains offer a new way of exchanging and tracking the 

ownership of physical and digital assets on a peer-to-peer basis, Yermack (2017) suggests that 

the technology offers potential advantages in cost, speed, and data integrity compared to classical 

methods of exchanging assets. More recently, Abadi and Brunnermeier (2018) describe 

blockchains as digital ledgers that can record and disseminate information and data between 

parties in a secure, immutable, and transparent database. 

Drawing on the work of economists such as Hayek (1945), Coase (1937), Trajtenberg 

(1995), Buchanan (1965), and Stigler (1971), Davidson, De Filippi and Potts (2016) use 

transaction cost economics (TCE) to describe the economics of blockchains. Focusing mainly on 

the potential for blockchains to reduce transaction costs and information asymmetry in economic 

transactions, the authors emphasize how blockchains can disintermediate exchange. They posit 

that “the basic economics of blockchain can be thought of the case for why decentralized 

solutions to ledgers, now technically possible, are likely to become increasingly cost-effective 
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compared to centralized solutions” (p. 3). Economic environments traditionally rely on 

centralization (e.g., intermediaries) as it can be the most efficient structure to create, establish, 

and enforce rules (Davidson, De Filippi and Potts, 2016; FAO, 2017). In the exchange of assets 

or information, centralization can minimize duplication of information, establish clear hierarchy 

and adjust disputes between parties. However, centralization introduces costs that may manifest 

themselves in the form of corruption and rent-seeking by third-party intermediaries. Davidson, 

De Filippi and Potts (2016, p. 5) note that “eventually, adaptation and differential selection 

drives such systems towards decentralization as the costs of centralization rise along the path of 

exploitation while at the same time the costs of decentralization decreases, often due to 

technological progress.” The authors suggest that blockchains can provide a “cure” to the 

corruption and rent-seeking associated with intermediation by manufacturing trust 

cryptographically rather than politically. They note that the nature of blockchains is different 

from the standard way that economists model new technology, namely as a factor of production 

that causes a shift in the production function that translates into multifactor productivity growth 

(Feder, Just and Zilberman, 1985). They suggest that blockchains may have this effect (and may 

be studied using neoclassical economics) but that the more transformational aspect of the 

technology is that it gives rise to new organizational and institutional forms of economic 

governance that may effectively decentralize markets. 

Cong and He (2018) provide a similar analysis as Davidson, De Filippi and Potts (2016), 

but use game theory to describe the ability for blockchains to decentralize the exchange of value. 

The authors find that “decentralization enabled by blockchains can improve the resilience of 

transaction systems and reduce the rent extracted by centralized authorities” (Cong and He, 

2018, p. 1).  Blockchains offer a way to decentralize the exchange of value by using 

cryptography, rather than institutions, to enable peer-to-peer environments in which parties can 

engage in transactions directly with one another. Thus, by removing costly and inefficient third-

party intermediaries, blockchains may introduce new markets and economies in which 

transactions can occur transparently and instantaneously without additional costs.  

In addition to decentralization, the literature on blockchains suggests that the technology 

can be used to improve the transparency of economic transactions. Sultan, Ruhi and Lakhani 

(2018) provide a conceptual overview of blockchains and discuss how the technology introduces 
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new ways to record data in which information can be secured and made publicly available. In 

their paper, blockchains are described as introducing a method of securely storing and 

distributing information that allows assets to be shared between agents with unquestionable 

transparency, all the while without a controlling central authority. In chapter 2, it was noted that 

information and data (e.g., transactional information) stored on blockchains are recorded with 

unique identifiers (computer codes referred to as “hashes”) that are linked to subsequent and 

previous data entries (see figure 3.2). 

 

Figure 3.2: Data Stored on a Blockchain 

Source: Nakamoto (2008) 

Sultan, Ruhi and Lakhani (2018) note that cryptography provides the mechanism through 

which data recorded on a blockchain is stored both securely and immutably. The authors note 

that each “block” of data is “chained” together thus, forming an immutable, chronological record 

of transactions in a transparent database. Furthermore, as more data is stored on a blockchain, the 

more difficult it is to tamper, delete, or modify information (Nakamoto, 2008). Therefore, the 

security and immutability of the technology become more robust as additional information is 

recorded (Abadi and Brunnermeier, 2018). The authors summarize the features of blockchains 

into a list of three core characteristics: (1) immutability (blockchains provide a permanent record 

of transactions that cannot be edited, modified, or altered in any way), (2) decentralization 

(blockchains use cryptography to disintermediate exchange, thus reducing inefficiencies 

introduced by third-party intermediaries), and (3) transparency (blockchains are flexible in that 

they can provide transparency of asset movements to appropriate parties). 

Another mechanism through which blockchains disintermediate the exchange of value is 

through smart contracts. As described in section 2.4.2, smart contracts are autonomously 
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executing contracts that execute when certain underlying conditions are met (Szabo, 1994; 

Ganne, 2018). Smart contracts are agreements between two parties that can be contractually and 

financially enforced through cryptography rather than third-parties. Cong and He (2018) note 

that smart contracts can be used to automate economic and business transactions without the 

need for intermediaries thus delivering higher social welfare through mitigating information 

asymmetry and reducing transaction costs. However, smart contracts can be used to automate 

transactions that do not necessarily involve human participants. For example, Bailis et al. (2016) 

use vending machines as parallel to explain the functions and applications of smart contracts. 

The authors note that vending machines can be seen as smart contracts that enforce the condition 

that an item will only be dispensed if the correct amount of money is deposited. Examples of 

smart contract applications include legal settlements (Gatteschi et al., 2018), insurance claims 

(Sayegh, 2018) and supply chain management (World Economic Forum, 2018). By allowing for 

transactions to be automated, smart contracts contribute to the decentralization of exchange and 

can mitigate information asymmetry, reduce transaction costs, and allow for transparent and 

efficient contract settlements in the event of contractual disputes (Sultan, Ruhi and Lakhani, 

2018; Ganne, 2018; Cong and He, 2018; Catalini and Gans, 2016). 

The literature on the economics of blockchains is limited. However, researchers are 

continuing to study the underlying characteristics of the technology to better understand the 

mechanisms through which blockchains may provide economic value to individuals, institutions, 

governance structures and markets. In a review of the blockchain literature, Bailis et al. (2016, p. 

7) posit that “blockchains may give way to a new economy in which markets approach total 

decentralization and the economic rents currently extracted by third-party-intermediaries are 

minimized, if not eliminated.” As they relate to agriculture, blockchains can provide value to 

industry stakeholders in many ways. Disintermediation through smart contracts may have 

implications for agricultural trade through automating labour-intensive trade processes. Ganne 

(2018) suggests that blockchains can digitally automate the documentation of trade certificates, 

thus reducing potential contractual disputes between trading partners and increasing the speed at 

which international trade is settled. The FAO (2019, p, 25) notes that blockchains can provide 

“users with a more informed and robust view of their assets and the supply chain thereby 

improving transparency and security for all supply chain participants including agri-food 
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traders.” As noted in the previous chapter, blockchains and smart contracts can also be applied to 

automate the flow of goods and information throughout agri-food supply chains (FAO, 2017). In 

addition to reducing inefficiencies in agricultural trade and supply chain management, 

blockchains may provide agribusinesses with a way to generate and disseminate information 

about the production of food throughout the supply chain. Tse et al. (2017, p. 4) note that 

“blockchains can help governments and food firms track, monitor and audit the food supply 

chain and assist manufacturers in recording information for the purposing of verifying the 

authenticity, safety and quality of agricultural goods.” 

3.6 Summary  

The literature reviewed above highlights the importance of technology in the agri-food 

system. It is evident that the adoption of new technology and farming methods can improve the 

productivity levels of agricultural producers in both developed and developing nations. Further, 

technological change is identified in the literature as a factor of production that may provide the 

foundation for future economic growth in agricultural sectors across the globe. Advancements in 

technology may also have implications for enhancements in the sustainability of agricultural 

production as well as in improving the social and economic welfare of farming communities 

(Loevinson, Sumberg and Diagne, 2012; Lee, 2005). It is also shown that the determinants of 

technology adoption can vary depending on a variety of economic, social and environmental 

conditions (Knowler and Bradshaw, 2007). This further emphasizes the importance of 

conducting research on the uptake of new innovations as adoption rates and patterns may differ 

based on the characteristics of potential adopters and the specific attributes of novel technology.  

The adoption literature also illustrates the influence that producers’ risk attitudes and 

access to information can have on technology adoption decisions. Risk attitudes are shown to be 

an important factor of adoption as adoption decisions may be driven primarily by producers 

ability to tolerate the risk and uncertainty associated with the uptake of new innovations. 

However, current literature is not conclusive regarding the influence of risk attitudes on adoption 

(Hailu et al., 2017). The relationship between information and technology adoption is more 

conclusive, although there are some inconsistencies in the literature. Researchers generally find a 

positive relationship between access to information and adoption. However, the definition of 
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information and the methods used to examine how information influences producers’ adoption 

decisions vary (McBride and Daberkow, 2003; Klotz et al., 1994).  

Although the literature examining the applications of blockchains in agriculture is 

limited, some studies have used economics to describe how blockchains may have an impact on 

institutions, markets and governance structures (Bailis et al., 2016). The blockchain literature 

suggests that blockchains can introduce new ways to reduce transaction costs in the exchange of 

value, automate economic and business transactions, and improve the robustness and accuracy of 

data management (Sultan, Ruhi and Lakhani, 2018; Davidson, de Filippi and Potts, 2016; Cong 

and He, 2018; Catalini and Gans, 2016). With such applications in agriculture as improving the 

transparency of food supply chains, enhancing food traceability, and automating agribusiness 

processes, blockchains may provide agri-food stakeholders with new ways to meet consumer 

demand for food, meet federal and international trading regulations, and reduce inefficiencies in 

labour-intensive business processes. 
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4 Conceptual Framework 

4.1 Introduction 

This chapter presents a conceptual framework for technology adoption. First, a general 

model of technology adoption is presented. Second, a model of adoption behaviour in which the 

effect of access to information on adoption is discussed. Third, a model illustrating the effect of 

individual risk preferences on technology adoption is presented. Lastly, a conditional probability 

model of adoption is presented that accounts for both information and risk. 

4.2 A Model of Adoption Behaviour 

I assume that farmers maximize expected utility with respect to the adoption of new 

technology. Farmers face uncertain outcomes regarding the financial return associated with the 

adoption of new technology (Adesina and Zinnah, 1993). However, adoption studies (Rahm and 

Huffman, 1984; Hall and Khan, 2003; Koundouri, Nauges and Tzouvelekas, 2016) find that the 

outcomes of the diffusion of technology vary. For example, Mitchell, Weersink and Erickson 

(2017) note that innovations in agriculture can improve farm productivity through reduced input 

use whereas Lee (2005) finds that technology can enhance the environmental sustainability of 

agricultural production. Following the work of Sauer and Zilberman (2010), I assume that a 

farmer’s adoption decision is a function of the expected utility of profit associated with the 

adoption of new technology. 

The farmer’s (expected) utility maximization problem illustrates the subjective utility a 

producer receives from adopting new technology. In other words, the utility maximization 

problem illustrates a producer’s subjective beliefs about the expected gains in farm profitability 

driven by the adoption of a new technology. The decision to adopt a new technology is modelled 

as a function of the difference in utility from moving between two states of technology, 𝑍 = 1, 2, 

where 𝑍 = 1 is a state in which a farmer uses an old technology on the farm and 𝑍 = 2 is a state 

in which a farmer is assumed to have adopted a new technology. In this research, Z = 1 can be 

referred to as a state in which a farmer has not adopted blockchains and Z = 2 can be referred to 

a state in which blockchains have been adopted.  
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A utility function of producer 𝑖 that adopts technology 𝑍 is denoted 𝑈(𝑅𝑍𝑖 , 𝐴𝑍𝑖). This 

utility depends on 𝑅𝑍, a vector of moments that describe the distribution of net profits associated 

with a new technology, 𝑍, and 𝐴𝑍, a vector of attributes of the technology. As suggested by 

Rahm and Huffman (1984), although a farmer’s utility function is unobservable, a linear 

relationship is assumed for the 𝑖𝑡ℎ farmer between the utility derived from the 𝑍𝑡ℎ technology 

and a vector of observable farm characteristics, 𝑋𝑖 (e.g., type of farming operation, farm size), 

with a zero-mean random error term, 휀𝑖: 

 𝑈𝑍𝑖 =  𝛽𝑍𝑋𝑖 + 휀𝑍𝑖, 𝑍 = 1, 2; 𝑖 = 1 … 𝑛 (4.1) 

 

In an environment with two states of technology (𝑍 = 1, 2), a farmer is assumed to move 

to a new state of technology only if the utility associated with this move is higher than the initial 

state. Let 𝑈1𝑖 denote the utility associated with no adoption of blockchains and 𝑈2𝑖 denote the 

utility associated with the adoption of blockchains. Thus, the adoption decision of farmer 𝑖 can 

be modelled by the qualitative variable, 𝐷𝑖 such that: 

 
𝐷𝑖 = {

1 𝑖𝑓 𝑈2𝑖 ≥  𝑈1𝑖, 𝑏𝑙𝑜𝑐𝑘𝑐ℎ𝑎𝑖𝑛𝑠 𝑎𝑟𝑒 𝑎𝑑𝑜𝑝𝑡𝑒𝑑
0 𝑖𝑓 𝑈2𝑖 <  𝑈1𝑖, 𝑏𝑙𝑜𝑐𝑘𝑐ℎ𝑎𝑖𝑛𝑠 𝑎𝑟𝑒 𝑛𝑜𝑡 𝑎𝑑𝑜𝑝𝑡𝑒𝑑

 
(4.2) 

            The probability that 𝐷𝑖 is equal to one is expressed as a function of farm and farmer-

specific characteristics and takes the form: 

  𝑃𝑖 = 𝑃𝑟(𝐷𝑖 = 1) =  𝑃𝑟(𝑈2𝑖 >  𝑈1𝑖) 

=  𝑃𝑟(𝑋𝑖𝛽2 +  휀2𝑖 > 𝑋𝑖𝛽1 +  휀1𝑖) 

= 𝑃𝑟[𝑋𝑖(𝛽2 − 𝛽1) > 휀1𝑖 −  휀2𝑖] 

= 𝑃𝑟(𝑋𝑖𝛽 > 𝜇𝑖) = 𝐹(𝑋𝑖𝛽) 

(4.3) 

 

where  𝑃𝑖(·) is a probability function, 𝜇𝑖 = (휀1𝑖 −  휀2𝑖) is a random disturbance term, 𝛽 = (𝛽2 −

𝛽1) is a coefficient vector of farm and farmer-specific characteristics, and 𝐹(𝑋𝑖𝛽) is the 

cumulative distribution function for 𝜇𝑖 evaluated at 𝑋𝑖𝛽. Therefore, the probability of farmer 𝑖 

adopting a new technology is equal to the probability that the utility associated with adoption, 
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𝑈2𝑖, is larger than the utility of not adopting, 𝑈1𝑖. The probability of adoption is also captured by 

the cumulative distribution function 𝐹 evaluated at 𝑋𝑖𝛽.1 

             Equation (4.2) shows that a farmer will only adopt new technology if the utility 

associated with adoption is greater than the utility of not adopting. In other words, adoption will 

only occur if a producer believes that adoption will result in increased farm profits. However, 

before making an adoption decision, a producer must first acquire information in order to make 

an informed adoption decision. Farmers who are not aware of new technology cannot make an 

informed evaluation of the costs and benefits associated with adoption and thus will choose not 

to adopt (Saha et al., 1994; Adegbola and Gardebroek, 2007). Furthermore, farmers must also 

consider the risk associated with adoption. Risk preferences can have a direct influence on the 

adoption of new technology. For example, risk-averse farmers may perceive the adoption of a 

novel technology as risky, whereas a risk-loving farmer may be willing to adopt a new 

technology despite any uncertainties associated with the outcomes of adoption (Marra, Pannell 

and Ghadim, 2003). Thus, the decision to adopt a new technology is a sequential process in 

which a potential adopter must 1) obtain information about the applications, costs and benefits of 

the technology, 2) make an evaluation of the relative riskiness of adopting, and 3) determine if 

the expected profits of adopting exceed those of not adopting. An examination of these steps is 

discussed below. 

4.3 Technology Adoption and the Role of Information 

Genius, Pantzios and Tzouvelekas (2003), Shiferaw et al. (2015), and Ma et al. (2017) 

posit that the process of information acquisition precedes a farmer’s decision to adopt a new 

technology and that a farmer will choose to adopt a new technology only if he/she has obtained a 

level of information that exceeds a certain threshold level, 𝐼𝑇. Only once a farmer exceeds this 

threshold can he/she make an informed evaluation of the potential net benefits associated with 

adopting a new technology.  

                                                 
1 As noted by Rahm and Huffman (1984), the exact distribution of 𝐹 depends on the distribution of the error term, 

𝜇𝑖 = (휀1𝑖 −  휀2𝑖). If 𝜇𝑖 is normally distributed, then 𝐹 is a cumulative normal. If 𝜇𝑖 is uniformly distributed, then 𝐹 is 

triangular. 
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Farmers obtain information on new technology from a variety of sources including 

extension agents, universities, other farmer, and producer groups (Ford and Babb, 1989). 

However, these sources, as well as the amount of information obtained, vary among farmers. 

Therefore, the exact level of information obtained by a producer is unobservable. I define a new 

latent variable, 𝑌𝑖
𝐼∗

, to denote the degree to which a producer is aware of a novel technology 

(Adegbola and Gardebroek, 2007). This latent variable is presented by: 

 𝑌𝑖
𝐼∗

≡  𝐼𝑖
∗(𝑋𝑖

𝐼) −  𝐼𝑖
𝑇 (4.4) 

 

where 𝐼𝑖
∗(∙) is the amount of information obtained, 𝑋𝑖

𝐼 is a vector of farm and farmer 

characteristics that affect the amount of information obtained, and 𝐼𝑖
𝑇 is the threshold level of 

information that captures the minimum level of information a producer must collect in order to 

make an informed adoption decision. Jones et al. (2010) note that farmers who frequently utilize 

multiple sources to obtain information about new agricultural innovations report higher levels of 

awareness and familiarities with novel technology. Thus, it is expected that the more information 

sources used by a producer, the more likely he/she will exceed this threshold level of 

information. Assuming a linear specification for 𝑌𝑖
𝐼∗

, Shiferaw et al. (2015) present a binary 

outcome capturing whether a farmer is aware (𝑌𝑖
𝐼 = 1) or not (𝑌𝑖

𝐼 = 0) of a new technology: 

 
𝑌𝑖

𝐼 = {
1 𝑖𝑓 𝑌𝑖

𝐼∗
= 𝑋𝑖

𝐼𝛽𝑖 + 휀𝐼 ≥ 0 

0 𝑖𝑓 𝑌𝑖
𝐼∗

= 𝑋𝑖
𝐼𝛽𝑖 + 휀𝐼 < 0 

 
 

(4.5) 

 

A farmer can only make an informed evaluation of the potential net benefits of adopting a 

new technology once he/she has obtained a level of information above a specific threshold level, 

𝐼𝑖
𝑇. However, before an adoption decision is made, assuming a farmer has obtained sufficient 

information about a new technology (𝑌𝑖
𝐼 = 1), he/she must then evaluate the risks associated 

with adoption (Smith and Ulu, 2017). Similar to an individual’s minimum level of information 

required to make an adoption decision, farmers’ risk attitudes can have varying effects on their 

subjective evaluation of the potential benefits associated with adopting a novel technology.  
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4.4 Technology Adoption and the Role of Risk Attitudes 

In a review of the adoption literature, Mara, Pannell and Abadi Ghadim (2003) note that 

risk attitudes are important determinants in producers’ adoption decisions. They find that the 

consequences of risk aversion on adoption decisions are ambiguous as they are conditional upon 

individual perceptions of the relative riskiness of new innovations.  

To assess producers’ risk attitudes in their adoption decisions, I follow the work of 

Ghosh, McGuckin and Kumbhakar (1994), Just and Pope (1978), and Kumbhakar and Tveteras 

(2003). I assume that input and output prices of agricultural commodities are known to farmers. 

Noting that farmers are generally risk-averse, Ghosh, McGuckin and Kumbhakar (1994) assume 

that farmers are expected to act rationally, that is, are assumed to prefer more profit to less.  

As suggested by Ghosh, McGuckin and Kumbhakar (1994), the stochastic nature of 

output implies that a farmer considers both the expected profit and variance of profit when 

maximizing utility. Thus, a farmer’s utility function can be presented by: 

 𝑈 = 𝑈[𝐸(п), 𝑉(п)] (4.6) 

 

where 𝐸(п) is the expected value of profit, 𝑉(п) is the variance of profit, and 𝐸 is the 

expectation operator. Totally differentiating eq. (4.6) yields: 

 𝑑𝑈 = 𝑈𝐸𝑑𝐸(п) +  𝑈𝑉𝑑𝑉(п) (4.7) 

 

where 𝑈𝐸 and 𝑈𝑉 are the partial derivatives of 𝑈(·) with respect to 𝐸 and 𝑉, respectively. 

Rearranging eq. (4.7) gives us: 

 
𝑑𝐸(п) ≥ −

𝑈𝑉

𝑈𝐸
𝑑𝑉(п) 

(4.8) 

where −
𝑈𝑉

𝑈𝐸
 is the Arrow-Pratt risk aversion coefficient and is positive for concave utility 

functions (Kumbhakar and Tveteras, 2003).2 Ghosh, McGuckin and Kumbhakar (1994) note that 

                                                 
2 Note that if a producer is risk neutral, the Arrow-Pratt measure of risk aversion will be equal to zero, thus yielding: 

𝑑𝐸(п) ≥ 0. 
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eq. (4.8) can be further related to the choice to adopt a new technology by specifying expected 

farm profit as: 

 𝐸(п) = 𝐸{𝑝[𝑓(𝑋, 𝑍)] − 𝑤𝑋 − 𝑟𝑍}  (4.9) 

 

where 𝑓(𝑋, 𝑍) is a farmer’s production function consisting of regular inputs, 𝑋, and a technology 

input, 𝑍. In this research, 𝑍 is can be considered to be included in the production function if a 

producer has made the decision to adopt blockchains. 𝑝, 𝑤 represent output and input prices, 

respectively, and 𝑟 is the explicit cost of adoption. Taking the total differential of eq. (4.9) yields: 

 𝑑𝐸(п) = 𝑝 · 𝑑𝐸(·) −  𝑤 · 𝑑𝐸(𝑋) −  𝑟 · 𝑑𝐸(𝑍) (4.10) 

 

Substituting eq. (4.10) into eq. (4.8) allows us to incorporate risk preferences in producers’ 

expected utility function and is presented as follows: 

 𝑝 · 𝑑𝐸(·) −  𝑤 · 𝑑𝐸(𝑋) −  𝑟 · 𝑑𝐸(𝑍) ≥  · 𝑑𝑉(п)  (4.11) 

 

where  is the Arrow-Pratt measure of risk aversion derived in eq. (4.8). Rearranging eq. (4.11) 

to solve for expected output as a function of inputs, technology, and risk yields: 

 𝑝 · 𝑑𝐸(·) ≥  · 𝑑𝑉(п) +  𝑤 · 𝑑𝐸(𝑋) +  𝑟 · 𝑑𝐸(𝑍)  (4.12) 

 

Differentiating eq. (4.12) with respect to the expected returns associated with the adoption of 

technology 𝑍 give us: 

 
𝑝

𝑑𝐸(·)

𝑑𝐸(𝑍)
≥  ·

𝑑𝑉(п)

𝑑𝐸(𝑍)
+  𝑟 

(4.13) 

 

Equation (4.13) describes a farmer’s adoption decision. The left-hand side is the expected 

marginal benefits associated with the adoption of new technology and the right-hand side is the 

expected marginal costs. As noted in Yu (2014), the marginal cost of adoption consists of two 

parts; 𝑟 is the explicit cost of adoption and  ·
𝑑𝑉(п)

𝑑𝐸(𝑍)
 is the marginal value of risk adjusted by the 

Arrow-Pratt coefficient of risk aversion. The marginal value of risk captures the implicit cost of 
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private risk bearing (or the risk premium). If this term is positive, higher marginal costs are 

associated with adoption and less farmers are likely to adopt. A closer examination of eq. (4.13) 

reveals that the sign of this term depends on both risk preferences, , and the change in risk 

(change in the variation of expected profits) associated with adoption, 
𝑑𝑉(п)

𝑑𝐸(𝑍)
. A farmer’s risk 

preference coefficient will be positive if he/she is risk-averse and negative if risk-seeking. The 

sign of 
𝑑𝑉(п)

𝑑𝐸(𝑍)
 indicates whether a technology is risk-reducing or risk-increasing. A positive sign 

for this term implies that the adoption of a new technology increases risk, that is, increases the 

variation of the expected profits, suggesting that adoption by risk-averse farmers is limited. 

For simplicity, eq. (4.13) can be rewritten as: 

 
𝑝

𝑑𝐸(·)

𝑑𝐸(𝑍)
−  ·

𝑑𝑉(п)

𝑑𝐸(𝑍)
≥  𝑟 

(4.14) 

 

where the left-hand side now accounts for both the expected benefits and the marginal value of 

risk (adjusted by the Arrow-Pratt risk coefficient). The right-hand side is the explicit cost of 

adoption. Thus, if a farmer expects profits to increase after adopting technology 𝑍, the left-hand 

side of eq. (4.14) will exceed the explicit cost of adoption, 𝑟. 

Recall that farmers are assumed to be expected utility maximizers with respect to farm 

profits and will only adopt new technology if they expect the utility differential associated with 

adoption to be positive. In other words, if a farmer expects the financial benefits of adoption to 

exceed the costs, he/she will choose to adopt. Ghosh, McGuckin and Kumbhakar (1994) 

generalize eq. (4.14) and denote the observed behaviour of producer 𝑖 adopting technology 𝑍 as: 

 
𝐴𝑖

𝑍 = {
1 𝑖𝑓 𝐵𝑖

𝑍 ≥ 𝐶𝑖
𝑍 

0 𝑖𝑓 𝐵𝑖
𝑍 < 𝐶𝑖

𝑍 , 𝑓𝑜𝑟 𝑖 = 1 … 𝑛 𝑎𝑛𝑑 𝑍 = 1 … 𝑘 
(4.15) 

where 𝐴𝑖
𝑍  is the variable representing farmer 𝑖′𝑠 decision to adopt technology 𝑍, 𝐵𝑖

𝑍 represents 

the marginal benefit of adoption, and 𝐶𝑖
𝑍 is the cost of adoption. This is presented in probability 

form as: 

 𝑃𝑟𝑜𝑏(𝐴𝑖
𝑍 = 1) = 𝑃𝑟𝑜𝑏(𝐵𝑖

𝑍 ≥ 𝐶𝑖
𝑍) (4.16) 
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4.5 Accounting for Risk and Information in Technology Adoption 

Based on the findings in section 4.3 and 4.4, it is shown that a producer’s decision to 

adopt a new technology is a sequential process in which an individual must first obtain enough 

information about a novel technology in order to consider the potential net benefits associated 

with adoption. Once a farmer has obtained a level of information above a given threshold level, 

𝐼𝑇, he/she can then make an evaluation of the future benefits associated with adoption while 

accounting for his/her risk preferences (Saha et al., 1994). As noted by Adegbola and 

Gardebroek (2007), eq. (4.5) and (4.15) can be used to present a conditional probability of 

adoption that accounts for both information and risk: 

 𝑝𝑟𝑜𝑏(𝐴𝑖
𝑍 = 1|𝑌𝑖

𝐼 = 1) =  𝐸(𝑌𝑖
𝐴|𝑌𝑖

𝐼∗
> 0) (4.17) 

 

Equation (4.17) indicates that producer 𝑖 will only adopt technology 𝑍 if he/she believes 

net benefits are positive (𝐵𝑖
𝑍 ≥ 𝐶𝑖

𝑍). However, prior to making an evaluation of future net 

benefits, producer 𝑖 must first obtain a level of information that exceeds his/her subjective 

threshold level, that is, the minimum level of information required to make an informed decision 

about the future costs and benefits of adopting a new technology. However, a farmer’s perceived 

utility of adopting a new technology may also be influenced by the availability of adoption 

incentives (Henson and Hobbs, 2000; De Groote and Verboven, 2019). Thus, adoption studies 

examining the specific incentives that may encourage the uptake of new innovations must 

consider how certain incentives influence a producer’s decision to adopt technology. A review of 

the role of incentives in technology adoption decisions in presented in the following section. 

4.6 The Role of Incentives in Technology Adoption Decisions 

Suppose there are J number of adoption incentives available to a producer (e.g., 

government subsidies, mandated use from buyers). The conditional value of adopting a 

technology, for farm i, under incentive j, is denoted 𝑉𝑖,𝑗 = 𝛿𝑗 +  𝑢𝑖,𝑗, where 𝛿𝑗 is the mean utility 

(across multiple adopters) and 𝑢𝑖,𝑗 is the individual-specific utility. Following De Groote and 
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Verboven (2019), 𝑢𝑖,𝑗 is set to zero (𝑢𝑖,𝑗 = 0), yielding 𝑉𝑖,𝑗 = 𝛿𝑗. This implies no farm 

heterogeneity and leads to a tractable estimating equation with simple interpretation.3  

I assume that farmers choose the adoption incentive, j, that maximizes random utility 

𝑉𝑖,𝑗 +  휀𝑖,𝑗, where 휀𝑖,𝑗 is a random error capturing farmers’ random taste shocks (changes in a 

farmer’s preference for adoption incentive j). This gives rise to a choice probability for each 

adoption incentive. The conditional value of adoption is then written as the expected utility of 

adoption: 

 𝑉𝑖,𝑗 =  𝛿𝑗 =  𝑥𝑗𝛾 −  𝛼𝑝𝑗 +  휀𝑗 ,        𝑗 = 1, … , 𝐽. (4.18) 

 

where 𝑥𝑗 is a vector of characteristics of incentive j, 𝑝𝑗 is the price variable (price of adopting 

under incentive j) and 휀𝑗 is the unobserved quality of incentive j. 

Equation (4.18) illustrates the value of adopting blockchains under the availability of 

multiple adoption incentives, J. As previously discussed, it is shown that a producer will only 

adopt blockchains if the utility associated with adopting is positive. Under incentive j, adoption 

will only occur if 𝑉𝑖,𝑗 ≥ 0, thus implying that 𝑥𝑗𝛾 −  𝛼𝑝𝑗 + 휀𝑗  ≥ 0.  

In this study, it is assumed that farmers are profit maximizers, and thus will only choose 

to adopt a technology if they believe that adoption will result in increased farm profits. However, 

the availability of incentives may influence a producer’s perception(s) of the costs and benefits 

associated with adoption (Usmani, Steele and Jeuland, 2017). Furthermore, producers’ 

preferences for adoption incentives may be heterogeneous (Isik and Khanna, 2003). For 

example, a government subsidy may lower the costs of adoption (thus lowering 𝑝𝑗) and therefore 

increase the probability of adoption (𝑉𝑖,𝑗 ≥ 0). However, producers may value government 

subsidies different from one another. While subsidies may lower the cost of adoption uniformly 

across all farms, producers may have varying opinions on the efficacy of government subsidies 

                                                 
3 De Groote and Verboven (2019) note that the downside of this approach is that heterogeneity is then assumed to be 

uncorrelated over time and over alternative adoption incentives. In practice, households may have correlated 

preferences for adoption incentives. Furthermore, households may also have correlated time preferences such that 

households with a high valuation for adopting now are also likely to have a high valuation for adopting in future 

periods. 
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and thus may place lower (or higher) weight on the importance of subsidies relative to another 

producer (De Groote and Verboven, 2019). 

Section 4.2 and 4.5 present a conceptual framework illustrating a farmers’ decision to 

adopt a new technology. However, the models presented do not include an analysis of how 

specific incentives may affect a producers’ propensity to adopt blockchains. Thus, it is important 

to consider how the availability of multiple adoption incentives influence producers’ perception 

of the benefits (and costs) associated with adopting blockchains. There are several incentives that 

may drive the diffusion of technology in agriculture, however, researchers have shown that 

producers differ with respect to their preferences towards adoption incentives (OECD, 2019; 

Isik, 2004).4 Furthermore, the effect of adoption incentives on the expected net benefits of 

adopting may vary between producer and incentive. Due to these differences, researchers must 

consider the relative weight farmers’ place on various incentives of adoption. De Groote and 

Verboven (2019) and Usmani, Steele and Jeuland (2017) note that these differences may be 

derived from a variety of factors including differences between individuals’ initial resource 

endowments (including time, capital and knowledge), personal characteristics, time preferences 

and investment horizons.  

 

 

 

 

 

 

 

                                                 
4 Specific examples of adoption incentives in the literature include government subsidies (Hudson and Hite, 2003; 

Usmani, Steele and Jeuland, 2017), tax incentives (De Groote and Verboven, 2019; Jaff and Stavins, 1995), 

compliance with government regulations (Kerr and Newell, 2003; Henson and Holt, 2000) and educational/training 

programs (Shikuku et al., 2019). 
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5 Data Collection and Descriptions 

5.1 Introduction 

This chapter provides a description of the survey methods used in the study including an 

overview of the survey design method and the channels through which the survey was 

distributed. This chapter also provides a description of the data and key variables. 

5.2 Survey Design Method 

5.2.1 Best Practices for Online Surveys 

Online surveys have increased in popularity as the cost of computer hardware and 

software continues to decrease and access to internet services continues to grow (Wright, 2006). 

Wright (2006) notes that some of the advantages of online-based surveys include 1) accessibility 

to populations not available through traditional surveying methods, 2) time savings versus in-

person and mail-based surveys, and 3) low costs. When conducting surveys, Cohen (2009) 

argues that, compared to mailed surveys, using online surveys helps avoid missing data points 

due to respondents not completing survey questions as intended. He also finds that online 

surveys allow randomization of choice sets, which can be a complex task using mailed surveys. 

However, Eveslage, Wilson and Dye (2007) state that relative to alternative methods of primary 

data collection, such as conducting in-person interviews, online surveys create challenges 

including sampling issues and self-selection bias. 

Dillman (1991) states that researchers should implement three considerations when 

designing surveys: (1) reducing transaction costs by keeping the length of a survey as short as 

possible, (2) increasing perceived benefits of completing the survey by offering incentives for 

completion or including interest-getting questions, and (3) increasing trust by using sponsored 

logos and official stationery. He also notes that researchers should communicate that respondents 

may realize benefits from completing the survey in order to encourage participation. In 

subsequent research on surveying methods, Dillman (2000) finds that to ensure adequate 

response rates, researchers should follow up with respondents four to five times. 

Some of the recommendations laid out by Dillman (1991, 2000) and other researchers 

were implemented in the survey, including keeping the survey as short as possible, asking 
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straight-forward questions, and ensuring the layout of the online survey was easy for respondents 

to follow. For example, follow up emails were used to encourage participation, a comment 

section was included so that individuals can provide feedback, and respondents were given 

information about the potential benefits associated with completing the survey. A copy of the 

survey used in this research is available in the appendix. 

5.2.2 Survey Layout 

The online survey is split into three distinct sections, each with a unique set of questions. 

The first section of the survey includes questions that ask farmers if they currently use 

digital technology on the farm such as RFID, drones, yield monitoring, and global positioning 

software (GPS). This section also includes questions about farmers’ general attitudes towards 

technology adoption. For example, farmers are asked whether they agree that the adoption of 

technology enhances farm competitiveness, improves productivity, or helps guide farm business 

decisions. These questions allow me to observe how farmers use technology on the farm and 

understand the reasons why farmers chose to adopt technology. 

The second section of the survey contains the choice sets used to elicit the adoption 

incentives that are most important to producers. This section includes twelve choice sets that ask 

respondents to identify the most and least important blockchain adoption incentives. Each choice 

set includes three incentives in which respondents are asked to indicate which of the three 

incentives is the most important and which one is the least important. A total of nine incentives 

are included in this section in order to keep the number of choice sets to a minimum to ensure 

respondent fatigue does not set in. Cohen (2009) notes that respondent fatigue sets in after 

twenty choice sets are included. The adoption incentives included in the survey are discussed in 

detail later in this chapter and the design of the choice sets included in the survey are discussed 

in chapter 6.  

The final section of the survey includes demographic and socioeconomic questions about 

Ontario farmers. These include questions about producers’ education level, age, gender, farming 

experience, farm size, and more.  
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5.2.3 Survey Distribution and Data Collection 

An online survey of Ontario producers is used to gather data. Online survey software 

Qualtrics is used to construct and distribute the survey. Prior to contacting participants, approval 

from the University of Guelph Research Ethics Board (REB) was obtained.5  

The questions included in the survey are motivated by the adoption literature and input 

was provided from researchers at the University of Guelph as well as other private and public 

sector organizations, including the Ontario Ministry of Agriculture, Food and Rural Affairs, 

York University, and the University of Alberta. 

The survey was distributed to Ontario farmers by a number of producer groups, 

marketing associations, and government organizations in February 2019. A list of these 

organizations, as well as the method used to distribute the survey, are presented in table 5.1. 

 

 

 

 

 

 

 

 

 

 

 

 

                                                 
5 Approval from the University of Guelph Research Ethics Board was received on December 11 th, 2018 (Reference 

number: 18-11-019). 
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Table 5.1: Organizations Distributing the Blockchains in Agriculture Survey 

Organization Description of Organization Member 

Base 

Distribution 

Channel 

Ontario 

Federation of 

Agriculture (OFA) 

The OFA is the largest general farm organization in Ontario. The OFA 

represents the interests of farmers across the province through 

government relations, farm policy recommendations, and media 

relations (Ontario Federation of Agriculture, 2019). 

38000 Included in a 

weekly 

newsletter 

Egg Farmers of 

Ontario (EFO) 

EFO is a supply management and fair farm pricing organization that 

sets production levels to ensure the economic sustainability of the 

Ontario egg industry. The organization also conducts research, product 

promotion, and marketing activities (Egg Farmers of Ontario, 2019). 

400 Distributed 

directly to 

members of 

EFO 

Greenhouse 

Canada Magazine 

Greenhouse Canada is the nation’s only business magazine published 

exclusively for commercial greenhouse growers in Canada. Content 

focuses on issues related to greenhouse producers and provides readers 

with resources and services to help producers increase profitability and 

reach new customers (Greenhouse Magazine, 2019). 

318* Link to survey 

posted on the 

website 

Ontario Soil and 

Crop 

Improvement 

Association 

(OSCIA) 

The OSCIA is a non-profit farm organization that represents various 

commodity groups across the province. The organization is a leader in 

producer education, local association development, program delivery, 

and consumer outreach (Ontario Soil Crop Improvement Association, 

2019). 

3000 Distributed 

directly to 

members of 

OSCIA 

Turkey Farmers of 

Ontario (TFO) 

The TFO is an organization run by producers across the province who 

provide relevant research to turkey farmers about government policies, 

consumer preferences, and market trends about the production and 

consumption of Ontario turkey products (Turkey Farmers of Ontario, 

2019). 

100 Link to survey 

posted on the 

website 

Grain Farmers of 

Ontario (GFO) 

The GFO represents the interests of corn, wheat, and soy producers 

across Ontario by promoting research and marketing activities aimed at 

promoting economic growth in Ontario’s grain industry (Grain Farmers 

of Ontario, 2019). 

2000 Distributed 

directly to 

members of 

GFO 

Ontario Pork Ontario Pork supports pork producers across the province by providing 

producers with information about policy changes, research, 

environmental issues, and market trends related to the production and 

consumption of pork in Ontario and Canada (Ontario Pork, 2019). 

980 Distributed 

directly to 

members of 

Ontario Pork 

Ontario Fruit and 

Vegetable Growers 

Association 

(OFVGA) 

The OFVGA is a non-profit organization whose primary responsibility 

is to lobby on behalf of fruit and vegetable growers to ensure the 

economic sustainability of Ontario’s fruit and vegetable industry 

(Ontario Fruit and Vegetable Growers Association, 2019). 

3500 Distributed 

directly to 

members of 

OFVGA 

Beef Farmers of 

Ontario (BFO) 

The BFO is a producer associated that works with beef farmers in 

Ontario to develop strategies to promote the sustainability and 

profitability of Ontario’s beef sector (Beef Farmers of Ontario, 2019). 

908** Included in 

Monthly 

Newsletter 

*Greenhouse Canada indicated they had 318 unique hits on the electronic survey link. Information on the number of subscribers to the website is 

unavailable. 
**The Beef Farmers of Ontario sent the survey to 908 producers who subscribe to a monthly BFO newsletter 

The organizations listed in table 5.1 play an important role in Ontario’s agricultural sector 

by actively participating in the marketing and endorsement of industry activities, products, and 
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research that may provide valuable information to farmers across the province. This includes 

providing information about new technology as well as informing producers about policy 

changes that may impact farming businesses across the province. 

Nulty (2008) conducts a review of the literature on online survey administration and 

notes that little is known about the response rates obtained in electronic surveys because it is 

difficult to observe how many individuals receive and open electronic surveys. Due to the 

difficulty in obtaining an accurate representation of the number of individuals who received the 

survey, the completion rate of the survey is reported. A total of 169 farmers accessed the 

questionnaire and 51 individuals completed the survey. This represents a 30% completion rate.  

A possible explanation for incomplete survey responses may be due to the fact that 

surveys can be cognitively exhausting for respondents. 16% of respondents who started the 

survey stopped answering questions when arriving at the choice sets asking respondents to 

identify the most and least important adoption incentives. This may be due to the fact that survey 

respondents can easily tire or become bored when presented with repetitive questions (Nunes et 

al., 2016; Cohen, 2009). Another possible explanation for incomplete responses is that farmers 

who received the survey may lack familiarity with blockchains. 20% of respondents who 

accessed the survey did not progress past the cover page of the survey in which a detailed 

description of blockchains is presented. Due to the novelty of blockchains, farmers may feel they 

are unfit or unwilling to answer questions about technology they are unfamiliar with. It is 

important to note that this is only one possible explanation for incomplete surveys as I am unable 

to observe the specific reason(s) why participants chose not to complete the survey. As 

mentioned in section 5.2.1, respondents are given the opportunity to provide feedback on the 

survey. Examples of this feedback are presented in the appendix. 

5.3 Data Description 

5.3.1 Dependent Variables 

The main dependent variables used in this analysis are individual Best-Worst Scaling 

(BWS) scores of blockchain adoption incentives. Individual BWS scores are used to capture 

producers’ preferences for individual blockchain adoption incentives. Furthermore, by using 

BWS scores, one is able to compare incentives to one another based on respondents’ subjective 
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ranking of different incentives of adoption. Cheung et al. (2016) note that BWS scores can be 

used to determine preferences for various attributes by asking respondents to indicate the best 

and the worst in a set of available items or options. BWS scores provide ordinal data pertaining 

to individuals preferences towards different adoption incentives which allows me to observe to 

what extent producers prefer one incentive over another (Flynn, 2010; Aizaki et al., 2016). 

Additionally, O’Chieng and Hobbs (2016) note that by using individual BWS scores as 

dependent variables, one is able to observe whether producers are heterogeneous in their 

preferences for adoption incentives. In this survey, respondents are presented with nine different 

incentives that may encourage the adoption of blockchains in agriculture. Respondents are then 

asked to rank these incentives relative to one another based on their relative importance. A 

detailed description of Best-Worst Scaling methods and data are presented in the following 

chapter. 

5.3.2 Description of Adoption Incentives 

In a review of technology adoption in the U.K. dairy sector, Henson and Holt (2000) find 

that the adoption of technology in agricultural markets is driven by four factors: (1) improving 

internal efficiency, (2) addressing commercial pressures, (3) complying with external 

requirements, and (4) enhancing best practices. Improving internal efficiency refers to those 

factors that may enhance business performance such as improving product quality, enhancing 

farm productivity, reducing costs, and increasing control over production processes. Addressing 

commercial pressures primarily concerns business activities that assist firms in meeting 

consumer demand for food such as altering production or marketing methods. Complying with 

external requirements includes meeting the needs of large customers and adhering to government 

regulation. Lastly, enhancing best practices refers to those activities that can enhance the 

environmental sustainability of production or improve the social welfare of customers and 

stakeholders.  

In this thesis, adoption incentives that are driven by both internal and external factors are 

included. The adoption incentives included in the study are presented in table 5.2 and are 

identified based on the categorization of incentives outlined by Henson and Holt (2000). 
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Table 5.2: Blockchain Adoption Incentives 

Improving Internal 

Efficiency 

Addressing 

Commercial Pressures 

Complying with 

External Requirements 

Enhancing Best 

Practices 

Differentiation  

 

Government Subsidy Reducing Legal Liability  

Improving Brand Image Increasing Market Share Government 

Recommended use  

 

 

Managing Farm Data 

 

 Mandated Use by Buyers   

Reducing Insurance 

Costs 

   

 

As seen in table 5.2, the incentives included in this study can be categorized into three of 

the four groups outlined by Henson and Holt (2000). Adoption incentives are further classified 

into two groups: internal incentives and external incentives. Internal incentives consist of those 

included in the “improving internal efficiency” and “enhancing best practices” group, whereas 

external incentives include those incentives in the “addressing commercial pressures” and 

“complying with external requirements” group. This new grouping of incentives is presented in 

table 5.3. 

Table 5.3: Internal and External Blockchain Adoption Incentives 

Internal Adoption Incentives External Adoption Incentives 

Differentiation  

 

Reducing Legal Liability 

Improving Brand Image 

 

Mandated Use by Buyers 

Managing Farm Data 

 

Government Recommended Use  

Reducing Insurance Costs Government Subsidy 

 

 Increasing Market Share 
  

 

As seen in table 5.3, four internal adoption incentives and five external adoption 

incentives are included in this survey. The following provides a detailed description of these 

incentives. 

(1) I can differentiate my farming business from my competitors by using blockchains 

Blockchains can enable enhancements in the traceability and transparency of agri-food 

supply chains and can be used to verify the authenticity of food products. This includes the 



64 

 

 

verification of credence attributes such as whether food has been grown without the use of 

pesticides or if food has been produced according to fair trade standards (FAO, 2017). The 

ability to provide product traceability and verify food characteristics has been shown to be a 

driving factor in product and firm differentiation in the agri-food sector. Research shows that the 

ability to verify the presence of a desirable quality attribute (e.g., organic) provides opportunities 

for firms to gain a competitive advantage in highly differentiated food markets where consumers 

exhibit diverse preferences (Golan et al., 2004). For example, Hobbs (2006, p. 99) finds that “as 

food firms seek to differentiate their products to gain a competitive advantage, bundling 

traceability with positive quality assurances within a closely monitored supply-chain 

environment can be the source of future competitive advantage.”  

(2) I can use blockchains to improve my farms brand image  

As noted in chapter two, in both domestic and international markets, consumers are 

increasingly demanding product traceability, improved food safety and more reliable quality 

assurances (Trienekens et al., 2012). Van Rijswijk and Frewer (2011) posit that the 

implementation of rigorous and accountable traceability systems may assist in making such 

information available to consumers. By introducing blockchains on their farm, producers can 

address these demands and improve consumer trust in food production, thus improving farm 

brand image (International Trade Centre, 2015; Golan et al., 2004).  

(3) I can use blockchains to reduce potential legal liabilities by proving that I adhere to 

food safety and quality standards 

Markley (2010) states that agri-food firms have an incentive to invest in traceability 

systems because they help minimize the production and distribution of unsafe or poor-quality 

products, which in turn minimizes the potential for bad publicity, liability, and recalls. Golan et 

al. (2004) also note that the main benefit of traceability systems is that they may help firms 

establish the extent of their liability in cases of food safety failure and potentially shift liability to 

others in the supply chain. Traceability systems such as blockchains can help track product 

distribution and target recall activities, thereby limiting the extent of damage and liability borne 

by agri-food producers (FAO, 2017). Although, it is important to note that increased traceability 

may deter producers from adoption blockchains in the event they are the target of legal action 
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associated with failure to adhere to food quality and safety standards. It is assumed, however, 

that a potential adopter will only be motivated to adopt blockchains by a potential decrease in 

legal liability if he/she adheres to quality and safety standards related to agricultural production.  

(4) Buyers are mandating the use of blockchains 

In an overview of farm policy in the U.S., Boehlje and Doering (2000) note that private 

sector firms often play a role in the adoption of new innovations. As a condition to remain a 

business partner, commercial buyers and other supply chain participants may require suppliers to 

adopt new innovations or business practices. Mandated use of technology from large buyers has 

been shown to motivate the adoption of new innovations in agriculture. For example, in a review 

of the incentives that drive the adoption of socially beneficial technology in agriculture, 

O’Chieng and Hobbs (2016) show that farmers are highly motivated to adopt an E. Coli vaccine 

if it is mandated by buyers. Similarly, as noted in chapter two, agribusinesses are increasingly 

exploring the applications of blockchains and some have mandated their business partners to use 

the technology. For example, Walmart and Sam’s Club, two of North America’s largest food 

retailers, announced that starting in September 2019, they will require suppliers of fresh leafy 

greens to implement real-time, end-to-end traceability of products back to the farm using 

blockchains (Kharif, 2018; Kamath, 2018). 

(5) A government subsidy is available to lower the cost of adoption 

Feder and Umali (1993) show that government subsidies can be an effective tool used to 

reduce adoption barriers of new technology and thus achieve optimal diffusion levels. They also 

note that subsidy policies generally increase technology adoption. For example, Hudson and Hite 

(2003) find that a government subsidy is required to encourage the adoption of Precision 

Agriculture technology among a sample of Mississippi crop producers. Subsidies may lower the 

financial costs associated with adoption and may signal to producers that there is demand for 

blockchains in agriculture. However, there is currently no subsidy in Canada available to primary 

producers to lower the cost of adopting blockchains. This incentive is included to better 

understand the extent to which government subsidies may motivate producers to implement 

blockchains on their farm. 
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(6) I can use blockchains to record, access, and manage my farm’s data 

Due to technological advancements in the agricultural industry, Canadian producers are 

generating high volumes of farming data but lack an effective solution to manage, analyze, and 

store this data (Statistics Canada, 2016). Blockchains may provide a solution to this problem 

through the ability to accurately and securely store data in a transparent database. The FAO 

(2017, p. 19) notes that “data generated from transactions in agricultural supply chains provide 

more accurate market information and data for supply chain actors and the public sector, which 

can be used to inform production and marketing decisions, prove a farmer’s track record to 

access credit and strengthen the enabling environment with better-informed policies.” Maru et al. 

(2018) later find that increased access to agricultural data can help farmers plan future 

production, assess yield and product quality, and guide strategic business decisions. Thus, 

farmers may adopt blockchains as a means to access and manage valuable agriculture data. 

(7) I can increase my market share by selling to customers willing to pay a premium 

for traceable food products 

There are several studies that find that consumers are willing to pay a premium for 

traceable food products. Dickinson and Bailey (2002) find that consumers are willing to pay a 

premium for traceable beef products in the United States. Later, Zhang, Bai and Wahl (2012) 

find that consumers are willing to pay a significant price premium for food traceability as well as 

assurances of food safety and quality. Food traceability and the ability to capture additional 

revenue by offering traceable food products have also been shown to have positive impacts on 

the market share captured by agri-food firms. Golan et al. (2004) find that the benefits of 

traceability include higher WTP values for food products which may result in larger potential 

selling markets and increases in market share. Similarly, Chen, Tian and Xu (2019) find that 

organizations can increase both profits and market share after the implementation of traceability 

systems. By being able to authenticate food characteristics, including the safety and quality of 

agricultural goods, farmers using blockchains may benefit by being able to sell food at a 

premium to commercial and retail customers. Farmers may also benefit by accessing new 

markets by meeting federal or international standards for food traceability, safety, and quality. 

 



67 

 

 

(8) The government is recommending the use of blockchains 

The FAO (2017) notes that regulatory control may be made easier with blockchains as 

products can be traced along with data on every registered movement in the supply chain. This 

may allow for legal accountability for fraudulent behaviour in agricultural supply chains. 

Improved food safety and traceability has also been shown to have positive impacts on social 

welfare (Pouliot and Sumner, 2008). As noted in chapter two, investments in new technology 

and innovations, in particular, blockchains, have been identified as key components of the 

economic and environmental sustainability of Canada’s agri-food sector (AAFC, 2017; Advisory 

Council on Economic Growth, 2017). Therefore, adoption may be driven by endorsements from 

local, provincial, or federal governments. However, neither the Canadian nor the Ontario 

government has officially recommended that blockchains be introduced in agriculture. This 

incentive is included to examine whether public-sector endorsement of blockchains will 

encourage adoption. 

(9) I can reduce my insurance premiums by verifying that I adhere to food safety and 

quality assurance standards 

Product liability insurance is a substantial cost for agri-food producers. Markley (2010) 

finds that smaller producers in North America typically have insurance policies well over $1 

million (USD) and that many larger producers can have policies above $5 million (USD). 

Markley (2010) also notes that producers are increasingly seeking out assistance in finding 

adequate and cost-effective product liability insurance in order to minimize operating costs. 

Farmers may reduce their insurance costs by providing evidence that they adhere to food and 

safety standards set out by regulations and government policies. Howard, Edge and Grant (2012) 

suggest that an effective way to reduce insurance premiums is to implement sophisticated 

traceability systems that allow farmers to verify they produce safe, high-quality food. Given that 

blockchains may enhance product traceability, reduce potential legal liability, and verify the 

safety and quality of agricultural production, adoption of blockchains may be motivated by 

verifiable reductions in insurance costs. 



68 

 

 

5.3.3 Independent Variables 

The selection of independent variables included in this analysis is guided by the 

technology adoption literature and the literature on blockchain applications in agriculture. This 

section provides a brief discussion of the variables included, how they are measured, and how 

they have been used in previous research.  

Age is a categorical variable (1-6) that captures the age category that a producer falls 

within. The categories are divided into: (1) under 25 years, (2) 26-35 years, (3) 36-45 years, (4) 

46-55 years, (5) 56-65 years, and (6) 65+ years. Davey and Furtan (2008) note that younger 

operators have longer planning horizons to recoup investments in technology and may therefore 

exhibit lower levels of risk aversion relative to older farmers. Simtowe et al. (2016) find that the 

age of a producer negatively influences access to and willingness to obtain information about 

novel technology. Therefore, younger producers may differ in their preferences towards certain 

adoption incentives relative to older farmers. 

Education is a categorical variable that captures the level of formal education a farmer 

has received. The categories are divided into: (1) elementary school, (2) secondary/high school 

diploma, (3) college/trade school certificate, and (4) university degree. Following the work of 

Jones (2018), a dummy variables is coded that takes the value of 1 if a producer has a university 

education and 0 otherwise. Becker (1994) notes that although farming experience can be a 

preferred measure in an environment in which accumulated knowledge does not depreciate or 

become obsolete, formal education is widely considered to be the most important form of human 

capital. A number of empirical studies have shown the positive effect of formal education on the 

adoption of technology. For example, education is found to have a positive effect on the adoption 

of forward pricing methods (Goodwin and Schroeder, 1994), genetically engineered crops 

(Fernandez-Cornejo et al., 2005), information communication technology (Lio and Liu, 2006), 

and the internet (Mishra et al., 2009). Farmers’ education level can also have direct impacts on 

risk attitudes and access to information, which may influence how producers respond to 

blockchain adoption incentives. 

Gender is a dummy variable coded as 1 if the producer is male and 0 otherwise. Mishra 

et al. (2015) note that among farmers that have low rates of technology adoption, female farmers 
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form the majority of non-adopters. This is supported by the findings of Zhou et al. (2008) and 

Tanellari et al. (2014) who find that male farmers are more likely to adopt novel technology and 

farming practices. While males tend to have higher adoption rates than females, some studies 

have found gender to have an insignificant effect on the adoption of new technology (Overfield 

and Flemming, 2001).  

Farm Business Structure refers to the corporate structure of a farm where (1) refers to 

sole ownership, (2) refers to a partnership, (3) refers to a corporate farm, and (4) refers to a 

family farm. The literature specifically examining the role of farm business structure on 

technology adoption is scarce. However, Wolf and Widmar (2014) find those farm businesses 

that are not organized as sole proprietorships are more likely to have adopted forward pricing 

programs.  

Risk Attitudes are considered an important determinant influencing the technology 

adoption decisions of individual producers (Pannell et al., 2006). To elicit producer risk attitudes, 

this study follows the work of Reynaud and Couture (2010) and Blais and Weber (2006) and 

uses domain-specific risk-taking (DOSPERT) questions to ask producers’ of their willingness to 

tolerate risk in five categories – general risk-taking, technology adoption risk-taking, farm-

business risk-taking, health risk-taking, and financial risk-taking. The risk attitude questions are 

formulated in a 0 to 10 Likert scale format, where 0 represents not at all willing to take risks and 

10 represents very willing to take risks. Dohmen et al. (2011, p. 524) use similar questions to 

elicit individual risk attitudes and find that “qualitative survey measures can generate a 

meaningful measure of risk attitudes, which maps into actual choices in lotteries with real 

monetary consequences.” However, this measure does not specifically indicate whether a farmer 

is risk-averse, risk-neutral, or risk-loving, but rather, it provides a relative degree of risk 

tolerance. As mentioned in chapter three, the relationship between risk attitudes and technology 

adoption is not consistent in the literature. For example, Ward and Singh (2014) find a positive 

relationship between risk aversion and the adoption of enhanced rice varieties, whereas Sauer 

and Zilberman (2010) find a negative relationship between risk aversion and the adoption of 

agricultural technology. Despite inconsistent findings in the literature, risk attitudes have been 

found to play significant roles in explaining the adoption patterns of new technology. Therefore 

it is expected that risk attitudes will influence producers’ ranking of blockchain adoption 
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incentives. For example, more risk-averse farmers may respond more to risk-reducing incentives 

such as government subsidies or reducing legal liability, whereas producers exhibiting lower 

rates of risk aversion may be more influenced by incentives such as business differentiation and 

managing farm data. 

Information Sources is a discrete count variable that captures the number of sources 

producers use to obtain information about agricultural technology. Producers are provided with a 

list of information sources and asked to identify which sources they rely on to obtain information 

about new agricultural technology. These sources include, for example, universities, producer 

groups, other farmers (peers), and government institutions. Ford and Babb (1989) note that the 

degree of information available to farmers is a function of the number of available information 

sources. Jones et al. (2010) later find that the number of information sources used by farmers 

directly enhances their ability to obtain and utilize information about agricultural technology. 

Lambert et al. (2015) and Uwandu, Thomas and Okoro (2018) find that the more sources of 

information used, the more likely a farmer is to adopt new technology. However, it is important 

to note that the number of information sources does not capture the content or quality of 

information available to producers. Given the novelty of blockchains, it is expected that the 

number of information sources will influence producers’ preferences towards adoption 

incentives. Producers utilizing more information sources may be better informed about the costs 

and benefits of the technology.  

Frequency of contact is a categorical variable used to capture how often producers’ 

reach out to information sources to obtain information about agricultural technology. The 

categories are divided into: (1) annually, (2) bi-annually, (3) quarterly, (4) monthly, (5) weekly, 

and (6) daily. Ntshangase et al. (2018) note that frequent contact with information sources 

generally increases the odds of technology adoption. Similarly, both Wozniak (1987) and 

Adegbola and Gardebroek (2007) find that farmers who actively seek out information from 

extension services and other information sources report higher levels of awareness and 

knowledge of available technology, which generally translate into increased adoption rates. 

Similar to the number of information sources, the frequency with which producers communicate 

with information sources does not capture the content or quality of information available to 

producers. 
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Farm Size is a categorical variable (1-11) that captures the size (in acres) of a farm. The 

categories are divided into: (1) under 10 acres, (2) 10-69 acres, (3) 70-129 acres, (4) 130-179 

acres, (5) 180-239 acres, (6) 240-399 acres, (7) 400-559 acres, (8) 560-759 acres, (9) 760-1,199 

acres, (10) 1,120-1,599 acres, and (11) 1600 acres or larger. These categories are derived from 

the measurement of farm size used in the 2016 Ontario Census of Agriculture. In the analysis, 

these categories are further collapsed to the following categories: (1) under 179 acres, (2) 180-

559 acres, (3) 560-1119 acres, and (4) 1120 acres or larger. Lund (1983) notes there is no 

generally accepted measure of farm size in the agricultural economics literature, although 

acreage is a common measurement used in several studies. Farm size is commonly used as a 

determinant of adoption in the agricultural economics literature (Feder et al. 1985; Wolf and 

Widmar 2014; Barham et al. 2004). However, very few studies examine how farm size 

influences producers preferences for different incentives of technology adoption. Blockchains 

have multiple applications that may address different issues in agriculture and, therefore, it is 

expected that farm size will influence producers’ preferences for blockchain adoption incentives. 

For example, larger farms may produce more agricultural data which may make the ability to 

better manage farm data more appealing to larger operations.   

Exporter is a dummy variable coded as 1 if a producer is an exporter and 0 otherwise. 

The literature examining the role of trade involvement and technology adoption is limited, 

although a few studies have provided insights. Lileeva and Van Biesebroeck (2010) note that 

exposure to trade activity encourages the adoption of technology through its effect on increasing 

market shares. Similarly, Erdington and McCalman (2007) note that globalization, through 

increased competition in both domestic and international markets, may force firms to adopt new 

technology in order to improve productivity levels. In the context of international trade, Ganne 

(2018, p. 111) suggests “blockchains could empower individuals and companies around the 

globe to make transactions more efficiently, economically, and quickly while retaining a high 

level of security and could have a significant impact on the way trade operations are conducted.” 

Exporting farms may have greater interest (versus non-exporters) in adopting as blockchains can 

assist firms in disseminating information about the quality, safety, and characteristics of food, 

therefore enabling them to meet federal and international trade regulations. Exporting farms may 
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also be incentivized to adopt blockchains as a means to enhance their presence in international 

markets through improving their brand image and differentiating their business. 

Farm Type is a variable used to observe the type of farm a producer earns most of 

his/her farm income from. Based on the 2016 Ontario Census of Agriculture, farms in Ontario 

are categorized into one of sixteen types: Corn farming, Soybean farming, Wheat farming, Beef 

cattle ranching, Dairy cattle and milk production, Sheep and goat farming, Chicken egg 

production, Hog and pig, Greenhouse, nursery and floriculture, Fruit and tree nut, Vegetable 

and melon farming, Turkey production, Horses and equine, Hay farming, Tobacco farming, 

Broiler and other meat-type chicken production.  

Membership is a dummy variable coded as 1 if a farmer is a member of a producer 

group/association/organization and zero otherwise. Participation in producer organizations has 

been shown to increase farmers knowledge of new technology, improve information 

accessibility, and enhance the transfer of knowledge between farmers (Shiferaw et al., 2015). It 

has also been shown that farmer groups function as an important mechanism for improving farm 

productivity through reduced technical inefficiency in input use (Herbert et al., 2015). Producers 

participating in organizations may also benefit from private sector partnerships that could 

provide access to new technology.  

 Knowledge of Digital Farming Technology is a self-reported measure of a producer’s 

knowledge level of digital farming technology such as RFID, robots, GPS, and precision 

agriculture equipment. Respondents are asked to identify which of the following most accurately 

captures their subjective knowledge of digital farming technology: (1) very unfamiliar, (2) 

somewhat unfamiliar, (3) somewhat familiar, and (4) very familiar. Several studies show that the 

level of knowledge a producer has about technology has a direct impact on the adoption of 

agricultural innovations. Adegbola and Gardebroek (2007) find that producers with high levels 

of knowledge about agricultural technology are more likely to adopt. Shiferaw et al. (2015) later 

find that producers with access to knowledge and information about enhanced farming methods 

are more likely to use alternative production methods versus those farmers with lower levels of 

knowledge. Farmers reporting higher levels of knowledge of digital farming technology may 

respond differently to certain adoption incentives as they may be more aware of the costs and 
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benefits of blockchains versus farmers reporting lower levels of knowledge. Furthermore, 

farmers reporting low levels of technical knowledge may rely more on risk-reducing incentives 

in order to mitigate the uncertainty associated with the adoption of blockchains. 

 Belief in Digital Farming Technology is a variable used to capture producers’ 

subjective perceptions regarding the effectiveness and usefulness of digital farming technology. 

Respondents are asked to indicate on a three-point Likert scale (agree, disagree, neither agree nor 

disagree) whether they agree with the following three statements: (1) The adoption of digital 

farming technology is necessary to remain competitive and essential to the success of my farm 

and business, (2) Digital technology improves farm productivity, and (3) Digital farming 

technology can help farmers make better farm-business decisions. Studies in the agricultural 

economics literature have used similar scales in the past to observe individuals’ attitudes towards 

products. Hailu et al. (2017) highlight the importance of dairy producers’ belief in genomic 

technology and find that stronger (positive) beliefs in genomics result in higher willingness to 

pay (WTP) values for genotyping. Similarly, Boaitey (2017) finds that stronger beliefs in 

genotyping for improvements in feed efficiency result in increased WTP estimates for beef 

producers.  

Experience is a categorical variable (1-6) that captures the number of years a producer 

has been farming for. The categories are divided in the following manner: (1) less than 5 years, 

(2) 6-10 years, (3) 11-15 years, (4) 16-20 years, (5) 21-25 years, and (6) more than 26 years. 

Farming experience plays an important role in producers’ technology adoption decisions as it 

may have direct impacts of his/her knowledge of available technology. For example, Adesina 

and Zinnah (1993) find that experience is positively related to the ability of farmers to obtain, 

process, and use information relevant to novel production methods. Foster and Rosenzweig 

(1995) later show that an increase in farming experience leads to increasing levels of farm 

profitability associated with the adoption of technology.  

Number of Distribution Channels is a discrete count variable that captures the number 

of distribution channels through which a producer markets and sells his/her products. Survey 

participants are provided with a list of five distribution channels (processor, distributor, direct 

marketing, large retailer, and small retailers) and asked to identify which channels they use to 
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distribute their products. Franken and Pennings (2005) note that due to enhancements in 

technology and dynamic consumer demand for food, producers market and sell their products 

through a variety of distribution channels. The choice of distribution channel may have direct 

implications on the production and marketing methods used by producers to meet consumer 

demand for food.  

Willingness to Adopt Blockchains is a binary variable coded as 1 if a farmer indicates 

that they would be willing to adopt blockchains on the farm and 0 otherwise. Although 

willingness to adopt is commonly used as a dependent variable in technology adoption studies 

(Evans et al., 2017; Ainembabazi et al., 2015), this research uses the propensity to adopt 

blockchains as an independent variable.  

Prior Awareness of Blockchains is a binary variable coded as 1 if a farmer indicates 

that they were aware of blockchains before they received the survey and 0 otherwise. Adegbola 

and Gardebroek (2007) note that adoption decisions are conditional upon producers being aware 

of available technology and that farmers that do not have adequate knowledge of a technology 

before it is available, cannot make an informed decision to adopt. Collecting information on 

producers’ awareness of blockchains also allows me to observe whether Ontario producers are 

informed about the applications of blockchains in agriculture. It is important to note that this 

variable captures the awareness of blockchains but does not capture the degree to which an 

individual is informed about the potential applications of blockchains. 

Familiarity with Blockchains is a self-reported measure of producers’ familiarity with 

blockchains. Respondents are asked to indicate, on a scale of 1 to 4, how knowledgeable they are 

about blockchains, where 1 refers to very unfamiliar, 2 refers to somewhat unfamiliar, 3 refers to 

somewhat familiar, and 4 refers to very familiar. Adoption rates and patterns of new technology 

can often be explained by farmers’ endowments of knowledge and information. For example, 

Feder and Slade (1982) note that improved knowledge regarding new technology is one of the 

main dynamic elements of innovation adoption processes. They also note that differences in 

knowledge between potential adopters may explain large divergences in adoption rates. 

Outsource is a binary variable coded as 1 if a producer outsources digital technology 

services, such as yield monitoring or soil sampling, and 0 otherwise. As farmers across Canada 
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continue to use technology at increasing rates, some producers are choosing to hire technology 

consultants that offer agricultural, production, and marketing expertise (Maclean, 2018). 

5.3.4 Barriers to Adopting Blockchains in Agriculture 

This research also examines the barriers to adoption that may discourage Ontario 

producers from using blockchains on the farm. Long, Blok and Coninx (2016) show that barriers 

slowing the adoption and diffusion of agricultural technology exist both on the demand (user) 

and supply (technology provider) side. Other researchers show that examining the factors that 

may discourage the uptake of new innovations is critical to ensuring the implementation of 

effective interventions that can overcome adoption barriers (FAO, 2017; Atkin et al., 2017). 

Golfarb (2002) also notes that researchers must consider the barriers to technological change 

especially when the analysis is being conducted ex-ante.  

Survey respondents are presented with the following barriers and asked to indicate 

whether they would deter them from adoption blockchains. A detailed review of some of the 

barriers that may discourage the diffusion of blockchains in the agricultural industry is also 

provided in chapter two. 

Lack of Knowledge 

Producers unaware about the costs and benefits of novel technology are unable to make 

an informed decision to adopt (Adegbola and Gardebroek, 2007). To determine whether 

producers are concerned about not being familiar enough with blockchains to make the decision 

to adopt, the following barriers are included: (1) I do not know enough about blockchains to 

make the decision to adopt, (2) I do not see a need for blockchains on my farm, and (3) Not 

enough other farmers are using blockchains.  

Uncertainty Regarding Blockchain Benefits 

Although increasingly being implemented in agricultural sectors across the globe, there 

remains a high degree of uncertainty regarding the benefits of blockchains (Ge et al., 2017). 

Producers may be hesitant to adopt blockchains on their farm due to uncertainties regarding how 

the technology may benefit their farming business. The following barriers are included to 

examine whether this uncertainty may deter farmers from using blockchains: (1) I am uncertain 
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whether blockchains will fit my marketing needs, (2) I am uncertain whether the adoption of 

blockchains will help me meet my customers’ needs, and (3) I am uncertain whether the adoption 

of blockchains will improve food safety.  

Technology Concerns 

As noted by Goldfarb (2002), barriers to adoption can often take the form of technical 

issues associated with a particular innovation rather than individuals’ subjective perceptions 

about the benefits associated with the technology. To ensure that potential concerns regarding the 

technical elements of blockchains are accounted for, the following barriers to adoption are 

included in this study: (1) I have concerns over sharing my farms data with customers and/or 

other farmers, and (2) I have concerns over food-borne disease(s) or contaminated food being 

traced back to my farm. In chapter two, it is noted that blockchains can be used by producers to 

disseminate information about the production of food to business partners and industry 

stakeholders. While information sharing may benefit actors in different stages of the supply 

chain, producers may be hesitant to communicate some information about how they produce, 

distribute, and market their agricultural products (FAO, 2017). Producers may also be concerned 

about the potential of legal action and financial penalties associated with unsafe, poor quality or 

contaminated food being traced back to their farm. 

Table 5.4: Barriers to Adoption 

Lack of Knowledge Uncertain About Benefits Technology Concerns 

I do not know enough about 

blockchains to make the decision to 

adopt 

 

I am uncertain whether blockchains 

will fit my marketing needs 

I have concerns over sharing my 

farms data with customers and/or 

other farmers 

I do not see a need for blockchains 

on my farm 

I am uncertain whether the adoption 

of blockchains will help me meet 

my customers’ needs 

 

I have concerns over food-borne 

disease(s) or contaminated food 

being traced back to my farm 

Not enough other farmers are using 

blockchains 

I am uncertain whether the adoption 

of blockchains will improve food 

safety 
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6 Methods 

6.1 Introduction 

This chapter illustrates the motivations behind using a Best-Worst Scaling (BWS) 

approach to elicit farmers preferences towards different incentives that may motivate the 

adoption of blockchains in Ontario. First, an overview of the Best-Worst Scaling method is 

presented including a discussion on the conceptual and analytical framework that underpins 

BWS. Second, a literature review discussing how BWS has been used by researchers is 

presented. Lastly, this chapter introduces an empirical framework of the latent class (LC) cluster 

analysis used to identify whether producers are heterogeneous in their preferences towards 

blockchain adoption incentives. 

6.2 Best-Worst Scaling 

6.2.1 Overview of Best-Worst Scaling 

Best-Worst Scaling was developed by Louviere and Woodworth (1990) as an extension 

of Thurstone’s (1927) method of paired comparisons. Best-Worst Scaling (BWS) models the 

cognitive process by which survey respondents select two objects (one “best” object and one 

“worst” object) in varying sets containing three or more objects (Goodman et al., 2005). The two 

objects selected by an individual are chosen to exhibit the largest difference in an underlying 

continuum of interest (Finn and Louviere, 1992). From the perspective of this study, the BWS 

approach is applied to examine the relative importance of various incentives that may drive the 

adoption of blockchains in Ontario’s agri-food sector. Using a BWS approach allows me to 

observe the most important and the least important adoption incentives among a larger set of 

incentives presented in a series of repeated choice sets. 

BWS is an attribute-based method of stated preference that is used to examine the relative 

importance of a set of attributes allowing the greatest of discrimination through multiple sets of 

trade-offs (O’Chieng, 2015). Alternative methods used to elicit preferences for individual 

choices among larger choice sets include Likert scales, discrete choice experiments, and ranking. 

A review of these methods is presented below. 
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A common form of a rating scale is the Likert-type scale where subjects are asked to 

measure their own personal rating for a given attribute. Researchers employing Likert scales 

often use adjectival descriptors to label categories (e.g., “important,” “not important,” “fair,” 

“very fair”). One issue with this type of ranking is that survey respondents do not use ratings 

homogenously, thus the meaning respondents associate to each category in a Likert scale 

influences the perceived distance between categories (Cohen 2009; Crask and Fox, 1987). For 

example, the distance in a Likert scale between five and six for one individual may be different 

from that of another individual. Therefore, unless one choice clearly dominates, it is difficult to 

identify the most important attribute reported by a sample of survey respondents (Goodman et 

al., 2005). These differences can oftentimes be statistically significant and demonstrate the 

difficulty in assessing whether a rating of 4.3 out of 6 is meaningfully different than a rating of 

4.8 out of 6 (O’Chieng, 2015). Another issue with Likert scales is that each attribute is frequently 

measured with a single item rating scale thus making the reliability and validity of the scale 

unknown outside the context of that survey and can make it difficult for researchers to 

extrapolate or generalize findings to a larger population (Cohen, 2009). 

Another commonly used method in the economics literature is Discrete Choice 

Experiments (DCE). Similar to BWS, DCE’s are attribute-based methods of stated preferences 

that are based on the underlying assumption that consumer preferences can be described by their 

attributes and that an individuals’ valuation of preferences depends upon the levels of these 

attributes (Bekker-Grob et al., 2012). In DCE’s, attributes are presented in various combinations 

and survey respondents are asked to make trade-offs between choice sets (O’Chieng, 2015). 

Cohen (2009) notes that one of the main disadvantages of DCE’s is that the design and analysis 

are complex and may require the use of sophisticated computer programs. An additional 

limitation of DCE’s is the difficulty of interpreting data including the inability to compare 

utilities across different experiments (Louviere et al., 2000). Therefore, many researchers tend to 

use simple scales for surveys (e.g., Likert scales) but can then run into problems associated with 

using simple scales, some of which were discussed in the previous paragraph. 

Ranking is another method used to evaluate the relative importance of attributes amongst 

a larger set of attributes. Ranking entails survey respondents to rank attributes in terms of 

specific characteristics (O’Chieng, 2015). In the case of this research, ranking would constitute 
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survey respondents to rank the different incentives for adopting blockchains. This task is often 

considered straightforward by respondents if the number of attributes to rank is small, although 

as the number of attributes increases, so does the effort required by respondents (Cohen, 2009). 

As suggested by Thurstone (1927), one may simplify this process by using paired comparisons. 

Using paired comparisons allows respondents to select which attributes are “more important” 

than others. While this may simplify ranking methods used to analyze survey data, Cohen (2009) 

explains that given n items (attributes to rank), the number of possible pairs is equal to n(n+1)/2. 

Therefore, as the number of attributes increases, so does the number of pairs respondents are 

asked to rank. For example, for 5 items one would need 15 pairs to be compared, but for 10 items 

one would need 55 pairs to be compared. To overcome this limitation, one may group attributes 

into manageable subsets of three or four items. Survey respondents are then presented with three 

or four options (instead of a pair) to rank in terms of importance.  Therefore, as n increases, the 

number of subsets decreases (O’Chieng, 2015). For example, by using a Balanced Incomplete 

Block Design (BIBD), respondents can then choose the most important (“best”) and least 

important (“worst”) items in a set of three or four items instead of ranking each of the three or 

four items in the choice set (Cohen, 2009). 

6.2.2 Conceptual Framework for Best-Worst Scaling 

Best-Worst Scaling is underpinned by random utility theory (RUT) which also provides the 

foundation for discrete choice experiments used in several market research and economics 

publications (Louviere et al., 2013). RUT assumes that individuals’ preferences for two objects 

are a function of the frequency with which one object is selected as better than (or preferred to) 

another object, therefore requiring individuals to make choices stochastically (with some error). 

In Thurstone’s (1927) paper, he notes that RUT requires individuals to make errors in their 

choices thus allowing model parameter estimates to be derived. These model parameter estimates 

can be termed as “scale values” which can measure the locations of each object on an underling 

subjective scale of interest (Louviere et al., 2013). To provide tractable, closed-form solutions to 

accommodate choices from sets of three or more objects, McFadden (1974) generalizes 

Thurstone’s RUT model: 
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 𝑆𝐴 = 𝑉𝐴 + 𝐸𝐴 (6.1) 

 𝑆𝐵 = 𝑉𝐵 + 𝐸𝐵 (6.2) 

 𝑆𝐶 = 𝑉𝐶 + 𝐸𝐶  (6.3) 

 𝑆𝐷 = 𝑉𝐷 + 𝐸𝐷 (6.4) 

 

Above, the true subjective scale value (𝑆𝐾) of the kth object consists of two components, the 

observed value, 𝑉𝐾, and error terms, 𝐸𝐾. The observed value (𝑉𝐾) is systematic (explainable) and 

errors (𝐸𝐾) are random (unexplainable). McFadden (1974) notes that the random component 

implies that one is unable to predict the choice an individual will make but can predict the 

probability of this choice being made. Assuming all options (A, B, C, D) are available to an 

individual, the choice probability that choice A is selected as the best choice is expressed: 

 P(A = best|A, B, C, D) = P[(𝑉𝐴 + 𝐸𝐴) > (𝑉𝐾 + 𝐸𝐾)] (6.5) 

 

Thus, the probability of choice A being selected as the most preferred choice from the 

entire choice set is equivalent to the probability of the unobservable subjective value of choice A 

being greater than the subjective value of all other options (O’Chieng, 2015). McFadden furthers 

his generalization of Thurstone’s (1927) RUT model by deriving the conditional logit model by 

assuming error terms are independently and identically distributed (I.I.D.). The choice 

probabilities for this model have the following closed-form expression: 

 
P(A =  best|A, B, C, D)  =

exp (𝑉𝐴) 

[exp(𝑉𝐴) + exp(𝑉𝐵) + exp(𝑉𝐶) + exp (𝑉𝐷)]
 

(6.6) 

 

This study uses a similar approach as Erdem and Rigby (2013) and O’Chieng (2015) by 

using RUT to model decisions and attitudes (i.e. perceptions of the relative importance of 

blockchain adoption incentives) as opposed to maximizing the utility one gains from a good or 

service. Survey respondents are assumed to select incentives that maximize the level of 

satisfaction in terms of the perceived desirability of different adoption incentives of blockchains. 

A simplified RUT model is as follows: 
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 𝑈𝑖𝑗,𝑡 =  𝐵𝑖𝑋𝑖𝑗 + 𝐸𝑖𝑗,𝑡 (6.7) 

where 𝑈𝑖𝑗,𝑡 represents individual i’s utility from the selection of choice j in a choice set t 

= {1, 2,…K), 𝐵𝑖 and 𝑋𝑖𝑗 are individual i’s utility parameter vector and the vector of attributes 

(adoption incentives) associated with alternative j, respectively, and 𝐸𝑖𝑗,𝑡 is the error term 

representing the stochasticity, or randomness, of individuals i’s choice selection. According to 

Adamowicz et al. (1998) and Lusk (2003), the error term in the RUT model allows researchers to 

make probabilistic statements about individual i’s behaviour. In this study, individual i’s 

behaviour is a farmer’s choice behaviour regarding preferences towards adoption incentives.  

According to Louviere et al. (2013), assuming individual i chooses incentive j and 

incentive k as the best and worst, respectively, out of a choice set, the probability that individual i 

selects j over k is equal to the probability that the differences in utilities associated with each 

choice, 𝑈𝑖𝑗,𝑡 and 𝑈𝑖𝑘,𝑡, is greater than all J(J-1)-1 possible differences in the choice set. In other 

words, the probability that individual i selects one incentive over another is the maximum 

difference in utilities associated with this selection, given all other possible differences in the 

choice set. Assuming errors are distributed I.I.D, we observe this probability in logit form: 

 Prob(𝑗 is chosen best and 𝑘 is chosen worst) =  

exp (𝑈𝑖𝑗, 𝑡−𝑈𝑖𝑘, 𝑡) 

∑ ∑ exp (𝑈𝑖𝑙, 𝑡−𝑈𝑖𝑚, 𝑡)𝐽
𝑚=1

𝐽
𝑙=1

 

 

(6.8) 

6.2.3 Best-Worst Scaling: A Three Case Approach 

The BWS method is divided into three types: object (case 1), profile (case 2), and multi-

profile (case 3). For the purposes of this research, case 1 is used as researchers find it is the most 

suitable for perceiving the relative evaluation (importance) of multiple items available to survey 

respondents to choose from (Mori and Tsuge, 2017). 

Case 1 BWS is considered to be appropriate when a researcher is interested in the relative 

values associated with each of a list of objects (Louviere et al., 2012). Once a researcher has 

chosen a set of objects (attributes), he/she then presents choice sets to respondents to obtain best 

and worst data. In Case 1 BWS, statistical designs are implemented that include some (or all) 
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subsets of all possible items which facilitate inferences about the value associated with the wider 

list of objects (Louviere et al., 2012). Figure 6.1 presents an example of a Case 1 BWS choice 

set.  

Please consider you are out shopping and want to buy apples. Tick which attribute is 

most and least important to you. 

Least Important Attribute Most Important 

o  Production Method o  

o  Price o  

o  Packaging o  

o  Appearance o  
 

Figure 6.1: An Example of a Case 1 BWS Choice Set 

Source: O’Chieng (2015) 

Case 2 BWS has primarily been used in valuation studies concerning general population 

preferences, such as quality of life attributes. Choice sets in case 2 BWS experiments have the 

structure of a single profile, however, respondents are not required to value the profile as a whole 

but rather must consider the attribute-levels that describe it and choose the best (most attractive) 

and worst (least attractive) attribute (Louviere et al., 2012). Adamsen et al. (2013) and Potoglou 

et al. (2011) state that is it generally acknowledged that utilizing a case 2 BWS approach is most 

appropriate when respondents have no experience with decision making in the area of 

investigation and warrants profiles to be presented one at a time. Figure 6.2 presents an example 

of a case 2 BWS choice set.  

Please consider you are out shopping and want to buy apples. Tick which apple is most 

and least important to you 

Apple 1 Apple 2 

Organic Conventional 

Price: $8.99/kg Price: $6.99/kg 

Packaged Packaged 

Grade: B Grade: A  

Best  Best 

Worst Worst 

 

Figure 6.2: An Example of a Case 2 BWS Choice Set 

Source: O’Chieng (2015) 

Similar to case 1, case 3 BWS requires respondents to choose the least and most 

attractive attribute or option presented in a choice set with the distinction that emphasis is not on 

the content presented but on the structure and information contained in the presentation of the 
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choice set (Louviere et al., 2012; O’Chieng, 2015). Thus case 3 BWS is an extension of both 

case 1 and case 2 with the primary difference being that profiles are presented together. Figure 

6.3 presents an example of a case 3 BWS choice set.  

Please consider you are out shopping and want to buy apples. Tick which apple is most 

and least important to you. 

Apple 1 Apple 2 Apple 3 

Organic Conventional Organic 

Price: $8.99/kg Price: $6.99/kg Price: $7.99/kg 

Packaged Packaged Loose-Weight 

Grade: B Grade: A Grade: A 

   

Best Best Best 

Worst Worst Worst 

 

Figure 6.3: An Example of a Case 3 BWS Choice Set 

Source: O’Chieng (2015) 

This research aims to elicit the relative importance of various adoption incentives of 

blockchains to Ontario farmers. Therefore, adoption incentives must be presented with one 

another and not individually. This necessitates survey respondents to identify which adoption 

incentive is most important and which is least important in relation to one another. It is important 

to note that a case may be made for utilizing case 2 BWS as blockchains have only been recently 

introduced in the Canadian agricultural industry. However, case 2 BWS may omit valuable 

information. For example, figure 6.2 shows that if an individual demonstrates that he/she prefers 

apple 2 over apple 1, it is difficult to determine the underlying reason why this choice is made. 

For example, apple 2 may be preferred to apple 1 because it is conventionally grown, it is 

cheaper than apple 1 or it is graded higher. One is unable to observe the motivation behind this 

choice and can rather only observe the choice itself. Therefore, following the work of O’Chieng 

and Hobbs (2016), a case 1 BWS method is used in order to observe the specific reasons why 

Ontario farmers may adopt blockchains on their farm. 

Researchers note that there are many advantages of utilizing a case 1 approach over 

alternative BWS methods. Louviere et al. (2013) state that although researchers are primarily 

interested in the “best” choices in a given choice set, case 1 also allows one to collect valuable 

information about the “worst” choices. The authors find that the worst (“least important”) 

information is also useful as it can provide more reliable information versus those of middle 
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choices. In the context of this study, examining what adoption incentives are least important to 

producers can help identify those incentives that are of little to no interest to Ontario farmers and 

that will be unlikely to encourage the diffusion of blockchains. Cheung et al. (2016) later note 

that choice sets in case 1 BWS experiments have the structure of a single profile and therefore 

reduce the cognitive burden that may discourage participants from completing questionnaires. 

The authors also posit that case 1 BWS analyses are most appropriate when examining relative 

preferences for various choices.  

6.2.4 Analytical Framework for Case One Best-Worst Scaling Experiments 

The survey used in this research is constructed such that each adoption incentive appears 

four times across all choice sets. When analyzing the data, by taking the difference in the number 

of times an incentive is chosen as the “best” and the number of times the same incentive was 

chosen as “worst,” we approach a close approximation of the true scale values; the values 

obtained through a multinomial logit model (Lusk and Briggeman, 2009; Mori and Tsuge, 2017). 

Marley and Louviere (2005) show that as long as the experimental design is balanced, BWS 

provides results that are in close approximation with multinomial logit models. A description of 

BWS experimental designs is provided in section 6.2.5. 

The outcome of BWS calculations yield the individual level scales for each adoption 

incentive included in the survey. In other words, BWS results show how much respondents 

prefer specific individual incentives over others. The relative importance of each adoption 

incentive is conditional on both the number of respondents and the frequency of each attribute 

appearing in the choice sets. Recall that each adoption incentive is presented a total of four times 

across all choice sets and, as suggested by Cohen (2009), a standard BWS score for a given 

incentive becomes: 

 
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐵𝑊𝑆 𝑆𝑐𝑜𝑟𝑒 =

𝐶𝑜𝑢𝑛𝑡(𝐵𝑒𝑠𝑡) –  𝐶𝑜𝑢𝑛𝑡(𝑊𝑜𝑟𝑠𝑡)

𝑡𝑛
 

(6.9) 

 

where Count(Best) and Count(Worst) refer to the number of times an incentive was chosen as the 

best (most important) and worst (least important), respectively, t refers to the frequency of the 
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appearance of each adoption incentive across all choice sets (t = 4), and n is the total number of 

observations.  

Equation (6.9) ensures that the individual level scores (Standard BWS Scores) for each 

adoption incentive can only range from -4 to 4 and any score outside of this range indicates 

errors in the data (Cohen, 2009; O’Chieng, 2015). A positive Standard BWS Score for an 

adoption incentive indicates that this incentive was more frequently chosen as the most 

important, while a negative Standard BWS score indicates that an incentive was chosen as the 

least important more frequently than most important. Goodman et al. (2005) note that the reason 

for the standardization of a BWS score is to allow for comparison amongst different groups of 

respondents. Therefore, one can observe how different subsets of respondents differ in their 

perception of the relative importance of various adoption incentives of blockchains. 

Marley and Louviere (2005) further this standardization by using BWS Scores to 

calculate a maximum difference scale that allows researchers to determine the rank ordering of 

the incentives in terms of their relative importance. An additional method of determining rank 

order is presented by Adamsen et al. (2013) who suggest that taking the square root of the 

quotient of the total best and total worst scores yields ratio scores that allows one to compare 

importance levels of adoption incentives. Further, by scaling this quotient by a factor such that 

the most important incentive is indexed at 1.00, Adamsen et al. (2013) conclude that this allows 

for easy interpretation and full comparison across incentives. The resulting coefficients thus 

measure the choice probabilities of each adoption incentive compared to the most important 

adoption incentive (Marley and Louviere, 2005; Cohen, 2009; Lee et al., 2008). The formulation 

of these Standard BWS Scores then allows one to observe heterogeneity in data such that one can 

observe whether survey respondents differ in their preferences towards different adoption 

incentives (O’Chieng, 2015). In this study, this score is referred to as the relative importance 

score and is calculated as follows: 

 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 =  √
𝑇𝑜𝑡𝑎𝑙(𝐵𝑒𝑠𝑡)

𝑇𝑜𝑡𝑎𝑙(𝑊𝑜𝑟𝑠𝑡)
 

(6.10) 
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6.2.5 Design of Best-Worst Choice Sets: Balanced Incomplete Block Designs 

For BWS experiments to yield accurate results, researchers must ensure that choice sets 

are balanced. The literature on BWS experiments suggests using Balanced Incomplete Block 

Designs (BIBD) to ensure that respondents are presented with well-designed and well-

performing choice sets (O’Chieng and Hobbs, 2016; Marley and Louviere, 2005). This includes 

ensuring that BWS questions are constructed in a way that allows for direct comparison across 

individual choices.   

A Balanced Incomplete Block Design (BIBD) is a set of t elements which are allocated to 

bk-element subsets where b refers to the number of choice sets (“blocks”) and k refers to the 

number of treatments in each choice set (“block size”). Louviere and Woodworth (1990) state 

that a key consideration when implementing a BWS approach is to design choice sets that 

include all items/objects of interest and to ensure all possible comparison contained within 

choice sets are included an equal number of times for all respondents. BIBD’s can arrange 

adoption incentives efficiently, reducing the number of sets required to obtain information about 

the relative importance of adoption incentives with minimal loss of statistical efficacy (Burke et 

al., 2014). BIBD’s can also ensure that occurrences and co-occurrences of adoption incentives 

are held constant which can minimize the opportunity for a respondent to make unintended 

inferences about the adoption incentives presented (Louviere et al., 2012). For example, if one 

adoption incentive is presented more than the others, respondents may assume that this adoption 

incentive is of more interest to the researcher.  

To ensure the validity of a BIBD, two conditions pertaining to the relationship between 

parameters used to design the choice sets must be met (Strasser 2018): 

 𝑡𝑟 = 𝑏𝑘 (6.11) 

 

 𝑟(𝑘 − 1) = 𝜆(𝑡 − 1) (6.12) 

 

where t is the number of treatments included in the choice sets (e.g., adoption incentives), r 

refers to the number of times each treatment appears across all choice sets, b is the number of 

choice sets (“blocks”), k is the number of treatments included in each set (“block size”), and λ 
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refers to the number of times each treatment is compared with each other. Cohen (2009) notes 

that the simplest design is where each item appears only once with each other, thus implying 

λ=1. This slightly modifies eq. (6.12) to: 

 𝑟(𝑘 − 1) = (𝑡 − 1) (6.13) 

 

Following conditions in eq. (6.11) and eq. (6.13) ensures that 1) choice set sizes are 

equal, 2) each item appears an equal number of times during all sets, 3) each item is paired with 

each other item an equal number of times during all sets, and 4) the sets are designed in a way 

that makes it possible to infer the relative order of preference for all items (Louviere et al. 2013; 

Strasser, 2018). 

Practice with BWS designs seems to indicate that four to six items per choice are optimal 

for most respondents and most tasks (O’Chieng, 2015). If the item labels are long, such as 

positioning statements, fewer than six items should be used (Remaud and Lockshin, 2009). 

Respondents can typically undertake up to twenty choice sets, though anecdotal evidence 

suggests that boredom sets in after about ten to twelve choice sets (Cohen, 2009). 

This study adopts a BIBD design for nine adoption incentives denoted (b, r, k, λ). More 

specifically, the BIBD used in this study is denoted by (12,4,3,1). Therefore, the survey includes 

twelve choice sets containing three incentives each, with each incentive being presented four 

times and each incentive being compared once with each other. Table 6.1 presents the adoption 

incentives used in this study, followed by the design of the BIBD in table 6.2. A detailed 

description of adoption incentives is presented in chapter five. Figure 6.4 presents an example 

choice set used in the survey. 
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Table 6.1: Numbered Blockchain Adoption Incentives 

Incentive No. Adoption Incentive 

1 I can differentiate my farming business from my competitors by using blockchain 

2 I can use Blockchain to improve my farms brand image  

3 I can use Blockchain to reduce potential legal liabilities by proving that I adhere to food safety 

and quality standards 

4 Buyers are mandating the use of Blockchain 

5 A government subsidy is available to lower the cost of adoption 

6 I can use Blockchain to record, access and manage my farm’s data 

7 I can increase my market share by selling to customers willing to pay a premium for traceable 

food products 

8 The government is recommending the use of blockchain 

9 I can reduce my insurance premiums by verifying that I adhere to food safety and quality 

assurance standards 

 

Table 6.2: Balanced Incomplete Block Design 

Choice Set Adoption Incentive Number (t = 9) 

1 3 6 9 

2 4 8 6 

3 1 6 8 

4 1 2 4 

5 2 5 9 

6 5 7 8 

7 1 3 5 

8 2 6 7 

9 3 4 7 

10 2 3 8 

11 4 5 6 

12 1 7 9 
    

 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to influence 

and least likely to influence your decision to adopt 

blockchains  

MOST Important 

(select ONE) 

 

o  

I can use blockchains to reduce potential legal liabilities by 

proving that I adhere to food safety and quality assurance 

standards  

 

o  

o  I can use blockchains to record, access and manage my farm’s 

data  

 

o  

o  I can reduce my insurance premiums by verifying that I adhere to 

food safety and quality assurance standards 

 

o  

 

Figure 6.4: An Example of a BWS Choice Set Used in the Survey 

Source: Author 
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6.2.6 Literature Review of Best-Worst Scaling 

The BWS method is commonly used in a variety of disciplines including health care 

(Flynn et al., 2007; Mori and Tsuge, 2017), consumer marketing (Lusk and Briggeman, 2009), 

and economics (O’Chieng, 2015; Umberger et al. 2010; Erdem and Rigby, 2013). Louviere et al. 

(2010) suggest that thousands of research projects using survey data have been undertaken with 

the intention of capturing individuals’ subjective views, opinions, attitudes, and preferences. 

They further note that the majority of the studies use rating scales (with a majority opting for 

paired comparison or rankings) to elicit individual preferences. 

Mori and Tsuge (2017) use a BWS approach to examine consumer preferences regarding 

the adverse effects of tobacco use in China. Survey respondents are asked to rank the most and 

least important consequences associated with tobacco use. These consequences include 

cardiovascular disease, skin problems and addiction. By using a BWS approach, the authors 

identify how important residents of China viewed these various side effects. As the term 

suggests, many side effects associated with smoking are negative (adverse) suggesting that if the 

authors used a simple Likert rating scale or ranking method, respondents may have ranked all 

adverse effects as equally undesirable. By utilizing a BWS approach, the authors are able to 

observe the relative importance of various adverse side effects of tobacco use. Authors find that 

COPD (Chronic Obstructive Pulmonary Disease), lung cancer, and cardiovascular disease ranked 

as the most important adverse side effects of tobacco use.  

Umberger et al. (2010) apply Best-Worst Scaling to identify how buyer and trader 

attributes influence decisions of market participation among smallholder potato farmers in 

Indonesia. The authors are able to determine what factors are most important to potato farmers 

when deciding to engage in business with one another. They find that immediate cash payments, 

price premiums for sorting, and quality and contractual commitments are the main determinants 

of market participation by potato farmers. The authors note that the BWS approach provide more 

discriminating estimates of relative importance than if alternative ranking methods were used. 

Lusk and Briggeman (2009) use a BWS approach to identify relative consumer 

preferences for various food attributes including naturalness, price, and appearance. They find 

that using a BWS approach forces respondents to make trade-offs between various food 
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attributes and eliminates the possibility of consumers ranking all food values as equally 

important. The authors find that consumers view price, taste, nutrition, and safety as the most 

important attributes for consumers when making decisions about purchasing and consuming food 

products. 

6.3 Identifying Heterogeneity: A Latent Class Cluster Approach 

Mueller and Rungie (2009) note that case 1 BWS does not reveal any degree of 

heterogeneity that may be present in a given data set and that additional empirical steps are 

needed to determine if any differences in respondents’ preferences for various choices exist. To 

remedy this, Adamsen et al. (2013) apply a simple analysis of the variance-covariance matrix of 

individual BWS scores to detect which attributes determine utility components and thus drive 

distinct consumer segments. The variance and standard deviation of BWS scores are used to 

identify whether the selection of adoption incentives is homogenous across all respondents.  

In order to apply the necessary steps suggested by Adamsen et al. (2013), a latent class 

(LC) cluster analysis is used. Kauffman and Rousseeuw (1990) define cluster analysis as the 

classification of similar objects into groups, where the number of groups, as well as their forms 

are unknown. Everitt (1993) provides a similar definition and states that LC cluster analysis is a 

useful division of data into a number of classes where both the number of classes and class 

characteristics are unknown a priori. In providing a detailed overview of LC cluster analysis, 

Umberger et al. (2010) claim that the method is distinct from other approaches (such as K-Means 

cluster analysis) as it involves estimating the probability of class membership using model 

parameters and observed individual measures. In this study, LC cluster analysis is applied to 

determine whether Ontario farmers are heterogeneous in their ranking of the importance of 

blockchain adoption incentives. This allows me to (1) group respondents into classes based on 

their preferences for adoption incentives and (2) observe whether producers in distinct classes 

differ based on farm and farmer characteristics (e.g., farm size, age, education). 

An LC cluster analysis is applied by using the co-variation of individuals’ BWS scores as 

a measure of utility that can then be used to predict an individuals’ unique membership in a 

specific latent class (O’Chieng, 2015). These observed preferences are similar among those 

individuals within a class who are assumed to come from the same probability distribution 
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(Umberger et al., 2010). Thus, the unobserved utility is assumed to be heterogeneous across 

classes but homogeneous within a class. Loureiro and Domingues-Arcos (2012) note that 

identifying classes is dependent on both observable attributes captured by covariates and latent 

heterogeneity that varies with respect to factors that are observable to the researcher. This 

reinforces Everitt’s (1993) explanation of LC cluster analysis by implying that, a priori, a 

researcher does not know which individuals belong to which class and what characteristics are 

shared amongst individuals in the same class. 

Equation (6.14) presents the logit model for a discrete choice among j alternatives for 

each respondent (Loureiro and Domingues Arcos, 2012). Note that eq. (6.14) is an extension of 

the logit model presented in eq. (6.8) in section 6.2.2 with the primary distinction being the 

inclusion of the condition that the probability of a given choice belongs to a specific class, q. 

 
Prob(choice 𝑗 by individual 𝑖 in choice set 𝑡|class 𝑞) =

exp (𝑥𝑖𝑡,𝑗
′ 𝐵𝑞) 

∑ exp(𝑥𝑖𝑡,𝑗
′ 𝐵𝑞)𝐽𝑖

𝑗=1

= 𝐹(𝑖, 𝑡, 𝑗|𝑞) 
(6.14) 

 

Loureiro and Domingues Arcos (2012) further their empirical work by denoting a 

specific choice made, 𝑌𝑖𝑡, as the best choice (most important adoption incentive) yielding: 

 𝑃𝑖𝑡|𝑞(𝑗) = 𝑃𝑟𝑜𝑏(𝑦𝑖𝑡 = 𝑗|𝐶𝑙𝑎𝑠𝑠 = 𝑞) (6.15) 

Following Greene and Hensher (2003), the authors simplify eq. (6.15) so that for a given class 

assignment the contribution of individual i to the likelihood function is the joint probability of 

the sequence 𝑦𝑖 = (𝑦𝑖1, 𝑦𝑖2,…, 𝑦𝑖𝑡). This is presented by: 

 

𝑃𝑖𝑡|𝑞 =  ∏ 𝑃𝑖𝑡|𝑞

𝑇𝑖

𝑡=1

 

(6.16) 

 

Recalling that class membership is unknown a priori, Greene and Hensher (2003) then 

denote 𝐻𝑖𝑞 as the prior probability for class q for individual i. This yields a form of the 

multinomial logit model: 
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𝐻𝑖𝑞 = 

exp (𝑧𝑖
′𝜃𝑞)

∑ exp (𝑧𝑖
′𝜃𝑞)

𝑄
𝑞=1

 
(6.17) 

 

where q = 1,…,Q is the number of classes and 𝑧𝑖 denotes a set of observable characteristics that 

enter the model as predictors of class membership. Roeder et al. (1999) state that the inclusion of 

predictors allows researchers to determine whether certain observable characteristics determine 

latent class membership. As stated by Loureiro and Domingues Arcos (2012), the likelihood for 

individual i is the expectation (over classes) of class-specific contributions: 

 𝑃𝑖 = ∑ 𝐻𝑖𝑞
𝑄
𝑞=1 𝑃𝑖𝑡|𝑞 (6.18) 

 

Loureiro and Domingues Arcos (2012) conclude their empirical work by noting that the 

log-likelihood function of this classification is presented by the following: 

 ln L = ∑ 𝑙𝑛𝑃𝑖 =  ∑ ln𝑁
𝑖=1 [∑ 𝐻𝑖𝑞(∏ 𝑃𝑖𝑡|𝑞)]𝑇𝑖

𝑡=1
𝑄
𝑞=1

𝑁
𝑖=1  (6.19) 

 

LC cluster analysis is used to determine whether Ontario farmers are heterogeneous in 

their preferences towards various adoption incentives of blockchains. Individual BWS scores for 

each adoption incentive are used as dependent variables and covariates are included in order to 

further observe differences between producers in different classes. By observing different 

clusters (classes) of Ontario farmers based on subjective preferences for adoption incentives, this 

study examines whether different groups of producers vary with respect to the incentives they 

consider important when making technology adoption decisions.  

6.4 Summary 

This chapter reviews the Best-Worst Scaling (BWS) and latent class (LC) cluster 

methods used in this study. In this thesis, BWS provides information on the incentives that are 

most and least important in motivating producers’ decision to adopt blockchains on the farm. A 

latent class cluster analysis provides further examination of producers’ preferences towards 

different incentives of adoption. By grouping survey respondents based on their preferences for 

adoption incentives, one is able to determine if producers are heterogeneous in their selection of 
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the most and least important incentives. Lastly, latent class cluster analysis allows one to observe 

the similarities and differences between producers in different classes.  
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7 Results 

7.1 Introduction 

This chapter presents empirical findings. First, the chapter provides an overview of the 

summary statistics of farmers included in the survey with emphasis on farmers’ risk attitudes and 

the sources of information used by producers to collect information about new technology. 

Second, a detailed overview of farmers’ attitudes towards new technology and information 

regarding producers’ knowledge of blockchains is included. Barriers to adoption are also 

discussed. Third, the results of the Best-Worst Scaling analysis are presented. The Best-Worst 

Scaling section discusses the incentives that are most influential in motivating producers to adopt 

blockchains. Following the Best-Worst Scaling analysis, findings from the latent class cluster 

analysis are discussed in order to examine whether producers are heterogeneous in their 

preferences for different adoption incentives. Finally, an ordered logit model is conducted to 

determine the factors that influence individuals’ preferences towards adoption incentives. 

7.2 Summary Statistics 

7.2.1 Socioeconomic and Demographic Summary Statistics 

Table 7.1 presents the summary statistics for key variables used in this study. 
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Table 7.1: Socioeconomic and Demographic Summary Statistics of Survey Respondents 

                                                                      

Farm and Farmer Characteristics 

Obs Frequency 

(Percentage) 

Mean Stdev. Min Max 

Age 51  3.73 1.47 1 6 

   1 if Under 25 6 11.76     

   2 if 26 – 35 3 5.88     

   3 if 36 – 45 14 27.45     

   4 if 46 – 55 8 15.69     

   5 if 56 – 65 16 31.37     

   6 if 65+ 

 

4 7.84     

Gender 51  0.73 0.45 0 1 

   1 if Male 37 72.55     

   0 if Female 

 

14 27.45     

Education 51  3.21 0.85 1 4 

   1 if Elementary School 1 1.96     

   2 if Secondary/High School Diploma 11 21.57     

   3 if College/Trade School Certificate 15 29.41     

   4 if University Degree 

 

24 47.06     

Experience 51  3.01 1.28 1 4 

   1 if Less than 10 yrs. 15 29.41     

   2 if 11-15 yrs. 6 11.76     

   3 if 16-20 yrs. 5 9.80     

   4 if More than 20 yrs. 

 

25 49.02     

Farm Size 51  2.00 1.01 1 4 

   1 if Under 179 acres 20 39.22     

   2 if 180 – 559 acres 17 33.33     

   3 if 560 - 1119 acres  8 15.69     

   4 if 1120 acres or larger 

 

6 11.76     

Farm Structure 51    1 5 

   1 if Sole Ownership 11 21.57     

   2 if Partnership 15 29.41     

   3 if Corporate Farm 8 15.69     

   4 if Family Farm 16 31.37     

   5 if Other 1 1.96     

       

Distribution Channels 51      

   Direct Marketing (e.g., Farmer’s Markets) 20 39.21     

   Distributors 20 39.21     

   Processors 30 58.82     

   Small Retailers (e.g., Local Grocery Stores) 10 19.60     

   Large Retailers (e.g., Walmart) 2 3.92     

       

Seventy-five percent of the respondents are between the ages of 36 and 65, with the 

average age of respondent being between the ages of 36 and 55. Over seventy-five percent of the 

respondents are male. These findings are consistent with Statistics Canada (2016) that finds that 

the average age of farmers in Canada is 55 years old and that over seventy percent of agricultural 
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producers in the country are male. Approximately seventy-five percent of the respondents have 

either a college/trade school certificate or a university degree, with the remaining twenty-five 

percent having only a high school or elementary school education. Half of the respondents have 

more than twenty years of farming experience, with less than a third of respondents reporting 

less than ten years of farming experience. Seventy-three percent of the farms surveyed reported 

farm size less than 560 acres of land, which aligns with data from the 2016 Ontario Census of 

Agriculture that reports that the majority of farmers in Ontario operate on less than 560 acres of 

land (Statistics Canada, 2016). Twenty-one percent of respondents report being the sole owner of 

their farm. Partnerships and family farms each make up thirty percent of the sample, and fifteen 

percent of the respondents report operating corporate farms. The most common distribution 

channels used by respondents to market their products are food processors, direct marketing, and 

distributors. Twenty percent of the respondents report selling their products through small 

retailers, and four percent of farmers report selling products through large retailers. 

Figure 7.1 shows the number of farms in the survey categorized by type of operation. 

Corn and soy production each make up twenty-one percent of the total sample. Sheep and goat 

farming accounts for eighteen percent of the sample. The remaining forty percent of the sample 

is split between other types of farming including beef cattle ranching, dairy and milk production, 

and wheat farming. Data from the 2016 Census of Agriculture report that a third of farms in 

Ontario produce oilseed and grain and make up the largest share of farms by type in the province 

(Statistics Canada, 2016). This is followed by hay farming and dairy and milk production. Sheep 

and goat farming account for a small portion of Ontario farmers. Thus, the results show that 

sheep and goat farmers may be overrepresented in the sample. However, it is important to note 

that this may be driven by the active participation of Canadian sheep producers in current 

blockchain projects. In a report published by the Canadian Sheep Federation (2019), the 

organization notes that sheep producers in Canada began piloting blockchains to improve the 

traceability of sheep supply chains and that the Canadian sheep industry is the first of its kind to 

explore potential applications of the technology. 
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Figure 7.1: Farm Type 

Source: Author 

7.2.2 Sources of Information and Frequency of Contact 

In this study, the number of information sources used by a farmer measures the level of 

information available to a producer about new agricultural technology available on the market 

(Lambert et al., 2015; Jones et al., 2010). Access to information is also measured by the 

frequency with which producers communicate with different sources of information (Wozniak, 

1987; Feder and Slade, 1982). Table 7.2 presents summary statistics for the information sources 

most commonly used by respondents in the survey and the frequency with which respondents 

communicate with these sources. 
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Table 7.2: Number of Information Sources Used and Frequency of Contact 

 

Information Use on the Farm 

Obs 

 

Frequency 

(Percentage) 

Mean Stdev. Min Max 

Number of Information Sources Used  51  5.21 2.40 1 10 

   1 2 3.92     

   2 4 7.84     

   3 6 11.76     

   4 11 21.57     

   5 9 17.65     

   6 4 7.84     

   7 4 7.84     

   8 5 9.80     

   9 3 5.88     

   10 3 5.88     

       

Frequency of Contact 51  3.94 1.34 1 6 

   1 if Annually (or less) 3 5.88     

   2 if Every 6 Months 5 9.80     

   3 if Every 3 Months 9 17.65     

   4 if Monthly 14 27.45     

   5 if Weekly 15 29.41     

   6 if Daily 5 9.80     

       

Information Sources Used by Farmers 51      

   Internet 43 84.31     

   Producer Associations 41 80.39     

   Other Farmers (Peers) 30 58.82     

   Government Organizations 28 54.90     

   Family and Friends 22 43.13     

   Input Suppliers 21 41.11     

   Universities 21 41.11     

   Technology Companies 21 41.11     

   Social Media 18 35.29     

   3rd Party Consultants 18 35.29     

   Other 2 3.92     

   None 1 1.96     

 

Respondents report using, on average, about five different sources to collect information 

about novel technology. The most commonly used information sources include the internet, 

producer associations, other farmers and government organizations. The least utilized sources of 

information include third-party consultants and social media (figure 7.2). Approximately one-

third of the respondents report reaching to information sources on a monthly (27.45%) or weekly 

(29.41%) basis, and ten percent of farmers surveyed report communicating with information 

sources on a daily basis (9.80%). The remaining respondents report reaching out to information 

sources less frequently. Seventeen percent of the respondents report reaching out on a quarterly 
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basis, ten percent report reaching out on a bi-annual basis, and six percent of respondents 

indicate they communicate with information sources annually. 

 
 

Figure 7.2: Most Commonly Utilized Information Sources 

Source: Author 

 

The results in table 7.2 are consistent with Jenkins et al. (2011) who find that producers 

use a variety of source to collect information about novel technology. The authors find that 

extension agents, other farmers (colleagues) and producer groups are the most commonly 

utilized sources of information by agricultural producers. Furthermore, researchers have noted 

that farmers communicate with information sources in order to better inform themselves about 

new technology and innovations (Ma et al., 2017). Yishay and Mushfiq (2013) note that farmers 

use different sources of information to build a social network. These social networks have been 

found to improve the communication of valuable information throughout farming communities 

and have resulted in increased adoption rates of novel technology. 

7.2.3 Risk Attitudes 

Risk attitudes are elicited using a Likert-scale. Five Likert-type questions are presented to 

respondents who are asked to indicate on a scale of 0-10 how risk-averse or risk loving they are, 

where 0 refers to not at all willing to take risks and 10 refers to very willing to take risks. Table 

7.3 presents the summary statistics of respondents’ risk attitudes. 
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Table 7.3: Average Risk Tolerance of Respondents 

 Obs Mean Stdev. Min Max 

Risk Attitudes      

General (0-10) 51 6.68 2.20 1 10 

Technology (0-10) 51 6.82 2.16 0 10 

Farm Business (0-10) 51 6.74 2.33 0 10 

Health (0-10) 51 5.35 2.25 0 9 

Finances (0-10) 51 5.70 2.51 0 10 
 

     

The average risk tolerance across all risk domains is 6.25. Respondents in the survey 

report being the most risk-averse when it comes to personal health or financial activities and 

most risk-loving when it comes to making technology adoption decisions on the farm. Figure 7.3 

depicts the average risk tolerance of survey respondents across all domains. 

 

Figure 7.3: Average Risk Tolerance of Respondents 

Source: Author 

 

Following the work of Jones (2018) and Hailu et al. (2017), a principal component 

analysis (PCA) is performed to generate an index that depicts the risk preferences of survey 

respondents. As noted by Jolliffe (2002, p. 151), “the principal component analysis can be used 

to reduce the dimensionality of a data set.” In this analysis, principal component analysis allows 

one to take into account all five measures of farmers risk attitudes. The PCA result (table 7.4) 

suggests that only one component be used to predict the new variable. The factor loadings of the 
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PCA (table 7.5) concentrate more on Farm Business Risk, General Risk and Technology Risk and 

less on risk attitudes towards health and finances. A new variable denoted Risk Index is used to 

capture producers’ risk attitudes. 

Table 7.4: Eigenvalue of PCA Components for Risk Attitudes 

 

 

 

 

 

Table 7.5: Factor Loadings for PCA of Risk Attitudes 

Variable Component 1 

General Risk 0.500 

Technology Risk 0.484 

Farm Business Risk 0.516 

Health Risk 0.221 

Financial Risk 0.448 

 

7.2.4 Farmers Attitudes Towards Technology 

Table 7.6 reports summary statistics about farmers’ attitudes towards technology. 

 

 

 

 

 

 

 

 

Component Eigenvalue Proportion Explained 

Component 1 3.267 0.654 

Component 2 0.962 0.192 

Component 3 0.443 0.087 

Component 4 0.180 0.036 

Component 5 0.146 0.029 
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Table 7.6: Farmers Attitudes Towards Technology 

 

Attitude Towards Technology 

Obs Freq (%) Mean Stdev 

Belief in Technology      

   Technology Enhances Competitiveness  51    

      1 if Agree 35 68.63   

      2 if Disagree 4 7.84   

      3 if Neither Agree nor Disagree 12 23.53   

   Technology Improves Productivity  51    

      1 if Agree 34 66.67   

      2 if Disagree 5 9.80   

      3 if Neither Agree nor Disagree 12 23.53   

   Technology Guides Business Decisions  51    

      1 if Agree 48 94.12   

      2 if Disagree 3 5.88   

      3 if Neither Agree nor Disagree 0 0   

     

Knowledge of Digital Farming Technology 51  2.92 0.65 

   1 if Very Unfamiliar 1 1.96   

   2 if Somewhat Unfamiliar 10 19.61   

   3 if Somewhat Familiar 32 62.75   

   4 if Very Familiar 18 15.69   

     

Willingness to Adopt Blockchains 51    

   1 if Yes 40 78.43   

   2 if No 0 0   

   3 if Unsure 11 21.57   

     

Blockchain Awareness 51  0.82 0.38 

   1 if Producer Previously Knew of Blockchains 42 82.35   

   0 Otherwise  9 17.65   

     

Familiarity with Blockchains 51  2.11 0.99 

   1 if Very Unfamiliar 18 35.29   

   2 if Somewhat Unfamiliar 13 25.49   

   3 if Somewhat Familiar 16 31.37   

   4 if Very Familiar 4 7.84   

     
     

Two-thirds of the respondents agree that adopting new technology enhances farm 

competitiveness and improves farm productivity. Ninety-four percent of respondents agree that 

the adoption of new technology may help guide farm business decisions. Respondents are also 

asked to indicate their knowledge of digital farming technology. Seventy-eight percent of 

farmers report being either somewhat or very familiar with digital farming technology, with the 

remaining respondents reporting low levels of familiarity with digital farming technology. 

Eighty-two percent of the respondents reported hearing about blockchains prior to the 

distribution of the survey. However, only a small portion (7.84%) of respondents report having a 
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high level of familiarity with blockchains. The remaining respondents reported being either 

somewhat familiar (31.37%), somewhat unfamiliar (25.49%), or very unfamiliar (35.29%) with 

blockchains. Although respondents report varying levels of familiarity with blockchains, 78% of 

the respondents state that they would be willing to adopt blockchains, with the remaining 22% of 

respondents report being unsure whether they would adopt.  

7.2.5 Barriers to Adoption 

 Figure 7.4 shows the percentage of respondents that answered “yes” when asked whether 

certain barriers would deter them from adopting blockchains on their farm. 

 
 

Figure 7.4: Barriers to Adopting Blockchains 

 

Source: Author 
 

Lack of awareness and uncertainty regarding blockchains ability to meet marketing and 

customer needs are identified as the main barriers to adoption. This may suggest that respondents 

are unfamiliar with blockchains and their benefits and that respondents are uncertain about how 

blockchains can help primary producers meet customer demand for food. This information 

reinforces the findings presented in table 7.6, which reports that only a small portion of survey 

respondents consider themselves to be well informed about blockchains. The barriers of least 

concern to producers are traceback concerns, not seeing a need for blockchains on the farm, and 

uncertainty regarding blockchains’ ability to improve food safety. Seventy-six percent of the 
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respondents report that traceback concerns, referring to contaminated or unsafe food being traced 

back to an individual producer, would not dissuade them from using blockchains on their farm. 

As described in its “Unleashing the Growth Potential of Key Sectors” report, the Canadian 

Advisory Council on Economic Growth (2018) notes that a fundamental strength of the 

Canadian agricultural industry is trusted food safety. Therefore, traceback concerns may not be 

considered a significant barrier to adoption as Canadian producers continue to be globally 

recognized for the safety and quality of their agricultural products. Although uncertainties about 

the benefits of blockchains present the main barriers to adoption, when presented with the 

statement “I don’t see a need for blockchains on my farm,” 70% of survey respondents disagree 

with this statement. This may suggest that despite uncertainty, farmers still see value in 

introducing blockchains on their farm. Lastly, less than half (45%) of farmers surveyed indicate 

that they are uncertain about the ability for blockchains to improve food safety.  

As noted by Goldfarb (2002), barriers to technology adoption can vary between 

industries, between firms within the same industry and between different parts/processes of 

individual firms. He finds that failure to account for these differences has resulted in inaccurate 

generalizations about technology (and their applications) and may subsequently lead to 

ineffective efforts by industry stakeholders to encourage the uptake of new innovations. 

Therefore, it is important to understand the factors that may discourage Ontario farmers from 

adopting blockchains. The results presented in figure 7.4 suggest that respondents see value in 

implementing blockchains on their farm but remain uncertain regarding the specific benefits to 

producers. Figure 7.4 also shows that producers consider a lack of awareness about how 

blockchains can be used to meet marketing and customer needs as the main barrier to adoption. 

This may suggest that provision of information (training) on how blockchains can be used on 

their farm is needed in order to enhance the uptake of blockchains in Ontario. This is consistent 

with the findings of McBride and Daberkow (2003) and Rodriguez et al. (2009), who report that 

the lack of awareness and knowledge about the costs and benefits of agricultural technology is 

often a primary driver of low adoption rates or, in some cases, disadoption. However, as noted by 

O’Chieng (2015), the effect of adoption barriers can be minimized by the introduction of 

adoption incentives that may lessen the uncertainties associated with the uptake of novel 
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technology. A review and analysis of incentives that may drive the adoption of blockchains in 

agriculture is presented in the following section. 

7.3 The Best Worst Scaling Analysis 

Many adoption studies fail to examine producers’ preferences towards different 

incentives of adoption and thus fail to fully understand the factors that will encourage the 

diffusion of new technology. To fill this gap, this study examines the relative importance of 

various incentives that may encourage farmers to adopt blockchains. Following the methods 

outlined in chapter six, a Best-Worst Scaling (BWS) approach is used to elicit farmers rankings 

of blockchain adoption incentives. Table 7.7 reports the standard BWS scores for each adoption 

incentive.
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Table 7.7: BWS Summary Statistics 

Incentive Total 

Most 

Total 

Least 

Aggregated 

B-W Score 

Standard 

BWS Score 

Ranking Based on 

Standard Score 

I can increase my market share by selling to customers willing to 

pay a premium for traceable food products 

 

131 23 108 0.53 1 

I can use blockchains to record, access and manage my farm’s 

data 

 

99 38 61 0.29 2 

Buyers are mandating the use of blockchains 

 

99 48 51 0.25 3 

A government subsidy is available to lower the cost of adoption 

 

59 51 8 0.04 4 

I can use blockchains to reduce potential legal liabilities by 

proving that I adhere to food safety and quality standards 

 

74 67 7 0.03 5 

I can differentiate my farming business from my competitors by 

using blockchains 

 

54 61 -7 -0.03 6 

I can use blockchains to improve my brand image 

 

57 85 -28 -0.13 7 

I can reduce my insurance premiums by verifying that I adhere to 

food safety and quality assurance standards 

 

22 104 -82 -0.20 8 

The government is recommending the use of blockchains 17 135 -118 -0.58 9 

Note: Column 2: The number of times incentive was chosen “most important”, Column 3: Number of times incentive was chosen “least important”, Column 4: 

Aggregated BWS score (Count(Most)-Count(Least)), Column 5: Standard BWS score (Most minus Least)/4n (n=51), Column 6: Ranking of incentives based on 

standard BWS score.
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Based on table 7.7, increasing market share, managing farm data and mandated use by 

buyers are the three most important incentives that may motivate Ontario producers to adopt 

blockchains on their farm. This is followed by reducing legal liability and the availability of a 

government subsidy to lower the cost of adoption. Each of these aforementioned incentives have 

a positive Standard BWS score, indicating that these incentives were chosen most important 

more often than least important. A positive BWS score indicates that these incentives are 

perceived to be important factors that may drive the adoption of blockchains in agriculture. 

These incentives are followed by farm differentiation, improving brand image, reducing 

insurance costs, and government recommendation. Each of these incentives had negative 

Standard BWS scores, indicating that when answering BWS choice sets, survey respondents 

selected these incentives as the least important more often than most important. This suggests 

that differentiation, improving brand image, reducing insurance costs, and government 

recommendation are not likely to motivate respondents to adopt blockchains on their farm.  

The results from the Best-Worst Scaling analysis reveal that the adoption of blockchains 

in Ontario’s agricultural sector may be driven primarily by external adoption incentives. These 

incentives include increasing market share, mandated use, reducing legal liability, and 

government subsidies. The only internal incentive of adoption that producers identify as an 

important factor in their decision to adopt blockchains is the ability to record, access, and 

manage farming data. The adoption incentives of least importance to producers are the ability to 

differentiate their farming business from competitors, improving brand image, reducing 

insurance costs, and government recommended use. This suggests that Ontario farmers are not 

highly motivated by those adoption incentives that may promise internal improvements in 

farming operations such as improving brand image or farm differentiation. Similar findings are 

presented by Isik (2004) who concludes that internal incentives may be insufficient to motivate 

the adoption of new technology. He notes that farmers often face uncertainties when adopting 

new technology and that internal incentives are unlikely to address farmers’ concerns associated 

with adoption. For example, internal incentives, such as the potential for a farmer to differentiate 

his/her farm from competitors, may not address concerns regarding the financial costs required to 

adopt a novel technology. Isik (2004) concludes that external factors, such as regulatory or 
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commercial pressures, may be more effective in encouraging the uptake of new innovations as 

they can reduce the risk and uncertainty associated with adopting novel technology. 

It may be the case that producers respond more positively to external incentives as these 

factors may reduce the risks and costs associated with adoption. For example, increasing market 

share and reducing legal liability may reduce the adopting costs in two ways. First, increasing 

market share by selling to customers willing to pay a premium for traceable food may lead to 

increased farm profits and thus increase the net benefits associated with adoption. Second, by 

adopting blockchains on the farm, a producer may reduce potential legal risks, such as legal 

action or financial penalty, resulting from contaminated food being traced back to her farm. 

Additionally, external incentives may also address producers’ uncertainty regarding how 

blockchains may benefit their farming business.  For example, government subsidies or 

mandated use may signal to producers that there is demand for blockchains in agriculture and 

that governments and agri-food firms may be more likely to conduct business with firms who 

have implemented blockchains on their farm. Therefore, presenting farmers with evidence of 

demand for blockchains in Canadian agriculture through public or private sector signals may 

incentivize adoption.  

The results in table 7.7 present a ranking of adoption incentives based on standard BWS 

scores. However, this ranking does not provide any information regarding the extent to which 

certain incentives are preferred over others. For example, although increasing market share and 

managing agricultural data are the two most important adoption incentives to Ontario farmers, 

one is unable to observe the degree to which increased market share is preferred over managing 

farm data. Following the work of O’Chieng and Hobbs (2016), heterogeneity statistics including 

the mean, variance, and standard deviation of BWS scores are calculated. These results are 

reported in table 7.8. 
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Table 7.8: BWS Heterogeneity and Relative Importance Statistics 

Incentive Mean of 

Individual 

B-W 

Var of 

Individual 

B-W 

Stdev of 

Individual 

B-W 

Variation 

Coefficient 

 

Sqrt 

(B/W) 

Standard 

Interval Scale 

(Relative 

Importance) 

Ranking 

Based on 

Standard 

Scale 

Ranking 

Based on 

Standard 

Score 

I can increase my market share by selling to 

customers willing to pay a premium for traceable 

food products 

 

2.117 1.360 1.851 0.874 2.386 1.00 1 1 

I can use blockchains to record, access and 

manage my farms data 

 

1.196 1.448 2.097 1.753 1.614 

 

0.67 2 2 

Buyers are mandating the use of blockchains 

 

1.00 1.582 2.505 2.505 1.436 0.60 3 3 

A government subsidy is available to lower the 

cost of adoption 

 

0.156 1.478 2.185 14.006 1.075 0.45 4 4 

I can use blockchains to reduce potential legal 

liabilities by proving that I adhere to food safety 

and quality standards 

 

0.137 1.454 2.116 15.445 1.050 0.44 5 5 

I can differentiate my farming business from my 

competitors by using blockchains 

 

-0.137 1.357 1.844 -13.459 0.940 0.39 6 6 

I can use blockchains to improve my brand image 

 

-0.549 1.418 2.013 -3.667 0.819 0.34 7 7 

I can reduce my insurance premiums by verifying 

that I adhere to food safety and quality assurance 

standards 

 

-1.607 1.361 1.855 -1.154 0.459 0.19 8 8 

The government is recommending the use of 

blockchains 

-2.313 1.313 1.726 -0.746 0.354 0.14 9 9 

Note: Column 2: Aggregated B-W score/No. of Observations (50), Column 3: Variance of individual BWS scores, Column 4: Standard deviation of individual 

BWS scores, Column 5: Variation Coefficient of BWS score (Stdev/Mean), Column 6: Square root of Total(Most)/Total(Least), Column 7: Indexed ranking of 

adoption incentives, Column 8: Incentives ranked by indexed (standardized) score, Column 9: Incentives ranked by standard score 
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When comparing tables 7.7 and 7.8, there is no change to the ranking of adoption 

incentives when relative scores are used (see columns 8 and 9 in table 7.8). This suggests that 

respondents were consistent in their ranking of adoption incentives across all choice sets 

included in the survey. However, as noted by Marley and Louviere (2005), by using the relative 

scores of adoption incentives (column 7), one can observe how important certain incentives are 

relative to one another. Increasing market share has the highest relative score out of the 

incentives included in the survey and is therefore indexed at 100 with all the other incentives 

being ranked relative to this score. For example, managing farm data and mandated use from 

buyers are 0.67 and 0.60 times as influential as increasing market share, respectively. Similarly, 

reducing insurance premiums and government recommended use are 0.19 and 0.14 times as 

influential as increasing market share.  

O’Chieng and Hobbs (2016) note that calculating relative scores for each adoption 

incentive also provides key information regarding how homogenous producers are in their 

ranking of incentives. A closer interpretation of the results shows that there is large drop in 

importance from the most important incentive (increasing market share) to the second most 

important incentive (managing farm data). The results in column 7 demonstrate that survey 

respondents are generally in agreement regarding their selection of increasing market share as 

the most influential incentive that may drive the adoption of blockchains. The second and third 

incentives are similar in their influence on producers, as are the fourth, fifth, sixth, and seventh 

incentives. Lastly, the two least important incentives, reducing insurance premiums and 

government recommended use, share similar relative scores, thus demonstrating that producers 

value these incentives relatively equally.  

To summarize, the results of the BWS analysis show that when considering the adoption 

of blockchains, Ontario farmers may be most influenced by external adoption incentives such as 

the potential to increase market share, meeting mandated use by large buyers, and the availability 

of a government subsidy. The least influential incentives primarily consist of internal adoption 

incentives such as improving brand image, reducing insurance costs, and differentiation. The 

findings presented in table 7.8 suggest that producers in Ontario primarily respond to market 

pressures and incentives from downstream participants in agri-food supply chains to guide their 

decision to adopt new technology. It may be the case that external incentives signal a demand for 
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blockchains in agriculture by governments and buyers which may provide greater incentives to 

respondents relative to internal factors that promise potential improvements in farm productivity. 

7.4 Latent Class Cluster Analysis 

7.4.1 Identifying Heterogeneity in Best-Worst Scaling Experiments 

According to Cohen (2009), the examination of the variation coefficient (ratio of the 

standard deviation and mean) of BWS scores provides researchers with useful information 

regarding how heterogeneous survey respondents are in their selection of individual choices in 

BWS choice sets. Adamsen et al. (2013) later suggest that the variation coefficient for individual 

BWS scores can be used as proxies to measure the degree to which producers differ in their 

preferences for different adoption incentives. The authors note that high absolute values of the 

variation coefficient suggest a high degree of heterogeneity, whereas absolute values 

approaching zero indicate agreement amongst producers regarding their ranking of adoption 

incentives. Column 5 in table 7.8 shows the variation coefficient of each individual adoption 

incentive. The results in table 7.8 show that producers are homogenous in their ranking of 

increasing market share and government recommendation but differ in their preferences towards 

the remaining seven incentives. This demonstrates that producers generally agree that increasing 

market share is the most important adoption incentive and that government recommendation is 

the least important incentive. 

Muller and Rungie (2009) note that BWS scores that show a high degree of heterogeneity 

amongst a group of respondents require close examination as they can have significant impacts 

to strategies enacted by industry stakeholders. This is an important consideration in this study as 

industry stakeholders that wish to introduce policies aimed at encouraging the adoption of 

blockchains in agriculture may benefit from understanding the degree to which producers differ 

in their preferences for adoption incentives. For example, incentives that are more homogenous 

amongst Ontario farmers, such as increasing market share, may be more appropriately addressed 

with blanket policies that target a high number of producers. However, incentives demonstrating 

a high degree of heterogeneity, such as government subsidies and reducing legal liability, may be 

better approached by targeted policies aimed only at those producers who indicate these 

incentives are highly influential to their technology adoption decisions. 
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To account for this heterogeneity, a latent class cluster analysis is used to group 

respondents into different classes based on their individual preferences towards different 

incentives of adoption. Latent class clustering allows for respondents to be divided into district 

groups based on preferences for different incentives of adoption and, furthermore, shows 

whether producers in distinct classes differ with respect to farm and farmer characteristics.  

Individual BWS scores for each blockchain adoption incentive are used as dependent 

variables in the latent class (LC) cluster analysis and respondents are then classified into distinct 

groups that share similarities based on their preferences for adoption incentives. Covariates are 

also included in the latent class cluster analysis to determine whether certain farm and farmer 

characteristics are significant predictors of class membership. The variables used as predictors of 

class membership are the number of information sources used, the frequency of contact, risk 

attitudes (see section 7.2.3), age, farm-size, and education. The inclusion of these variables in the 

latent class cluster analysis is motivated by the adoption literature citing these variables as 

important determinants influencing the adoption of novel technology (Wozniak, 1987; Adegbola 

and Gardebroek, 2007; Shiferaw et al., 2015). 

To determine the appropriate number of latent classes, information criterion is used to 

establish the explanatory power of several models with different numbers of classes (Coltman et 

al., 2011; O’Chieng, 2015). Four models are estimated in order to determine the optimal number 

of unique classes contained in the data. Models are estimated for two, three, four, and five 

classes.  

Table 7.9: Measure of Model Fit by Latent Class Cluster 

Number 

of Classes 

 

n 

Log 

Likelihood 

Bayesian Information 

Criteria (BIC) 

Akaike Information 

Criteria (AIC) 

Degrees of 

Freedom 

2 51 -931.574 2032.217 1949.148 43 

3 51 -901.165 2069.694 1939.330 68 

4 51 -865.869 2097.397 1917.737 93 

5 51 -832.110 2128.177 1900.221 118 
      

 

Table 7.9 presents the information criterion of each latent class cluster model estimated. 

Studies that have used latent class cluster analysis cite the importance of examining information 

criteria in order to determine the appropriate number of classes but differ on their interpretation 

of the results (Zhou, Thayer and Bridges, 2017; Lagerkvist, Okello and Karanja, 2012). 
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However, Nylund, Asparouhov and Muthen (2007) and later Loureiro and Domingues Arcos 

(2012) note that when conducting latent class cluster analysis, the Bayesian Information Criteria 

(BIC) should be used as a measurement of model fit. The authors note that the BIC correctly 

identifies the number of classes more consistently across different models and different sample 

sizes relative to alternative measurements such as the Akaike Information Criterion (AIC). 

Therefore, in this study, the Bayesian Information Criteria (BIC) is used to determine the 

appropriate number of latent classes. Based on the information criteria presented in table 7.9, the 

results of the latent class cluster analysis reveal two distinct clusters of producers, each with 

unique demographic characteristics, attitudes and preferences. The results of the LCA show that 

39% of the respondents are in cluster one and the remaining 61% of respondents are in cluster 

two. Tables 7.10 and 7.11 show the BWS summary statistics for each cluster.  

Table 7.10: Cluster One BWS Summary Statistics 

Incentive Total 

Most 

Total 

Least 

Sqrt 

(B/W) 

 Relative 

Importance  

Ranking  

Mandated Use from Buyers 

 

56 10 2.36 1.00 1 

Increasing Market Share 

 

44 9 2.21 0.93 2 

Government Subsidy 

 

36 13 1.66 0.70 3 

Managing Farm Data 

 

26 26 1.00 0.42 4 

Reducing Legal Liability 

 

27 30 0.95 0.40 5 

Improving Brand Image 

 

17 41 0.64 0.27 6 

Government Recommendation 

 

15 41 0.60 0.26 7 

Differentiation of Farming 

Business 

 

13 39 0.58 0.24 8 

Reducing Insurance Premiums 6 31 0.44 0.19 9 

Note: Column 2: Number of times incentive was chosen “most important”, Column 3: Number of times incentive was chosen 

“least important”, Column 4: Square root of Total(Most)/Total(Least), Column 5: Indexed ranking of adoption incentives, 

Column 6: Incentives ranked by indexed (standardized) score 
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Table 7.11: Cluster Two BWS Summary Statistics 

Incentive Total 

Most 

Total 

Least 

Sqrt 

(B/W) 

Relative 

Importance 

Ranking 

Increasing Market Share 

 

87 14 2.49 1.00 1 

Managing Farm Data 

 

73 12 2.46 0.98 2 

Differentiation of Farming 

Business 

 

41 22 1.36 0.54 3 

Reducing Legal Liability 

 

47 37 1.13 0.45 4 

Mandated Use from Buyers 

 

43 38 1.06 0.43 5 

Improving Brand Image 

 

40 44 0.95 0.38 6 

Government Subsidy 

 

23 38 0.77 0.31 7 

Reducing Insurance Premiums 

 

16 73 0.47 0.18 8 

Government Recommendation 2 94 0.15 0.06 9 
      

Note: Column 2: Number of times incentive was chosen “most important”, Column 3: Number of times incentive was chosen 

“least important”, Column 4: Square root of Total(Most)/Total(Least), Column 5: Indexed ranking of adoption incentives, 

Column 6: Incentives ranked by indexed (standardized) score 
 

Table 7.10 shows that respondents in cluster one rank mandated use from buyers, 

increasing market share, and government subsidies as the most important adoption incentives. 

The least important adoption incentives to respondents in cluster one are government 

recommended use, differentiation and reducing insurance costs. Table 7.11 shows that producers 

in cluster two rank increasing market share, managing farm data, and differentiation as the most 

important adoption incentives. The least important adoption incentives to respondents in cluster 

two include government subsidies, reducing insurance premiums, and government recommended 

use.  

When comparing the results in tables 7.10 and 7.11, it is clear that respondents in each 

cluster consider increasing market share to be an important incentive of adoption. This is 

consistent with the results in table 7.8 that show that producers are homogenous in their ranking 

of increasing market share as the most important adoption incentive. Where the clusters differ 

with respect to their preferences towards adoption incentives is in the ranking of the remaining 

incentives. Tables 7.10 and 7.11 show that respondents in cluster one consider mandated use by 

buyers and government subsidies to be important incentives of adoption, whereas respondents in 

cluster two report strong preferences towards incentives such as managing farm data and 
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differentiating their farming business. Figure 7.5 provides a graphical representation of each 

cluster’s respective ranking of blockchain adoption incentives. 

 

Figure 7.5: Graphical Representation of Mean BWS Scores of Blockchain Adoption Incentives 

Source: Author 
 

In figure 7.5, the mean BWS scores of each adoption incentive for cluster one are 

presented on the y-axis and scores for cluster two are presented on the x-axis. Mandated use 

from buyers and increasing market share have positive scores for both clusters, indicating that 

survey respondents generally agree that these incentives are important motivators to the adoption 

of blockchains in agriculture. Conversely, quadrant three shows that reducing insurance costs, 

improving brand image, and government recommended use are not important adoption 

incentives to respondents in either cluster. Quadrant two and four show where the clusters differ 

in their ranking of adoption incentives. Quadrant two shows that government subsidies are an 

important incentive to producers in cluster one but are not likely to encourage respondents in 

cluster two to adopt blockchains. Quadrant four shows that differentiation, managing farm data, 
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and reducing legal liability are important incentives to producers in cluster two but are not 

important to respondents in cluster one. 

To further examine the degree to which producers differ with respect to their preferences 

for adoption incentives, table 7.12 presents the mean BWS scores of each adoption incentive for 

each cluster and indicates whether these scores are significantly different between classes.  

Table 7.12: Mean BWS Score for each Adoption Incentive by Latent Class Cluster 

 Cluster One Cluster Two 

Cluster Size 39% 61% 

Adoption Incentive Mean BWS Score Mean BWS Score 

Increasing Market Share 1.75 2.35 

Managing Farm Data*** 0.00 1.97 

Mandated Use from Buyers*** 2.30 0.16 

Reducing Legal Liability -0.15 0.32 

Government Subsidy*** 1.15 -0.48 

Differentiation*** -1.30 0.61 

Improving Brand Image* -1.20 -0.13 

Reducing Insurance Premiums -1.25 -1.83 

Government Recommendation*** -1.30 -2.96 
***, **, * Means are significantly different (between classes) at the 1%, 5% or 10% level 

 

Table 7.12 shows that producers significantly differ in their preferences towards six of 

the nine adoption incentives. Respondents in cluster two value managing farm data and 

differentiation significantly more than respondents in cluster one. Conversely, respondents in 

cluster one value mandated use by buyers and government subsidies significantly more than 

cluster two. Although both clusters report negative mean BWS scores for government 

recommended use and improving brand image, respondents’ rankings of these incentives are also 

significantly different. Producers in cluster two report a significantly lower mean BWS score for 

government recommended use relative to respondents in cluster one. Producers in cluster one 

report a significantly lower mean BWS score for improving brand image relative to cluster two. 

These results also show that there is a larger variation in the ranking of adoption incentives by 

respondents in cluster two. Mean BWS scores for cluster two range from -2.96 to 2.35, whereas 

mean BWS scores for respondents in cluster one range from -1.30 to 2.30. This variation 

suggests that there may be more heterogeneity in respondents’ ranking of incentives within 

cluster two relative to cluster one.  
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The results of the latent class cluster analysis show that producers in each class differ 

with respect to their preferences for blockchain adoption incentives. Farmers in cluster one report 

being highly influenced by external adoption incentives including the availability of government 

subsidies and mandated use by buyers. Conversely, farmers in cluster two respond more to 

internal incentives of adoption such as the ability to manage farm data and differentiate their 

farming business from competitors. These findings confirm those of Henson and Holt (2000), 

who note that agricultural producers may respond differently to adoption incentives. Given the 

distinction between clusters, it appears as though respondents in cluster one rely on market 

signals from downstream actors in the supply chain to motivate their adoption decision. This 

may suggest that respondents in cluster one adopt new technology primarily as a way to respond 

to market signals such as commercial pressures and government subsidies. Respondents in 

cluster two appear to be less responsive to market signals when considering adopting new 

technology. Rather, respondents in cluster two appear to adopt new technology as a way to 

improve farm business performance through data management and farm differentiation.  

Many adoption studies group adopters into distinct segments based on shared 

characteristics such as similar socioeconomic characteristics or relative timing of adoption 

(Rogers, 1983; Smith and Findeis, 2013; Weir and Knight, 2000). More specifically, studies that 

examine the incentives driving the adoption of new technology in agriculture categorize 

producers and firms into subsets based on their respective preferences for adoption incentives. 

For example, Henson and Holt (2000) categorize adopters into four distinct clusters that differ 

with respect to the incentives that motivate their decision to adopt food safety protocols. 

Adopters are categorized into one of four groups: (1) commercially driven adopters (firms that 

adopt new technology primarily to gain accreditation and meet commercial needs from buyers), 

(2) good-practice-driven adopters (organizations that adopt new technology in order to enhance 

the sustainability and safety of production), (3) efficiency driven adopters (firms that use new 

technology in order to cut costs and improve productivity), and (4) externally driven adopters 

(firms that adopt new technology to comply with regulations and production standards). 

Similarly, O’Chieng (2015) divide agricultural producers into three groups based on their 

relative preferences towards adoption incentives. Canadian beef producers are shown to belong 

to one of three groups based on preferences for adoption incentives that motivate the adoption of 
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an E. Coli vaccine: (1) market oriented firms (producers that adopt technology as a response to 

pressures from downstream firms in food supply chains), (2) assurance seekers (producers that 

adopt new technology as a means to ensure that production adheres to standards and regulations), 

and (3) risk-averse firms (firms that adopt new technology primarily as a way to reduce 

production risk).  

Categorizing adopters into distinct subgroups allows researchers to further distinguish 

between different subsets of producers and identify differences between groups. Chamala, van 

den Ban and Roling (1980) note that grouping producers into distinct segments provides 

additional insights into the characteristics of individual producers and yields information that can 

be used by extension agents, governments, and development programs to support the diffusion of 

new innovations in agriculture. Thus, in order to further distinguish adopters from one another 

with respect to their preferences for adoption incentives, survey respondents are categorized into 

one of two groups. Following the work of Mirzaei, Micheels and Boecker (2016), respondents 

are categorized as either “market oriented producers” or “entrepreneurially oriented producers.”  

Market oriented firms are defined as those firms that cater the production, distribution, 

and marketing of their products to the needs of customers and the market as a whole. Narver and 

Slater (1990) note that market orientation is the focus of customer needs and taking actions to 

respond to changes in the perceived needs of the market. Baker and Sinkula (2009) define market 

oriented firms as those organizations that focus primarily on serving the needs of customers. 

Baker and Sinkula (2009) further note that market oriented firms prioritize learning about 

consumer demand, market trends, and the factors that influence the firm’s ability to meet 

customer needs (e.g., new technology, government regulations). Hong, Song and Yoo (2013) 

later note that customer satisfaction is considered as the primary organizational objective of 

market oriented firms. Mirzaei, Micheels and Boecker (2016, p. 6) find that “common in the 

different definitions of market orientation in the literature is the focus on the customer and the 

needs that the firms could meet through product offerings.” Conversely, entrepreneurially 

oriented firms are defined as those organizations that are proactive, innovative, and willing to 

take risks (Mirzaei, Micheels and Boecker, 2016). For example, Miller (1983, p. 771) state that 

entrepreneurial firms are those that “engage in product market innovation, undertake somewhat 

risky ventures and are generally first to come up with proactive innovations.” Baker and Sinkula 
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(2009) find that entrepreneurially oriented firms are characterized by activities such as 

experimenting with new technologies, being willing to seize new product-market opportunities, 

and having a predisposition to undertake risky ventures. 

Based on the literature on market and entrepreneurial orientation, respondents in this 

study are classified into one of the two groups based on their respective preferences for 

blockchain adoption incentives. As previously discussed, respondents in cluster one report strong 

preferences towards external incentives such as increasing market share, government subsidies, 

and mandated use from buyers. Thus, respondents in cluster one adopt new technology primarily 

as a means to respond to signals in the market regarding the demand for blockchains in 

agriculture. However, respondents in cluster two are not highly motivated to adopt blockchains 

by government subsidies and mandated use but rather rely primarily on internal adoption 

incentives that promise potential improvements in farm business performance. Therefore, for the 

remainder of this study respondents in cluster one are referred to as “market oriented producers” 

and respondents in cluster two are referred to as “entrepreneurially oriented producers.” 

It is important to note that a market orientation and an entrepreneurial orientation are not 

mutually exclusive. For example, Kohli and Jaworski (1990) note that while some firms may be 

more market oriented than others, the concept of a market orientation applies to all firms 

regardless of the industry in which they operate or the product they sell. In agriculture, firms 

need to be aware of current and future needs of customers as well as the means by which 

competitors are able to meet these needs. Thus, Kohli and Jaworski (1990) suggest that it is more 

appropriate to consider the concept of a market orientation as a continuum rather than an 

exclusive organizational construct. Although respondents are categorized into one of two groups, 

it should be noted that all respondents may demonstrate characteristics consistent with both a 

market orientation and an entrepreneurial orientation. 

7.4.2 Predictors of Class Membership 

As mentioned in the previous section, variables are included in the latent class cluster 

analysis as predictors of class membership. The variables included are the number of information 

sources used, frequency of contact with information sources, risk attitudes, age, farm-size, and 

education. Of the covariates included, only one variable is found to significantly influence class 
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membership. Risk Index, used to capture producers’ attitudes towards risk, is the only variable 

that is shown to be a statistically significant predictor of class membership. 

Following Henry and Muthen (2010) and Barnes, Islam and Toma (2013), the results of 

the multinomial logit model that uses class membership as a dependent variable, and covariates 

as independent variables, are reported. Table 7.13 presents the results of the multinomial logit 

regression on class membership, with cluster one set as the base case. 

Table 7.13: Predictors of Class Membership 

Covariate Cluster One Cluster Two 

No. of Information Sources (base outcome) 0.059 

(0.308) 

 

Frequency of Contact (base outcome) 0.584 

(0.401) 

 

Risk Index (base outcome) 1.648** 

(0.701) 

 

Education (base outcome) -1.534 

(1.944) 

 

Age (base outcome) -0.252 

(0.481) 

 

Farm Size (base outcome) -0.032 

(0.421) 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 

 

Table 7.13 shows that the coefficient of Risk Index is a significant predictor of class 

membership. The results presented in table 7.13 suggest that producers exhibiting high levels of 

risk tolerance are more likely be entrepreneurially oriented and are therefore more likely to be 

motivated to adopt blockchains by internal adoption incentives. Conversely, producers exhibiting 

high levels of risk aversion are more likely to be market oriented and therefore are more likely to 

be influenced by external incentives of adoption such as government subsidies. The other 

variables included in the latent class cluster analysis are shown to have no significant influence 

on class membership. 

To further examine the extent to which clusters differ from one another, table 7.14 reports 

the producer characteristics of farmers in each cluster. 
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Table 7.14: Producer Characteristics of Farmers in Each Cluster 

 

 

Cluster Size 

Cluster One: 

Market Oriented 

39% (n=20) 

Cluster Two: 

Entrepreneurially Oriented 

61% (n=31) 

 Most Important Incentives Most Important Incentives 

Most Mandated use from Buyers  Increasing Market Share 

2nd Increasing Market Share Managing Farm Data 

3rd Government Subsidy Differentiating Farming Business 

Farm and Farmer Characteristics Mean Mean 

Access to Information - - 

    Number of Information Sources 4.95 5.39 

    Frequency of Contact* 3.50 4.22 

Risk Attitudes - - 

   General Risk*** 5.00 7.77 

   Technology Risk*** 5.30 7.80 

   Farm Business Risk*** 4.85 7.96 

   Health Risk** 4.50 5.90 

   Financial Risk*** 4.05 6.77 

Experience 2.75 2.80 

   Less than 10 years 5 10 

   11-15 years 4 2 

   16-20 years 2 3 

   More than 20 years 9 16 

Farm Size 1.80 2.12 

   Less than 179 acres 8 12 

   180-559 acres 9 8 

   560-1119 acres 2 6 

   More than 1120 acres 1 5 

Age 4.00 3.54 

   Under 25 1 5 

   26-35 1 2 

   36-45 5 9 

   46-55 4 4 

   56-65 8 8 

   65+ 1 3 

Knowledge of Farm Technology 2.85 2.96 

Outsource*** 0.55 0.87 

Prior Blockchain Awareness 0.85 0.81 

Familiarity with Blockchains** 1.75 2.35 

Gender 0.70 0.74 

Education 0.45 0.48 

No. of Distribution Channels 1.50 1.68 

Membership 0.74 0.73 

Exporter 0.05 0.20 
***, **, * Means are significantly different (between classes) at the 1%, 5% or 10% level 

 

Table 7.14 provides the mean values of the characteristics of farmers in each cluster and 

indicates whether the means of these characteristics are statistically different. As noted by 

Umberger et al. (2010), examining whether producers in separate clusters differ based on 
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personal or farm characteristics allows one to observe whether there are statistically significant 

differences between individuals in each class.  

Of the variables presented in table 7.14, the characteristics that are significantly different 

between classes include risk attitudes, frequency of contact, outsourcing, and familiarity with 

blockchains. The results show that entrepreneurially oriented producers exhibit higher risk 

tolerances in all five risk categories relative to market oriented producers. Entrepreneurially 

oriented producers also report communicating with information sources more frequently than 

market oriented producers and are shown to outsource technology services more often than 

market oriented producers. Additionally, entrepreneurially oriented producers report significantly 

higher levels of familiarity with blockchains relative to market oriented producers.  

The results presented in table 7.14 confirm the findings reported in table 7.13. It is shown 

in table 7.13 that risk attitudes influence class membership and that producers exhibiting higher 

levels of risk tolerance are more likely to be entrepreneurially oriented. Thus, producers 

demonstrating a high tolerance for risk may be motivated to adopt blockchains primarily by the 

potential to improve farm business performance through farm differentiation and data 

management. This is consistent with Mirzaei, Micheels and Boecker (2016) who note that a 

defining characteristic of entrepreneurially oriented firms is a willingness to tolerate risk and a 

propensity to adopt new technology as a means to improve business performance. Table 7.14 

reinforces these findings as it is shown that entrepreneurially oriented producers report 

significantly higher levels of risk tolerance (across all five risk domains) relative to market 

oriented producers. The findings presented in table 7.14 also show that entrepreneurially oriented 

producers communicate with information sources more frequently than market oriented 

producers. Thus, it may be the case that entrepreneurially oriented producers expend more effort 

in obtaining information about novel technology than market oriented producers. This may also 

be a driver of producers familiarity with blockchains as it is shown that entrepreneurially 

oriented producers report significantly higher levels of familiarity with blockchains relative to 

market oriented producers. This may further explain entrepreneurially oriented producers’ 

preferences towards adoption incentives. The fact that producers in cluster two report strong 

preferences towards internal incentives of adoption may be driven by increased levels of 

familiarity with blockchains. Producers with more knowledge of the applications of blockchains 
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may be better informed about their potential ability to improve data management on the farm or 

to differentiate their farming business from competitors. Conversely, it may be the case that 

producers reporting low levels of familiarity with blockchains rely mainly on commercial 

pressures and government signals (e.g., subsidies) as these factors may indicate that there is a 

demand for blockchains in agriculture (Hudson and Hite, 2003).  

7.5 Ordered Logit Model 

To supplement the results of the BWS experiment and latent class cluster analysis, 

following the work of Aizaki et al. (2016), an ordered logit model is conducted using the 

individual BWS scores of each adoption incentive as dependent variables. Farm and farmer 

characteristics including the number of information sources used, the frequency of contact, and 

risk attitudes are included as independent variables. Table 7.15 reports the results of this 

analysis.
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Table 7.15: Factors Influencing Individual BWS Scores of Blockchain Adoption Incentives 

 Reducing 

Legal 

Liability 

Increasing 

Market 

Share 

Managing 

Farm 

Data 

Reducing 

Insurance 

Costs 

Differentiation Government 

Subsidy 

Mandated 

Use 

Improving 

Brand 

Image 

Government 

Recommendation 

No. of Information Sources 0.111 

(0.100) 

-0.028 

(0.106) 

-0.293* 

(0.172) 

-0.104 

(0.142) 

-0.048 

(0.147) 

-0.008 

(0.144) 

0.154 

(0.165) 

0.119 

(0.171) 

-0.119 

(0.175) 

          

Frequency of Contact -0.201 

(0.256) 

0.397* 

(0.241) 

0.132 

(0.249) 

-0.317 

(0.334) 

0.221 

(0.211) 

0.578* 

(0.307) 

-0.177 

(0.227) 

-0.591 

(0.431) 

0.206 

(0.197) 

          

Risk Index 0.274 

(0.177) 

-0.046 

(0.235) 

0.516*** 

(0.142) 

-0.171 

(0.221) 

0.327 

(0.235) 

-0.370 

(0.250) 

-0.534*** 

(0.172) 

0.489*** 

(0.186) 

-0.336 

(0.236) 

          

Blockchain Awareness -0.939 

(1.046) 

0.302 

(0.983) 

-2.266*** 

(0.878) 

-1.440 

(0.878) 

0.338 

(0.829) 

-0.018 

(1.290) 

1.922* 

(1.117) 

1.365 

(1.042) 

-1.121 

(0.904) 

          

Blockchain Familiarity 0.193 

(0.464) 

0.121 

(0.478) 

0.219 

(0.261) 

0.165 

(0.493) 

-0.552* 

(0.334) 

0.010 

(0.692) 

0.051 

(0.386) 

-0.520 

(0.527) 

0.199 

(0.574) 

          

Knowledge of Technology -0.580 

(0.501) 

0.369 

(0.379) 

0.003 

(0.610) 

-0.186 

(0.628) 

0.388 

(0.408) 

-0.207 

(0.579) 

0.064 

(0.628) 

-0.914* 

(0.535) 

0.297 

(0.428) 

          

Experience 0.162 

(0.341) 

-0.023 

(0.306) 

0.561* 

(0.322) 

-0.312 

(0.554) 

0.825** 

(0.351) 

-0.643 

(0.461) 

-0.344 

(0.367) 

0.254 

(0.409) 

0.131 

(0.345) 

          

Farm Size -0.222** 

(0.101) 

0.060 

(0.123) 

-0.080 

(0.100) 

0.309* 

(0.186) 

0.014 

(0.100) 

0.011 

(0.184) 

0.171 

(0.111) 

-0.084 

(0.129) 

-0.249 

(0.158) 

          

Gender 0.498 

(0.505) 

0.736 

(0.901) 

-0.348 

(0.686) 

0.624 

(0.897) 

0.328 

(0.742) 

-0.509 

(0.843) 

0.630 

(0.773) 

-1.446* 

(0.871) 

-0.434 

(0.683) 

          

Age -0.179 

(0.345) 

0.353 

(0.426) 

-0.855** 

(0.384) 

0.031 

(0.697) 

-1.186** 

(0.517) 

0.325 

(0.376) 

0.495 

(0.470) 

-0.029 

(0.509) 

-0.051 

(0.414) 

          

Education -1.156* 

(0.622) 

-0.153 

(0.517) 

-0.643 

(0.688) 

-0.761 

(0.548) 

-0.129 

(0.565) 

0.704 

(0.742) 

0.597 

(0.804) 

1.579** 

(0.738) 

0.216 

(0.632) 

Observations 51 51 51 51 51 51 51 51 51 

Pseudo R2 0.084 0.066 0.131 0.087 0.099 0.099 0.105 0.132 0.095 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.15 presents the results of the ordered logit model used to examine the factors that 

influence individuals’ preferences towards adoption incentives. The number of information 

sources used by a producer is found to influence the BWS score of one adoption incentive. The 

results show that the number of information sources is negatively correlated with the BWS score 

of managing farm data. Frequency of contact is positively correlated with increasing market 

share and government subsidies but is not correlated with the BWS scores of the other 

incentives. Risk attitudes are shown to influence the BWS scores of three of the incentives 

included in this study. Table 7.15 shows that risk attitudes are positively correlated with the 

BWS scores of managing farm data and improving brand image but are negatively correlated to 

the BWS score of mandated use from buyers. These findings suggest that farmers exhibiting low 

levels of risk aversion tend to prefer internal incentives that may promise potential improvements 

in farm business performance. Conversely, producers reporting high levels of risk aversion are 

shown to be highly motivated to adopt blockchains if adoption is mandated from buyers. This is 

consistent with the findings of the latent class cluster analysis (see tables 7.13 and 7.14) that 

shows that entrepreneurially oriented producers exhibit significantly higher levels of risk 

tolerance and tend to prefer internal adoption incentives such as farm differentiation, managing 

farm data and improving brand image. Thus, the results in tables 7.13, 7.14 and 7.15  suggest 

that risk-averse farmers are more likely to respond to external incentives from governments and 

commercial buyers in the form of subsidies or mandated adoption. Conversely, producers 

reporting low levels of risk aversion are shown to prefer incentives that may promise potential 

improvements in farm business performance through data management and improvements in 

farm brand image. 

Table 7.15 also shows how other variables included in this study influence producers’ 

ranking of various adoption incentives. For example, awareness of blockchains is positively 

correlated to mandated use but negatively correlated with managing farm data. Familiarity with 

blockchains is shown to be negatively correlated with the BWS scores of differentiation. Lastly, 

the demographics of respondents are also found to significantly influence preferences towards 

adoption incentives. For example farm size is positively correlated with reducing insurance costs 

but negatively correlated with the BWS scores of reducing legal liability. This may suggest that 
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larger farms are motivated to adopt blockchains by the potential to reduce insurance costs 

whereas smaller farms may be motivated to adopt by potential reductions in legal liability. 

7.6 Robustness Checks 

Lu and White (2014) note that robustness checks should be conducted in empirical 

analyses in order to test the structural validity of econometric models. The authors suggest that 

by modifying the specifications of models, researchers can observe whether key coefficients 

change in such a way that may alter the policy implications of economic research. In this study, 

robustness checks are conducted on key variables. Robustness checks are conducted on risk 

attitudes and information in order to check whether modifications to these variables result in 

changes to the results presented in previous sections.  

7.6.1 Robustness Checks for Risk and Information in Latent Class Cluster Analysis 

As noted in section 7.2.3, a principal component analysis is conducted to construct a 

single risk variable, Risk Index, that captures producers’ risk attitudes across five separate 

domains. To further examine the validity of Risk Index, a reliability test is conducted in which 

Cronbach’s (1951) alpha is reported. Cronbach’s alpha is used as a measure of internal 

consistency that indicates how closely related a set of items are as a group. In the case of risk 

attitudes, Cronbach’s alpha illustrates how similarly respondents answered all five risk questions. 

Table 7.16 reports the results of the reliability test for risk attitudes. 

Table 7.16: Reliability Testing for Risk Attitudes 

Item Obs. Item-Rest 

Correlation 

Avg. Interitem 

Covariance 

Alpha 

General Risk 51 0.784 2.591 0.787 

Technology Risk 51 0.733 2.733 0.802 

Farm Business Risk 51 0.834 2.389 0.771 

Health Risk 51 0.300 3.762 0.905 

Financial Risk 51 0.706 2.567 0.807 

Test Scale   2.808 0.850 
     

 

In table 7.16, column 3 shows the item-rest correlation which represents the correlation 

between a single item and the scale that is formed by all other items. Column 4 shows the 

average interitem covariances of all items if a single item is removed and column 5 shows the 

Cronbach’s alpha for the test scale if a single item is removed. Based on the results in table 7.16, 



127 

 

 

Cronbach’s alpha for all five risk measurements is 0.85. George and Mallery (2003, p. 231) note 

that scores above 0.70 are acceptable but that this value is a general guideline as the appropriate 

degree of reliability depends upon the instrument used to analyze data. The results presented in 

table 7.16 suggest that all risk measurements, with the exception of Health Risk, have relatively 

high internal consistency and are conceptually related to one another. However, Nunnally and 

Bernstein (1994) note that high values for Cronbach’s alpha values do not necessarily imply that 

measurements are unidimensional and suggest further interpretation of results.  

Secondly, as outlined in chapter 5, the number of sources used by producers to collect 

information about novel technology is used to capture a producer’s access to information. As 

noted in table 7.2, twelve different sources of information are included in this analysis. Two of 

the information sources included in this study are “the internet” and “social media.” Although 

these information sources have been used in the literature (Rhoades and Aue, 2011; Howell and 

Habron, 2004), some researchers note that the internet and social media may be more 

appropriately considered as channels through which information sources communicate with 

farmers, as opposed to being sources themselves (Israel and Wilson, 2006). In order to account 

for the distinction between sources and channels of information, the internet and social media are 

excluded from the number of sources used by a producer to collect information about new 

technology. A new variable denoted Information (Robust) is created and is used in place of the 

existing information variable in the latent class (LC) cluster analysis. 

To further test the effect of producers’ risk attitudes and access to information on 

preferences for adoption incentives, the latent class (LC) cluster analysis presented in section 

7.4.2 is replicated six additional times. Five replications are conducted using each individual risk 

measurement (general, technology, farm business, health, and financial) as a proxy for producers 

risk attitudes. The sixth replication includes Information (Robust) as an alternative measure to 

capture the number of sources used by a producer to obtain information about new technology. 

Table 7.17 shows the results of the multinomial logit model (table 7.13 in section 7.4.2) using 

each risk measurement and Information (Robust) as predictors of class membership. The full 

results are reported in the appendix. 
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Table 7.17: Robustness Checks in Latent Class Cluster Analysis 

Model Covariate Cluster One Cluster Two 

1 Risk Index (base outcome) 1.648** 

(0.701) 

 

2 General Risk (base outcome) 1.837*** 

(0.612) 

 

3 Technology Risk (base outcome) 0.018 

(0.294) 

 

4 Farm Business Risk (base outcome) 1.567 

(2.215) 

 

5 Health Risk (base outcome) -2.003** 

(0.995) 

 

6 Financial Risk (base outcome) 0.408 

(0.430) 

 

7 Information (Robust) (base outcome) 0.136 

(0.239) 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  

Models 2-6 are replications of the model presented in table 7.13 using each risk measurement as an individual predictor of class 

membership. Model 7 replicates the model presented in table 7.13 using Information (Robust) to capture the number of 

information sources used by a producer. Full results are reported in the appendix. 

 

Table 7.17 shows the results of the multinomial logit models in which latent class 

membership is used as a dependent variable and covariates are used as independent variables. As 

mentioned in section 7.4.2, covariates included as predictors of class membership include the 

number of information sources used, frequency of contact, risk attitudes, education, age, and 

farm-size. However, it is important to note that the results in table 7.17 report only the 

coefficients of risk attitudes and Information (Robust). Each of the coefficients shown are 

obtained through seven separate model estimations in which each individual risk attitude (for 

each risk domain) and Information (Robust) are used as predictors of class membership along 

with age, farm-size, education, and frequency of contact. Full results of each model are reported 

in the appendix (see appendix 4-9). 

The results presented in table 7.17 show that the effect of risk on class membership varies 

between different measures of producers’ risk attitudes. General Risk is shown to have a similar 

effect as Risk Index on class membership. Table 7.17 shows that when using Risk Index or 

General Risk to capture producers’ risk attitudes, there is a positive correlation between risk 

attitudes and the probability of a producer belonging to cluster two. The results show that 

farmers exhibiting higher levels of risk tolerance are more likely to be categorized as 
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entrepreneurially oriented rather than market oriented. However, the results in table 7.17 show 

that there is a negative relationship between risk attitudes and the probability of belonging to 

cluster two when Health Risk is used. It may be important to note that table 7.16 illustrates that 

Health Risk has the lowest item-rest correlation of all risk measurements and that removing 

Health Risk results in an increase in Cronbach’s alpha. This may suggest that Health Risk is 

measuring a different construct than the other measures of risk (Nunnally and Bernstein, 1994). 

Technology Risk, Farm Business Risk and Financial Risk are shown to have no influence on 

class membership.  

Additionally, removing “the internet” and “social media” from the list of information 

sources results in no change from the findings presented in table 7.13. Table 7.17 shows that 

when using Information (Robust) to capture producers’ access to information, the number of 

information sources used by a producer has no influence on class membership. These results 

confirm the findings presented in table 7.13 that show that the number of information sources 

used by a producer does not influence the probability of a producer belonging to either cluster.  

7.6.2 Robustness Checks for Risk and Information in the Ordered Logit Model 

Additional calculations are also conducted to examine how alternative measures of access 

to information and risk attitudes influence the BWS scores of individual adoption incentives. The 

ordered logit model presented in section 7.5 is replicated to include Information (Robust) and 

each individual risk measurement as independent variables.  

The following nine tables (tables 7.18-7.26) present results of the ordered logit models 

using six different methods to capture producers’ risk attitudes. There is one table for each 

adoption incentive in which the BWS score of the incentive is used as a dependent variable and 

farm and farmer characteristics are used as dependent variables. Each table includes results from 

six separate model estimations: model 1 uses Risk Index to capture producers’ risk attitudes, 

model 2 uses General Risk, model 3 uses Technology Risk, model 4 uses Farm Business Risk, 

model 5 uses Health Risk, and model 6 uses Financial Risk. For example, table 7.18 shows the 

results of the ordered logit model using the BWS score of reducing legal liability as a dependent 

variable and farm and farmer characteristics as independent variables. 
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Table 7.18: Effect of Producer Risk Attitudes on the BWS Score of Reducing Legal Liability 

 Model 1: 

Risk Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business 

Risk 

Model 5: 

Health Risk 

Model 6: 

Financial 

Risk 

No. of Information 

Sources 

0.111 

(0.100) 

0.096 

(0.096) 

0.119 

(0.097) 

0.087 

(0.111) 

0.133 

(0.101) 

0.129 

(0.104) 

       

Frequency of 

Contact 

-0.201 

(0.256) 

-0.219 

(0.258) 

-0.193 

(0.244) 

-0.157 

(0.252) 

-0.184 

(0.236) 

-0.201 

(0.242) 

       

Risk 0.274 

(0.177) 

0.293* 

(0.161) 

0.201 

(0.147) 

0.185 

(0.141) 

0.010 

(0.134) 

0.132 

(0.142) 

       

Blockchain 

Awareness 

-0.939 

(1.046) 

-0.847 

(1.022) 

-1.058 

(1.058) 

-0.937 

(1.093) 

-1.189 

(1.163) 

-1.049 

(1.078) 

       

Blockchain 

Familiarity 

0.193 

(0.464) 

0.132 

(0.463) 

0.202 

(0.512) 

0.189 

(0.481) 

0.409 

(0.432) 

0.325 

(0.426) 

       

Knowledge of 

Technology 

-0.580 

(0.501) 

-0.752 

(0.562) 

-0.633 

(0.534) 

-0.522 

(0.481) 

-0.421 

(0.490) 

-0.450 

(0.487) 

       

Experience 0.162 

(0.341) 

0.157 

(0.366) 

0.222 

(0.373) 

0.152 

(0.338) 

0.147 

(0.326) 

0.134 

(0.319) 

       

Farm Size -0.222** 

(0.101) 

-0.217** 

(0.097) 

-0.207** 

(0.104) 

-0.223** 

(0.103) 

-0.208** 

(0.101) 

-0.226** 

(0.102) 

       

Gender 0.498 

(0.505) 

0.359 

(0.556) 

0.382 

(0.520) 

0.546 

(0.474) 

0.613 

(0.558) 

0.643 

(0.494) 

       

Age -0.179 

(0.345) 

-0.208 

(0.358) 

0.241 

(0.341) 

-0.215 

(0.340) 

0.223 

(0.336) 

-0.147 

(0.331) 

       

Education -1.156* 

(0.622) 

-1.178** 

(0.638) 

-1.092* 

(0.624) 

-1.111* 

(0.663) 

-0.994 

(0.701) 

-1.166* 

(0.671) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.084 0.091 0.082 0.082 0.072 0.075 
       

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.19: Effect of Producer Risk Attitudes on the BWS Score of Increasing Market Share 

 Model 1: 

Risk 

Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial Risk 

No. of Information 

Sources 

-0.028 

(0.106) 

-0.027 

(0.111) 

-0.035 

(0.117) 

-0.019 

(0.108) 

-0.044 

(0.122) 

-0.037 

(0.106) 

       

Frequency of 

Contact 

0.397* 

(0.241) 

0.396 

(0.242) 

0.376 

(0.232) 

0.384 

(0.240) 

0.408* 

(0.244) 

0.419* 

(0.242) 

       

Risk -0.046 

(0.235) 

-0.023 

(0.214) 

0.105 

(0.169) 

-0.059 

(0.159) 

-0.057 

(0.183) 

-0.107 

(0.156) 

       

Blockchain 

Awareness 

0.302 

(0.983) 

0.361 

(0.980) 

0.405 

(0.913) 

0.292 

(0.972) 

0.261 

(1.056) 

0.256 

(1.007) 

       

Blockchain 

Familiarity 

0.121 

(0.478) 

0.100 

(0.446) 

-0.043 

(0.445) 

0.161 

(0.469) 

0.093 

(0.370) 

0.163 

(0.396) 

       

Knowledge of 

Technology 

0.369 

(0.379) 

0.363 

(0.416) 

0.247 

(0.383) 

0.383 

(0.366) 

0.338 

(0.326) 

0.363 

(0.330) 

       

Experience -0.023 

(0.306) 

-0.019 

(0.312) 

0.006 

(0.310) 

-0.031 

(0.311) 

-0.010 

(0.303) 

-0.002 

(0.314) 

       

Farm Size 0.060 

(0.123) 

0.060 

(0.126) 

0.064 

(0.132) 

0.061 

(0.121) 

0.062 

(0.126) 

0.074 

(0.119) 

       

Gender 0.736 

(0.901) 

0.716 

(0.879) 

0.525 

(0.846) 

0.761 

(0.860) 

0.718 

(0.833) 

0.749 

(0.815) 

       

Age 0.353 

(0.426) 

0.358 

(0.432) 

0.361 

(0.457) 

0.365 

(0.426) 

0.338 

(0.436) 

0.281 

(0.443) 

       

Education -0.153 

(0.517) 

-0.165 

(0.516) 

-0.234 

(0.529) 

-0.160 

(0.518) 

-0.158 

(0.531) 

-0.074 

(0.503) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.066 0.065 0.068 0.066 0.063 0.069 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.20: Effect of Producer Risk Attitudes on the BWS Score of Managing Farm Data 

 Model 1: 

Risk Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial Risk 

No. of Information 

Sources 

-0.293* 

(0.172) 

-0.306* 

(0.168) 

-0.291* 

(0.172) 

-0.316** 

(0.165) 

-0.200 

(0.162) 

-0.248 

(0.163) 

       

Frequency of 

Contact 

0.132 

(0.249) 

0.144 

(0.256) 

0.127 

(0.261) 

0.214 

(0.219) 

0.155 

(0.290) 

0.128 

(0.228) 

       

Risk 0.516*** 

(0.142) 

0.321*** 

(0.078) 

0.364*** 

(0.118) 

0.314** 

(0.128) 

0.363*** 

(0.109) 

0.325** 

(0.149) 

       

Blockchain 

Awareness 

-2.266*** 

(0.878) 

-2.309** 

(0.906) 

-2.648*** 

(0.970) 

-2.262*** 

(0.839) 

-2.496*** 

(0.694) 

-2.258*** 

(0.790) 

       

Blockchain 

Familiarity 

0.219 

(0.261) 

0.292 

(0.258) 

0.273 

(0.250) 

0.205 

(0.254) 

0.616** 

(0.306) 

0.389 

(0.256) 

       

Knowledge of 

Technology 

0.003 

(0.610) 

0.073 

(0.595) 

-0.029 

(0.635) 

0.074 

(0.607) 

0.317 

(0.519) 

0.163 

(0.526) 

       

Experience 0.561* 

(0.322) 

0.567* 

(0.336) 

0.663** 

(0.321) 

0.574* 

(0.321) 

0.501 

(0.354) 

0.503 

(0.344) 

       

Farm Size -0.080 

(0.100) 

-0.081 

(0.102) 

-0.044 

(0.106) 

-0.058 

(0.095) 

-0.088 

(0.118) 

-.109 

(0.100) 

       

Gender -0.348 

(0.686) 

-0.348 

(0.645) 

-0.430 

(0.641) 

-0.310 

(0.709) 

0.061 

(0.780) 

0.039 

(0.731) 

       

Age -0.855** 

(0.384) 

-0.943** 

(0.396) 

-1.024*** 

(0.393) 

-0.957** 

(0.379) 

-0.769* 

(0.427) 

-0.695* 

(0.402) 

       

Education -0.643 

(0.688) 

-0.578 

(0.711) 

-0.538 

(0.700) 

-0.479 

(0.681) 

-0.305 

(0.705) 

-0.774 

(0.762) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.131 0.115 0.117 0.115 0.129 0.116 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.21: Effect of Producer Risk Attitudes on the BWS Score of Reducing Insurance Costs 

 Model 1: 

Risk Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial 

Risk 

No. of Information 

Sources 

-0.104 

(0.142) 

-0.085 

(0.131) 

-0.116 

(0.140) 

-0.086 

(0.154) 

-0.130 

(0.165) 

-0.115 

(0.140) 

       

Frequency of 

Contact 

-0.317 

(0.334) 

-0.274 

(0.331) 

-0.359 

(0.364) 

-0.353 

(0.310) 

-0.353 

(0.339) 

-0.341 

(0.322) 

       

Risk -0.171 

(0.221) 

-0.260 

(0.186) 

-0.017 

(0.166) 

-0.121 

(0.157) 

-0.034 

(0.161) 

-0.069 

(0.134) 

       

Blockchain 

Awareness 

-1.440 

(0.878) 

-1.655* 

(0.886) 

-1.263 

(0.851) 

-1.398 

(0.861) 

-1.311 

(0.980) 

-1.354 

(0.895) 

       

Blockchain 

Familiarity 

0.165 

(0.493) 

0.282 

(0.510) 

0.055 

(0.465) 

0.184 

(0.520) 

0.040 

(0.477) 

0.083 

(0.477) 

       

Knowledge of 

Technology 

-0.186 

(0.628) 

-0.121 

(0.651) 

-0.191 

(0.565) 

-0.199 

(0.637) 

-0.226 

(0.644) 

-0.206 

(0.606) 

       

Experience -0.312 

(0.554) 

-0.294 

(0.531) 

-0.310 

(0.573) 

-0.326 

(0.555) 

-0.294 

(0.556) 

-0.292 

(0.551) 

       

Farm Size 0.309* 

(0.186) 

0.315* 

(0.175) 

0.289 

(0.179) 

0.309 

(0.189) 

0.295    

(0.187) 

0.302* 

(0.181) 

       

Gender 0.624 

(0.897) 

0.830 

(0.942) 

0.495 

(0.946) 

0.588 

(0.871) 

0.472 

(0.823) 

0.486 

(0.827) 

       

Age 0.031 

(0.697) 

0.026 

(0.685) 

0.076 

(0.718) 

0.070 

(0.692) 

0.047 

(0.730) 

0.004 

(0.723) 

       

Education -0.761 

(0.548) 

-0.729 

(0.546) 

-0.852 

(0.560) 

-0.810 

(0.534) 

-0.862 

(0.531) 

-0.773 

(0.560) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.087 0.094 0.082 0.086 0.082 0.084 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.22: Effect of Producer Risk Attitudes on the BWS Score of Differentiation 

 Model 1: 

Risk 

Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial 

Risk 

No. of Information 

Sources 

-0.048 

(0.147) 

-0.068 

(0.153) 

-0.054 

(0.144) 

-0.069 

(0.141) 

-0.028 

(0.146) 

-0.034 

(0.143) 

       

Frequency of 

Contact 

0.221 

(0.211) 

0.189 

(0.209) 

0.229 

(0.213) 

0.265 

(0.202) 

0.232 

(0.198) 

0.226 

(0.215) 

       

Risk  0.327 

(0.235) 

0.312 

(0.190) 

0.124 

(0.154) 

0.200 

(0.176) 

0.127 

(0.184) 

0.198 

(0.128) 

       

Blockchain 

Awareness 

0.338 

(0.829) 

0.458 

(0.887) 

0.083 

(0.754) 

0.177 

(0.727) 

0.160 

(0.805) 

0.171 

(0.757) 

       

Blockchain 

Familiarity 

-0.552* 

(0.334) 

-0.583 

(0.358) 

-0.412 

(0.325) 

-0.513* 

(0.311) 

-0.322 

(0.295) 

-0.421 

(0.310) 

       

Knowledge of 

Technology 

0.388 

(0.408) 

0.331 

(0.386) 

0.410 

(0.395) 

0.439 

(0.419) 

0.533 

(0.378) 

0.485 

(0.393) 

       

Experience 0.825** 

(0.351) 

0.784** 

(0.340) 

0.854** 

(0.341) 

0.826** 

(0.358) 

0.839** 

(0.356) 

0.799** 

(0.361) 

       

Farm Size 0.014 

(0.100) 

0.020 

(0.106) 

0.032 

(0.095) 

0.021 

(0.100) 

0.011 

(0.087) 

0.001 

(0.096) 

       

Gender 0.328 

(0.742) 

.232 

(0.749) 

0.458 

(0.728) 

0.406 

(0.740) 

0.626 

(0.644) 

0.601 

(0.647) 

       

Age -1.186** 

(0.517) 

-1.181** 

(0.516) 

-1.279** 

(0.526) 

-1.232** 

(0.532) 

-1.267** 

(0.505) 

-1.150** 

(0.535) 

       

Education -0.129 

(0.565) 

-0.161 

(0.615) 

-0.001 

(0.562) 

-0.048 

(0.555) 

0.092 

(0.530) 

-0.131 

(0.546) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.099 0.105 0.087 0.094 0.088 0.097 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.23: Effect of Producer Risk Attitudes on the BWS Score of Subsidy 

 Model 1: 

Risk 

Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial Risk 

No. of Information 

Sources 

-0.008 

(0.144) 

0.004 

(0.137) 

-0.013 

(0.143) 

0.016 

(0.146) 

-0.032 

(0.144) 

-0.046 

(0.165) 

       

Frequency of 

Contact 

0.578* 

(0.307) 

0.591** 

(0.299) 

0.551* 

(0.296) 

0.518* 

(0.287) 

0.569* 

(0.317) 

0.602** 

(0.304) 

       

Risk -0.370 

(0.250) 

-0.321 

(0.221) 

-0.127 

(0.224) 

-0.198 

(0.131) 

-0.081 

(0.152) 

-0.339** 

(0.161) 

       

Blockchain 

Awareness 

-0.018 

(1.290) 

-0.081 

(1.298) 

0.411 

(1.159) 

(0.242) 

(1.187) 

0.385 

(1.288) 

-0.011 

(1.205) 

       

Blockchain 

Familiarity 

0.010 

(0.692) 

-0.018 

(0.653) 

-0.228 

(0.627) 

-0.060 

(0.687) 

-0.318 

(0.594) 

-0.067 

(0.629) 

       

Knowledge of 

Technology 

-0.207 

(0.579) 

-0.127 

(0.576) 

-0.195 

(0.489) 

-0.248 

(0.564) 

-0.311 

 (0.510) 

-0.347 

(0.577) 

       

Experience -0.643 

(0.461) 

-0.571 

(0.444) 

-0.633 

(0.437) 

-0.652 

(0.458) 

-0.620 

(0.446) 

-0.625* 

(0.482) 

       

Farm Size 0.011 

(0.184) 

0.013 

(0.182) 

-0.035 

(0.165) 

0.012 

(0.181) 

-0.015 

(0.175) 

0.061 

(0.193) 

       

Gender -0.509 

(0.843) 

-0.474 

(0.890) 

-0.694 

(0.843) 

-0.634 

(0.795) 

-0.828 

(0.793) 

-0.762 

(0.706) 

       

Age 0.325 

(0.376) 

0.312 

(0.396) 

0.405 

(0.368) 

0.408 

(0.365) 

0.389 

 (0.347) 

0.186 

(0.367) 

       

Education 0.704 

(0.742) 

0.641 

(0.714) 

0.501 

(0.647) 

0.541 

(0.655) 

0.419 

 (0.583) 

0.975 

(0.842) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.099 0.099 0.084 0.092 0.083 0.111 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.24: Effect of Producer Risk Attitudes on the BWS Score of Mandated Use from Buyers 

 Model 1: 

Risk Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial 

Risk 

No. of Information 

Sources 

0.154 

(0.165) 

0.156 

(0.158) 

0.121 

(0.161) 

0.183 

(0.179) 

0.049 

(0.158) 

0.120 

(0.166) 

       

Frequency of 

Contact 

-0.177 

(0.227) 

-0.155 

(0.219) 

-0.201 

(0.213) 

-0.259 

(0.217) 

-0.193 

(0.221) 

-0.193 

(0.249) 

       

Risk -0.534*** 

(0.172) 

-0.417*** 

(0.122) 

-0.286** 

(0.141) 

-0.312* 

(0.162) 

-0.271** 

(0.106) 

-0.327** 

(0.145) 

       

Blockchain 

Awareness 

1.922* 

(1.117) 

1.831* 

(1.067) 

2.118** 

(1.079) 

1.911* 

(1.052) 

2.051** 

(1.019) 

1.846* 

(1.011) 

       

Blockchain 

Familiarity 

0.051 

(0.386) 

0.039 

(0.391) 

-0.058 

(0.366) 

0.049 

(0.371) 

-0.342 

(0.372) 

-0.085 

(0.370) 

       

Knowledge of 

Technology 

0.064 

(0.628) 

0.169 

(0.676) 

0.032 

(0.604) 

-0.046 

(0.606) 

-0.265 

(0.513) 

-0.041 

 (0.507) 

       

Experience -0.344 

(0.367) 

-0.355 

(0.373) 

-0.392 

(0.369) 

-0.344 

(0.381) 

-.304 

(0.369) 

-0.289 

(0.371) 

       

Farm Size 0.171 

(0.111) 

0.160 

(0.107) 

0.121 

(0.115) 

0.161 

(0.114) 

0.179* 

(0.106) 

0.191* 

(0.109) 

       

Gender 0.630 

(0.773) 

0.800 

(0.774) 

0.679 

(0.759) 

0.462 

(0.727) 

0.199 

(0.778) 

0.268 

(0.773) 

       

Age 0.495 

(0.470) 

0.583 

(0.502) 

0.607 

(0.493) 

0.592 

(0.509) 

0.484 

(0.421) 

0.364 

(0.442) 

       

Education 0.597 

(0.804) 

0.497 

(0.802) 

0.401 

(0.757) 

0.403 

(0.756) 

0.231 

(0.668) 

0.644 

(0.756) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.105 0.102 0.079 0.086 0.087 0.092 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.25: Effect of Producer Risk Attitudes on the BWS Score of Improving Brand Image 

 Model 1: 

Risk 

Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial 

Risk 

No. of Information 

Sources 

0.119 

(0.171) 

0.107 

(0.162) 

0.113 

(0.171) 

0.071 

(0.176) 

0.133 

(0.185) 

0.154 

(0.188) 

       

Frequency of 

Contact 

-0.591 

(0.431) 

-0.646 

(0.446) 

-0.563 

(0.419) 

-0.483 

(0.400) 

-0.505 

(0.345) 

-0.582 

(0.380) 

       

Risk 0.489*** 

(0.186) 

0.426*** 

(0.143) 

0.297* 

(0.176) 

0.367*** 

(0.129) 

0.015 

(0.157) 

0.276** 

(0.112) 

       

Blockchain 

Awareness 

1.365 

(1.042) 

1.497* 

(1.016) 

1.049 

(0.971) 

1.301 

(1.025) 

0.861 

(0.947) 

1.150 

(0.959) 

       

Blockchain 

Familiarity 

-0.520 

(0.527) 

-0.489 

(0.512) 

-0.385 

(0.532) 

-0.619 

(0.588) 

-0.121 

(0.403) 

-0.336 

(0.432) 

       

Knowledge of 

Technology 

-0.914* 

(0.535) 

-1.030* 

(0.562) 

-0.991* 

(0.516) 

-0.856 

(0.566) 

-0.733 

(0.462) 

-0.734 

(0.480) 

       

Experience 0.254 

(0.409) 

0.206 

(0.387) 

0.308 

(0.389) 

0.288 

(0.407) 

0.215 

(0.338) 

0.203 

(0.378) 

       

Farm Size -0.084 

(0.129) 

-0.088 

(0.133) 

-0.039 

(0.130) 

-0.073 

(0.128) 

-0.037 

(0.125) 

-0.086 

(0.125) 

       

Gender -1.446* 

(0.871) 

-1.529* 

(0.812) 

-1.372* 

(0.828) 

-1.359 

(0.845) 

-0.921 

(0.691) 

-1.040 

(0.746) 

       

Age -0.029 

(0.509) 

-0.060 

(0.496) 

-0.161 

(0.470) 

-0.128 

(0.459) 

-0.142 

(0.497) 

0.055 

(0.522) 

       

Education 1.579** 

(0.738) 

1.654** 

(0.753) 

1.762** 

(0.747) 

1.732** 

(0.689) 

1.873*** 

(0.692) 

1.517** 

(0.723) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.132 0.136 0.115 0.133 0.096 0.121 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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Table 7.26: Effect of Producer Risk Attitudes on the BWS Score of Government 

Recommendation 

 Model 1: 

Risk 

Index 

Model 2: 

General Risk 

Model 3: 

Technology 

Risk 

Model 4: 

Farm 

Business Risk 

Model 5: 

Health Risk 

Model 6: 

Financial Risk 

No. of Information 

Sources 

-0.119 

(0.175) 

-0.120 

(0.188) 

-0.132 

(0.185) 

-0.082 

(0.177) 

-0.139 

(0.178) 

-0.132 

(0.178) 

       

Frequency of 

Contact 

0.206 

(0.197) 

0.225 

(0.205) 

0.245 

(0.196) 

0.132 

(0.218) 

0.216 

(0.222) 

0.208 

(0.224) 

       

Risk -0.336 

(0.236) 

-0.210 

(0.211) 

-0.492*** 

(0.137) 

-0.267 

(0.184) 

-0.032 

(0.135) 

-0.047 

(0.164) 

       

Blockchain 

Awareness 

-1.121 

(0.904) 

-1.124 

(0.964) 

-1.257 

(0.879) 

-1.067 

(0.786) 

-0.787 

(0.844) 

0.814 

(0.869) 

       

Blockchain 

Familiarity 

0.199 

(0.574) 

0.091 

(0.599) 

0.334 

(0.562) 

0.208 

(0.550) 

-0.126 

(0.510) 

-0.091 

(0.562) 

       

Knowledge of 

Technology 

0.297 

(0.428) 

0.329 

(0.474) 

0.608 

(0.486) 

0.267 

(0.442) 

0.156 

(0.483) 

0.156 

(0.493) 

       

Experience 0.131 

(0.345) 

0.185 

(0.338) 

0.024 

(0.368) 

0.094 

(0.367) 

0.171 

(0.343) 

0.165 

(0.345) 

       

Farm Size -0.249 

(0.158) 

-0.265* 

(0.158) 

-0.310* 

(0.168) 

-0.247 

(0.156) 

-0.257* 

(0.147) 

-0.249 

(0.160) 

       

Gender -0.434 

(0.683) 

-0.459 

(0.732) 

-0.052 

(0.667) 

-0.477 

(0.694) 

-0.688 

(0.742) 

-0.696 

(0.734) 

       

Age -0.051 

(0.414) 

-0.034 

(0.404) 

0.497 

(0.416) 

0.037 

(0.429) 

-0.001 

(0.418) 

-0.015 

(0.412) 

       

Education 0.216 

(0.632) 

0.120 

(0.649) 

0.387 

(0.638) 

0.081 

(0.611) 

-0.098 

(0.588) 

-0.044 

(0.614) 

Observations 51 51 51 51 51 51 

Pseudo R2 0.095 0.083 0.135 0.094 0.073 0.073 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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The results presented in tables 7.18-7.26 yield findings that are consistent with the results 

presented in section 7.5. The coefficient signs of each risk measurement are consistent across all 

adoption incentives. For example, table 7.24 shows that all six measurements of risk are 

negatively correlated with the BWS score of mandated use from buyers. Similarly, table 7.20 

shows that all six risk measurements are positively correlated with the BWS score of managing 

farm data. This confirms the findings in table 7.15 that show that risk aversion has a positive 

effect on the BWS score of mandated use from buyers and a negative effect on the BWS score 

managing farm data. This may further strengthen the argument that risk-averse producers tend to 

rely on external incentives, such as mandated use from buyers, to motivate their technology 

adoption decisions. However, although the signs of the risk coefficients are uniform across all 

incentives, the results show that different measures of risk have varying effects on the BWS 

scores of adoption incentives. For example, table 7.25 shows that all risk variables, with the 

exception of Health Risk, are positively correlated with the BWS scores of improving brand 

image. Additionally, table 7.18 shows a positive correlation between General Risk and the BWS 

score of reducing legal liability, but all other risk proxies are shown to have no effect on 

producers’ ranking of this incentive. These findings may suggest that the effect of risk on 

producers’ preferences for adoption incentives is conditional upon the instrument used to capture 

producers’ risk attitudes. Nonetheless, it appears that the results in tables 7.18-7.26 confirm the 

findings presented in section 7.4.2. The results show that risk-averse producers tend to prefer 

external adoption incentives such as subsidies and mandated use whereas risk-loving producers 

may be more motivated to adopt blockchains through the ability to better manage farm data, 

improve farm brand image, or differentiating their farming business. 

As noted in the previous section, this study also conducts a robustness check on 

information. Information (Robust), a new variable used to capture the number of sources used by 

a producer, is used in the ordered logit model to further examine how producers’ access to 

information influence preferences for different adoption incentives. Recall that Information 

(Robust) is created by removing the “internet” and “social media” from the list of available 

information sources. The ordered logit model presented in table 7.15 is replicated using 

Information (Robust) instead of the previously used No. of Info Sources. These results are 

presented in table 7.27



140 

 

 

Table 7.27: Factors Influencing Individual BWS Scores of Blockchain Adoption Incentives – Information Robustness Check 

 Reducing 

Legal 

Liability 

Increasing 

Market 

Share 

Managing 

Farm 

Data 

Reducing 

Insurance 

Costs 

Differentiation Government 

Subsidy 

Mandated 

Use 

Improving 

Brand Image 

Government 

Recommendation 

Information (Robust) 0.115 

(0.113) 

-0.047 

(0.116) 

-0.372** 

(0.183) 

-0.084 

(0.154) 

-0.025 

(0.150) 

0.028 

(0.160) 

0.202 

(0.172) 

0.091 

(0.164) 

-0.179 

(0.218) 

          

Frequency of Contact -0.181 

(0.256) 

0.399* 

(0.241) 

0.106 

(0.233) 

-0.328 

(0.340) 

0.206 

(0.209) 

0.564* 

(0.302) 

-0.167 

(0.237) 

-0.557 

(0.423) 

0.210 

(0.187) 

          

Risk Index 0.286* 

(0.171) 

-0.048 

(0.235) 

0.492*** 

(0.144) 

-0.184 

(0.214) 

0.326 

(0.242) 

-0.369 

(0.249) 

-0.524*** 

(0.170) 

0.502*** 

(0.187) 

-0.383* 

(0.229) 

          

Blockchain Awareness -0.974 

(1.060) 

0.295 

(0.980) 

-2.225** 

(0.887) 

-1.404 

(0.875) 

0.364 

(0.816) 

-0.006 

(1.297) 

1.909 

(1.167) 

1.336 

(1.037) 

-1.159 

(0.925) 

          

Blockchain Familiarity 0.182 

(0.462) 

0.117 

(0.480) 

0.217 

(0.271) 

0.160 

(0.507) 

-0.547 

(0.335) 

0.023 

(0.703) 

0.068 

(0.381) 

-0.521 

(0.531) 

0.159 

(0.599) 

          

Knowledge of Technology -0.610 

(0.496) 

0.380 

(0.377) 

0.076 

(0.598) 

-0.169 

(0.635) 

0.402 

(0.403) 

-0.212 

(0.592) 

0.032 

(0.593) 

-0.949* 

(0.535) 

0.361 

(0.481) 

          

Experience 0.204 

(0.349) 

-0.030 

(0.297) 

0.477 

(0.318) 

-0.348 

(0.549) 

0.808** 

(0.350) 

-0.646 

(0.464) 

-0.304 

(0.372) 

0.281 

(0.433) 

0.111 

(0.328) 

          

Farm Size -0.224** 

(0.104) 

0.061 

(0.122) 

-0.081 

(0.102) 

0.311* 

(0.186) 

0.011 

(0.097) 

0.013 

(0.186) 

0.167 

(0.111) 

-0.080 

(0.131) 

-0.258 

(0.173) 

          

Gender 0.483 

(0.498) 

0.751 

(0.892) 

-0.242 

(0.694) 

0.624 

(0.927) 

0.319 

(0.747) 

-0.534 

(0.837) 

0.579 

(0.778) 

-1.427 

(0.883) 

-0.404 

(0.692) 

          

Age -0.237 

(0.357) 

0.364 

(0.416) 

-0.719* 

(0.359) 

0.081 

(0.694) 

-1.166** 

(0.523) 

0.323 

(0.382) 

0.426 

(0.475) 

-0.082 

(0.528) 

0.001 

(0.413) 

          

Education -1.155* 

(0.624) 

-0.141 

(0.512) 

-0.571 

(0.680) 

-0.753 

(0.555) 

-0.157 

(0.579) 

0.663 

(0.751) 

0.549 

(0.815) 

1.572** 

(0.736) 

0.283 

(0.642) 

Observations 51 51 51 51 51 51 51 51 51 

Pseudo R2 0.084 0.066 0.141 0.085 0.099 0.099 0.108 0.130 0.997 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses. 
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 The results in table 7.27 show that when “the internet” and “social media” are removed 

from the number of information sources, the ordered logit model yields similar results as the 

findings presented in section 7.5. Table 7.27 shows that Information (Robust) is negatively 

correlated with managing farm data but has no significant effect on the BWS scores of the 

remaining eight incentives. This is consistent with the findings presented in table 7.15 that show 

a negative relationship between the number of information sources used and the BWS score of 

managing farm data.  

The results in tables 7.18-7.27 present additional calculations to further examine how 

access to information and risk attitudes influence producers’ preferences for adoption incentives. 

The findings in tables 7.18-7.26 confirm the results of table 7.15 and show that risk attitudes are 

an important factor in shaping producers’ preferences for different incentives of technology 

adoption. The results presented above show that producers exhibiting high levels of risk aversion 

tend to prefer external incentives of adoption such as government subsidies, mandated use from 

buyers, and government recommended use. Producers exhibiting low levels of risk aversion are 

shown to prefer internal adoption incentives such as managing farm data and improving brand 

image. This is consistent with the findings presented in section 7.4 that demonstrate that risk-

averse producers are more likely to be market oriented and thus, are more likely to respond to 

external adoption incentives driven from downstream in the supply chain. The findings reported 

in table 7.27 also show that when using Information (Robust), the ordered logit model presents 

results consistent with those in table 7.15. The number of information sources used by a producer 

is shown to be negatively correlated with the BWS score of managing farm data but does not 

influence producers’ preferences towards the other incentives of adoption.  

7.7 Summary 

7.7.1 Discussion on the Best-Worst Scaling Analysis 

The results of the BWS analysis show that increasing market share, managing farm data, 

and mandated use are the three most important incentives that may motivate the adoption of 

blockchains in Ontario’s agricultural sector. The adoption incentives that are least important to 

producers include government recommended use, the ability to reduce insurance costs, and 

improving farm brand image. 
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These results suggest that survey respondents generally respond more to external 

incentives, such as commercial pressures and government policies, and less to internal incentives 

that may provide producers with methods of improving internal business operations. Similar 

findings are reported in the adoption literature. O’Chieng and Hobbs (2016) find that mandated 

use from buyers, government subsidies, and higher willingness to pay values for agricultural 

goods are the primary drivers of technology adoption in the Canadian agricultural sector. Barnes 

et al. (2019) later find that the adoption of new technology in agriculture relies primarily on 

regulatory actions and policies rather than adoption incentives that promise potential 

enhancements in farm business performance. 

A closer examination of the BWS analysis shows that respondents are heterogeneous in 

their preferences towards adoption incentives. The results reported in table 7.8 show that 

producers exhibit similar preferences towards the most and least important adoption incentives 

but differ in their preferences towards the remaining incentives included in this analysis. It is 

shown that producers in the sample generally agree that increasing market share is the most 

important incentive that may drive the adoption of blockchains, and that government 

recommended use is the least important incentive. However, respondents exhibit heterogeneous 

preferences towards the other adoption incentives included in this study.  

7.7.2 Discussion on the Latent Class Cluster Analysis 

The results of the latent class cluster analysis reveal two distinct groups of producers 

based on their respective ranking of blockchain adoption incentives. One group of producers, 

labelled as “entrepreneurially oriented producers,” appears to be highly influenced by internal 

incentives that promise potential improvements in business performance such as managing 

farming data and farm differentiation. The second group of producers, labelled as “market 

oriented producers,” demonstrates strong preferences for external adoption incentives including 

government subsidies and mandated use from buyers.  

Upon further examination of the results, producers in distinct groups differ not only in 

their preferences for adoption incentives but also with respect to risk attitudes. Results presented 

in tables 7.13 and 7.14 show that market oriented producers exhibit significantly higher levels of 

risk aversion relative to entrepreneurially oriented producers. Risk aversion is shown to be 
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positively correlated with preferences for external adoption incentives such as government 

subsidies. This may be due to the fact that risk-averse producers who are uncertain about the 

benefits of blockchains may require greater reassurances about the efficacy of blockchains in 

agriculture. For example, risk-averse producers may respond positively to government subsidies 

or mandated use from buyers as these incentives may signal a demand for blockchains by 

participants downstream in the agri-food supply chain. External incentives, such as government 

subsidies, may also lower the financial costs associated with adoption as subsidies can assist 

farmers in managing the investment(s) needed to adopt new technology (Hudson and Hite, 

2003). Conversely, farmers demonstrating low levels of risk aversion may not require market 

signals to motivate their adoption decision. These producers may be motivated to adopt 

blockchains primarily by the potential to improve the performance of their farming business 

through the ability to better manage agricultural data or by differentiating their farm from their 

competitors. 

Results in table 7.14 also show that entrepreneurially oriented producers and market 

oriented producers differ with respect to the frequency with which they reach out to information 

sources. It is shown that entrepreneurially oriented producers communicate with information 

sources more frequently than market oriented producers. This may suggest that producers 

demonstrating strong preferences towards internal incentives of adoption engage with different 

sources of information at higher rates than producers who prefer external incentives of adoption. 

It is also shown that entrepreneurially oriented producers report significantly higher levels of 

familiarity with blockchains relative to market oriented producers. It may be the case that 

entrepreneurially oriented producers are more informed about the applications of blockchains 

due to more frequent communication with information sources. This is consistent with the 

findings of Wozniak (1987) who reports that agricultural producers who frequently reach out to 

extension services to obtain information about novel technology generally report higher levels of 

knowledge of new innovations. Further, he finds a positive relationship between how frequently 

a farmer communicates with extension agents and the adoption of agricultural technology. 

Similar findings are reported by Yli-Renko, Autio and Sapienza (2001), who find that social 

interaction and network ties are associated with greater knowledge of novel technology.  
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7.7.3 Discussion on the Role of Risk Attitudes and Access to Information 

The primary objective of this research is to examine whether risk attitudes and access to 

information influence the relative importance of blockchain adoption incentives. Producers’ 

access to information is captured by the number of sources used to obtain information about 

novel technology as well as the frequency with which producers communicate with these sources 

(Lambert et al., 2015; Jones et al., 2012; Wozniak, 1987). Producers risk attitudes are captured 

through responses to five Likert-type questions in which respondents are asked to indicate how 

risk-averse they consider themselves across five distinct domains (Hailu et al., 2017; Jones, 

2018). A detailed description of these variables is included in chapter 5. 

Results in table 7.13 and 7.14 show that producers with higher levels of risk tolerance are 

more likely to be motivated by internal adoption incentives that promise potential enhancements 

in farm business performance. Conversely, risk-averse producers appear to rely more on external 

incentives that may reduce the uncertainty associated with adoption. These include incentives, 

such as government subsidies, that may demonstrate that there is a demand for blockchains in 

Canadian agriculture. Supplemental analysis using alternative measures of risk attitudes confirms 

this relationship. Robustness checks in section 7.6 show that when using alternative 

measurements to capture producers’ risk attitudes, results of the latent class (LC) cluster analysis 

are similar. Table 7.17 shows positive relationship between risk attitudes and the probability of 

belonging to cluster two when Risk Index or General Risk are used to capture producers’ risk 

attitudes. However, a negative relationship is shown between risk attitudes and the probability of 

belonging to cluster two when Health Risk is used. Lastly, Technology Risk, Farm Business Risk, 

and Financial Risk have no significant effect on class membership. The results in table 7.17 

show that risk-averse producers are more likely to be labelled as “market oriented producers” 

and thus respond to external adoption incentives. However, robustness checks reveal that the 

effect of risk attitudes on class membership may be conditional upon the instrument used to 

measure individual risk attitudes.  

Producers’ behaviour towards collecting information about new technology is shown to 

have a minimal effect on individual preferences towards different incentives of adoption. Based 

on the results of the latent class cluster analysis, as well as the results presented in table 7.14, 
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there is little evidence to suggest a relationship between farmers’ access to information and their 

preferences for blockchain adoption incentives. Neither the number of information sources, nor 

the frequency of contact, is shown to influence class membership (see table 7.13). Robustness 

checks in table 7.17 confirm these findings. Table 7.17 shows that when using Information 

(Robust) to capture producers’ access to information, the number of information sources used by 

a producer does not have a significant effect on class membership.  

7.7.4 Discussion on the Ordered Logit Model 

The results of the ordered logit model show that the effect of producers’ risk attitudes and 

access to information vary between different adoption incentives. Risk attitudes are shown to be 

an important factor influencing the BWS scores of adoption incentives. Risk attitudes are 

positively correlated with the BWS scores of managing farm data and improving brand image. 

However, risk attitudes are negatively correlated with the BWS score of mandated use from 

buyers. This confirms the findings presented in section 7.4.2 as it is shown that risk-averse 

producers tend to prefer external adoption incentives such as mandated use and government 

subsidies to motivate their decision to adopt blockchains. Producers exhibiting low levels of risk 

aversion tend to respond less to external incentives and rely more on internal incentives to 

motivate their adoption decisions. Additionally, producers’ access to information is shown to 

have a minimal effect on the BWS scores of adoption incentives. Results of the ordered logit 

model show that the number of information sources is negatively correlated with the BWS score 

of managing farm data but does not influence the BWS scores of the remaining adoption 

incentives. Furthermore, the frequency with which producers communicate with information 

sources is shown to influence the BWS scores of increasing market share, government subsidies 

and improving brand image but has no effect on the remaining incentives. 

Robustness checks reported in section 7.6.2 yield similar results and confirm the findings 

presented in table 7.15. It is shown in tables 7.18-7.26 that the coefficients of risk attitudes have 

the same sign across all adoption incentives. The robustness checks included in this analysis are 

consistent with the findings of table 7.15 and show that the more risk-averse a farmer, the more 

likely he/she is to exhibit strong preferences towards external incentives of adoption such as 

government recommended use, government subsidies, and mandated use from buyers. Similarly, 
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robustness checks reveal that the number of information sources used by a producer influences 

the BWS score of managing farm data but has no significant effect on producers’ preferences 

towards the remaining incentives.  
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8 Conclusion 

8.1 Introduction 

This chapter reviews the motivation for the study, the methods used in the analysis, and 

discusses major findings. The policy implications, limitations of the study, and suggestions for 

future research are also presented.  

8.2 Review of Motivation 

Several studies show that the adoption of technology is a primary driver of economic 

growth in both developing and developed nations (Foster and Rosenzweig, 2010; Knowler and 

Bradshaw, 2007; Liu and Lio, 2006). In the agricultural economics literature, technology 

adoption is well documented. Many researchers cite the importance of technology in improving 

the productivity, profitability and environmental sustainability of agribusinesses (Feder and 

Slade, 1982; Knowler and Bradshaw, 2007). Some studies also argue that increasing productivity 

through the diffusion of novel technology is one of the key pathways for economic development 

in agriculture (Evenson and Gollin, 2003; Gollin, 2010). However, while technological change in 

agriculture is found to be an important driver of economic growth, the set of incentives and 

farmer characteristics that influence technology adoption decisions are changing over time 

(Ugochukwu and Phillips, 2018). 

Although the adoption literature is growing, there is limited research on the specific 

incentives driving technological change in agriculture. Furthermore, few studies have examined 

the factors that influence farmers’ preferences towards adoption incentives. In order to obtain an 

understanding of the factors that drive technology adoption, researchers note it is important to 

understand the relative weight farmers place on adoption incentives and how farm and farmer 

characteristics influence the relative importance of these incentives (Isik, 2004; Khanna, Epouhe 

and Hornbaker, 1999). Examining the incentives that will be most effective in encouraging the 

uptake of new technology in agriculture is an important consideration for researchers, 

governments and industry stakeholders. O’Chieng and Hobbs (2016) state that understanding 

what factors motivate producers’ adoption decisions can provide policy-makers, supply chain 

participants, and researchers with useful information on what incentives will be the most 
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influential in guiding farmers’ decision to adopt novel technology. Some researchers also show 

that producers are heterogeneous in their preferences towards adoption incentives. For example, 

in a review of the adoption of precision agriculture technology, Khanna and Zilberman (1997) 

find that producers are heterogeneous in their preferences towards the incentives that encourage 

the adoption of novel farming technology. They suggest that close attention be paid to this 

heterogeneity as variation in producers’ preferences may have important implications for the 

implementation of policies aimed at promoting the diffusion of new innovations in agriculture. 

Henson and Holt (2000) later find that agribusinesses adopt new technology in response to a 

variety of factors including commercial pressures, government regulations and changes in 

consumer demand for food. The heterogeneity present in producers’ preferences for adoption 

incentives further strengthens the importance of examining the specific incentives that may drive 

technological change in the agricultural industry.  

This thesis examines the relative importance of technology adoption incentives among 

agricultural producers and investigates whether farmers’ risk attitudes and access to information 

influence individual preferences towards various incentives of adoption. First, a Best-Worst 

Scaling method is used to determine the relative importance of adoption incentives. Second, a 

latent class cluster analysis is conducted to determine if producers are heterogeneous in their 

preferences towards different incentives of adoption. Latent class clustering is also used to 

examine the extent to which specific farm and farmer characteristics influence these preferences. 

This thesis uses the adoption of blockchains in Ontario’s agri-food sector as a case study to 

examine what factors motivate farmers to adopt technology.   

Global demand for food is constantly changing and consumers are increasingly calling 

for enhancements in food safety, quality, and traceability (Davis et al. 2016). In Canada, 

consumer preferences for food have undergone substantial changes and individuals are 

increasingly demanding more local, organic, and environmentally-friendly agricultural products 

(AAFC, 2017). Additionally, commercial and retail consumers across the country are calling for 

producers to improve their ability to provide information regarding how, where, and when food 

is produced (Canadian Committee on Agriculture and Agri-Food, 2013). Dynamic consumer 

demand for food, in tandem with food safety and quality regulations, product proliferation, and 

advancements in technology, have attributed to the growing complexity of agri-food supply 
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chains (West, 2017; FAO, 2017). For example, KPMG (2013, p. 3) notes that “climate change, 

rapid technological innovation, and new demand for food and information are manifesting 

themselves through increased volatility and complexity throughout food value chains.” 

Trienekens et al. (2012) find that the complexity of agricultural supply chains makes it difficult 

for agribusinesses to effectively share information through agri-food value chains and that this 

leads to a lack of transparency in the supply chain. The authors also note that the inability for 

firms to share information with industry stakeholders results in additional issues related to food 

traceability, food safety, and consumer trust in agricultural production. 

To address some of these challenges, agribusinesses, governments, and other industry 

participants across Canada are increasingly advocating for the adoption of new technology. 

Researchers from the Canadian Agri-Food Policy Institute note that additional investments in 

new innovations is critical to encourage collaboration between firms in the agri-food industry 

and that the adoption of new technology is required to enhance the competitiveness of Canadian 

food supply chains (Sparling and Thompson, 2011). The Canadian Committee on Agriculture 

and Agri-Food (2013) emphasize the importance of research and innovation in Canadian 

agriculture and suggest that increased research into supply chain transparency solutions can 

significantly contribute to the success of Canada’s agricultural sector. More specifically, in 

response to issues related to supply chain transparency and increased demand for traceability, 

industry stakeholders are exploring how blockchains can be used to streamline agribusiness 

transactions and enhance traceability throughout agri-food supply chains (AAFC, 2017; Statistics 

Canada, 2016). 

Blockchains are digital ledgers that introduce a new way of recording, storing, and 

sharing information in a secure, immutable, and transparent way (FAO, 2017). Originally 

introduced to support digital currencies, blockchains are gaining popularity in agriculture as case 

studies from across the globe are showing that the technology can be used to improve the 

transparency and traceability of food supply chains and reduce inefficiencies in agribusiness 

transactions (West, 2017; FAO, 2017; Ge et al., 2017). The literature examining the economics 

of blockchains show that the technology introduces new methods of accounting for value 

transfers that allows for the exchange of value between parties to be disintermediated by 

removing the need for third-party intermediaries in business transactions (Cong and He, 2018). 
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Studies also show that blockchains enable new ways to share and disseminate data and 

information in a secure and transparent manner (Davison, de Filippi and Potts, 2016).  

In agriculture, blockchains are being used by producers, processors, commodity traders, 

and retailers to verify the authenticity of food, enhance the transparency of supply chains, and 

automate labour-intensive agribusiness transactions (Ge et al., 2017; AgriDigital, 2017; Kamath, 

2018). The Food and Agriculture Organization of the United Nations (2017) posits that 

blockchains may provide substantial contributions in agriculture by providing a more efficient 

infrastructure for transactions in agricultural supply chains thus enhancing traceability and 

transparency for food safety and quality. Despite growing interest in the technology, there are 

currently only a small number of organizations using blockchains. However, applications are 

beginning to demonstrate how blockchains can be used to address some of the aforementioned 

challenges facing agricultural producers. The FAO (2019) notes that blockchains can assist 

producers in providing commercial and retail customers with verifiable information on the safety 

and quality of food. They also note that blockchains can be used in agricultural supply chains to 

improve the transparency of agricultural production and improve food traceability. Other 

applications of blockchains in agriculture show that the technology can be used to facilitate 

international shipments and payments of agricultural commodities (Ganne, 2018), improve 

producers’ ability to generate, store, and manage agricultural data (Lucena et al., 2018), and 

provide farmers with the ability to verify food characteristics (Ge et al., 2017). 

In response to issues related to supply chain transparency and food traceability, 

government institutions in Canada are calling for research into how blockchains can be used by 

producers, distributors, and retailers across the country. For example, Agriculture and Agri-Food 

Canada (2018) suggest that policy-makers and researchers in the industry should prioritize the 

development and testing of blockchains for traceability, international trade, and certificate 

verification. The Ontario Ministry of Agriculture, Food and Rural Affairs also identifies 

blockchains as topic of interest in enhancing the traceability of agri-food supply chains and 

improving pubic trust in agriculture and agri-food production (OMAFRA, 2018). 
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8.3 Major Findings 

This study aims to fill the gap in the literature that examines the specific adoption 

incentives that may be most effective in driving the diffusion of blockchains in agriculture. 

Further, this thesis provides new findings regarding how producers’ access to information and 

risk attitudes influence preferences towards different technology adoption incentives. The 

primary objectives of this thesis are to (1) determine the relative importance of blockchain 

adoption incentives, (2) examine whether producers are heterogeneous in their preferences for 

different incentives of adoption, and (3) investigate whether risk attitudes and access to 

information influence farmers’ preferences towards adoption incentives.  

First, the findings of this research suggest that the adoption of blockchains in Ontario’s 

agri-food industry will primarily be driven by external adoption incentives such as government 

subsidies, increasing market share, and mandated use from buyers. Internal adoption incentives, 

those incentives that promise potential improvements in farm business performance (Henson and 

Holt, 2000), are unlikely to motivate respondents to adopt blockchains on their farm. These 

incentives include improving brand image and reducing insurance costs. The literature 

examining producers’ preferences for adoption incentives report similar findings regarding the 

incentives that are most likely to encourage the diffusion of new innovations in agriculture. 

Henson and Holt (2000) note that the adoption of technology in agriculture is driven by many 

factors but find that factors external to the firm, such as commercial pressures from large buyers 

and regulatory requirements, are strong motivators of adoption. O’Chieng and Hobbs (2016) 

later find that mandated use from buyers and government subsidies are required to motivate 

agricultural producers to adopt new technology. Additionally, researchers examining the 

incentives that drive agribusinesses to adopt traceability systems report findings consistent with 

the results of this study. Hobbs (2004) finds that agri-food firms adopt traceability protocols 

primarily as a way to meet regulations that govern food production and to reduce, or shift, legal 

liability within the food supply chain. Hobbs (2004, p. 17) states that “firms’ expectations 

regarding the probability of a regulator imposing a mandatory system and legal liability costs are 

important determinants of private sector actions to enhance traceability. Pouliot and Sumner 

(2008) find that higher willingness-to-pay values for traceable food and reductions in potential 

legal liability are the main factors that motivate agribusinesses to adopt traceability systems. 
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Second, upon closer examination of the results, it is shown that survey respondents differ 

with respect to their preferences for blockchain adoption incentives. This is consistent with the 

findings of Wright et al. (2007) who find that individual preferences towards adoption incentives 

generally vary based on farmer characteristics and market conditions. The Organization for 

Economic Cooperation and Development (2019) later notes that the drivers of technological 

change differ between firms. The OECD (2019) posits that closer examination of this 

heterogeneity is essential to the implementation of policies aimed at encouraging the diffusion of 

new innovations. Using a latent class cluster analysis, producers are divided into two distinct 

segments based on their respective preferences for technology adoption incentives. These 

producer segments are clustered into two groups defined by their respective ranking of adoption 

incentives. The first group, referred to as “market oriented producers,” relies heavily on external 

incentives, such as government subsidies and mandated use, to motivate their decision to adopt 

blockchains. The second group, referred to as “entrepreneurially oriented producers,” 

demonstrates preferences towards internal adoption incentives including farm differentiation and 

data management. 

 Third, the results of this study show that producers access to information has a minimal 

effect on producers preferences for adoption incentives. The results of the latent class cluster 

analysis show that producers’ use of various information sources, as well as the frequency with 

which they communicate with these sources, do not predict (latent) class membership. 

Robustness checks in section 7.6 confirm these findings. Table 7.17 shows that when “the 

internet” and “social media” are removed from the list of information sources, the number of 

information sources used by a producer has no significant influence on class membership. 

However, results presented in table 7.13 and 7.14 show that the frequency with which producers 

communicate with information sources, while not a significant predictor of class membership, is 

significantly different between entrepreneurially oriented producers and market oriented 

producers. Table 7.14 shows that entrepreneurially oriented producers communicate with 

information sources more frequently than market oriented producers.  

Fourth, the findings of this analysis show that risk attitudes significantly influence 

producers’ preferences towards blockchain adoption incentives. Respondents that demonstrate 

low levels of risk aversion are more likely to be entrepreneurially oriented. The less risk-averse a 
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farmer, the more likely he/she is to prefer internal adoption incentives that may promise potential 

improvements in farm business performance. Conversely, respondents that exhibit high levels of 

risk aversion may rely more on external incentives such as government subsidies and mandated 

use from buyers. These findings may be explained by the fact that risk-averse farmers may 

perceive the costs of adopting blockchains as too high and thus may rely on government 

subsidies to lower the cost of adoption. Alternatively, risk-averse farmers may be unwilling to 

risk losing retail and commercial customers and may only choose to adopt blockchains if it is 

required by commercial or retail buyers downstream in the food supply chain. Conversely, risk-

loving farmers may be less concerned about the uncertainty of adopting blockchains and thus 

rely less on external incentives to motivate their decision to adopt. Despite potential risk and 

uncertainty, risk-loving farmers may wish to adopt blockchains in order to improve their ability 

to compete in domestic and international food markets through increasing market share and 

differentiating their farming business. 

Fifth, to further examine what factors influence producers’ preferences towards 

blockchain adoption incentives, an ordered logit model is conducted in which individual BWS 

scores of each adoption incentive are included as dependent variables. The results of the ordered 

logit model show that the number of information sources used by a producer and the frequency 

with which producers reach out the information sources have varying effects on producers’ 

preferences for adoption incentives. For example, the number of information sources used by a 

producer has a negative effect on producers’ preference for managing farm data but has no 

significant effect on other incentives. Additionally, the frequency with which producers 

communicate with information sources has no significant effect on producers’ preference for 

managing farm data but does influence producers’ preferences for incentives such as increasing 

market share, government subsidies, and improving brand image. Risk attitudes, however, are an 

important determinant of producers’ preferences for blockchain adoption incentives. The results 

of the ordered logit model show that risk attitudes have a negative effect on producers’ 

preferences towards incentives such as mandated use by buyers, government subsidies, and 

government recommended use but have a positive effect on incentives such as improving brand 

image and managing farm data. These results are consistent with the findings of the latent class 

cluster analysis summarized above. These findings confirm that risk-averse farmers tend to 
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prefer external adoption incentives that may reduce the risk or cost of adopting blockchains. The 

results of the ordered logit model also confirm that risk-loving farmers tend to prefer internal 

incentives that promise potential improvements in farm business performance. 

Finally, this thesis provides information on the barriers to adoption that may deter 

Ontario farmers from adopting blockchains. The results of the survey show that the main barriers 

to adoption primarily revolve around producers’ uncertainty regarding the potential benefits of 

blockchains. Respondents note that a lack of awareness about the applications of blockchains, 

uncertainty regarding whether blockchains can help farmers meet their marketing needs and 

concerns about whether adopting blockchains can assist farmers in meeting customer demand for 

food are the main barriers to adoption. Traceback concerns, not seeing a need for blockchains on 

the farm, and uncertainty regarding the ability of blockchains to improve food safety are the 

barriers of least concern to respondents. This may suggest that respondents are confident that 

blockchains serve a purpose on the farm but remain uneducated about specific applications of 

blockchains, primarily around whether adoption will help meet producers meet their customers 

needs.  

8.4 Contributions and Policy Implications 

The evidence from this thesis suggests that implementing a broad-targeting policy to 

encourage the adoption of blockchains in agriculture is unlikely to be effective. Targeted 

strategies and policies that consider producers’ individual preferences for adoption incentives are 

more likely to motivate farmers to adopt blockchains on their farm. However, as government 

institutions across Canada and Ontario continue to encourage the adoption of blockchains in 

agriculture, broad-targeting policies may be effective with respect to those incentives around 

which producers exhibit homogenous preferences.  

Although the findings of this study reveal that producers differ with respect to their 

preferences for adoption incentives, homogeneity is found in the attitudes of Ontario farmers 

around the most and least important adoption incentives. Figure 7.5 shows that producers 

generally agree that increasing market share and mandated use from buyers are highly influential 

in motivating their decision to adopt blockchains. Therefore, policies or strategies that 

incorporate or address these incentives may be effective in achieving wide-spread adoption of 
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blockchains in Ontario. These incentives may include providing government subsidies to farmers 

who wish to adopt or introducing tax incentives that may encourage commercial and retail 

agribusiness to mandate suppliers to adopt blockchains. However, the results of this study also 

indicate that reducing insurance premiums, government recommended use, and improving brand 

image are not likely to motivate respondents to adopt blockchains. Thus, if broad-targeting 

polices are used, industry stakeholders should note that strategies utilizing government 

recommendations, verifiable reductions in insurance costs, or promising improvements in brand 

image are unlikely to encourage adoption.  

Understanding the factors that improve the uptake of new technology is an important 

exercise for researchers and policy-makers as the adoption of technology has been shown to be 

an important driver of economic growth and development in Canada’s agricultural sector 

(AAFC, 2017; Statistics Canada, 2016). Additionally, industry stakeholders across the country 

are continuing to seek out information about new innovations in agriculture that can improve the 

productivity, profitability and competitiveness of agribusinesses (Mitchell, Weersink and 

Erickson, 2017). Thus, having access to information regarding why producers choose to adopt 

new technology may be valuable to the introduction and implementation of policies and 

strategies aimed at encouraging the widespread diffusion of agricultural innovations.  

The findings of this research can be utilized by various private and public sector 

stakeholders in Canada’s agri-food industry. Primary producers may benefit from gaining an 

understanding of how blockchains can be used on their farm to manage agricultural data, reduce 

costs, differentiate themselves in competitive food markets, and meet regulatory, retail, and 

commercial demand for food. Participants downstream in the supply chain such as food 

processors, distributors, and retailers can use the findings of this research to better understand 

how to motivate suppliers to adopt blockchains. Food firms may also benefit by being exposed to 

additional information regarding the current state of demand for blockchains in Canada’s agri-

food system. Consumers can benefit from this research by learning about the methods through 

which farmers use technology in the production of food and agricultural goods. As mentioned in 

chapter two, consumers in Canada and around the globe are increasingly demanding 

improvements in food traceability and supply chain transparency. By understanding the 

constraints limiting producers’ ability to verify and disseminate information about the production 
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of food, consumers may become more educated about the issues facing farmers in Canada and 

understand how technology, such as blockchains, can be used in primary production. Lastly, this 

study directly addresses some of the research objectives outlined by government institutions in 

Canada. By understanding the adoption incentives that are most likely to motivate Ontario 

farmers to adopt blockchains, federal and provincial organizations may be better equipped to 

introduce policies and strategies aimed at encouraging the diffusion of blockchains in Canada’s 

agricultural industry. More specifically, government institutions, such as the Ontario Ministry of 

Agriculture, Food and Rural Affairs, Ontario Federation of Agriculture and Agriculture and 

Agri-Food Canada, may use the findings of this thesis to introduce effective interventions to 

increase the uptake of technology in agriculture. By identifying the specific incentives that 

encourage farmers to adopt and use new technology on the farm, policy-makers are provided 

with additional information that can not only increase uptake but may also increase the net 

benefits associated with adopting. For example, by introducing subsidies to farmers looking to 

adopt new technology on the farm, policy-makers can lower the cost of adoption as well as 

simultaneously provide signals to potential adopters regarding the demand for specific 

technology, such as blockchains (Hudson and Hite, 2003; Jiang et al., 2018). 

In addition to providing valuable information to industry stakeholders and addressing 

some of the research objectives of government organizations across Canada, this research 

contributes to the ongoing literature examining the adoption of new technology and innovations 

in agriculture. In chapter one, it is noted that researchers commonly cite risk attitudes and 

information as important determinants of technology adoption. However, while these factors are 

frequently included in adoption studies, the methods and findings reported by researchers are 

inconsistent. By including an examination of how producers’ access to information and risk 

attitudes influence preferences for different adoption incentives, this study furthers the discussion 

on how specific farm and farmer characteristics influence producers’ technology adoption 

decisions.  



157 

 

 

8.5 Limitations and Suggestions for Future Research 

8.5.1 Limitations of the Study 

As is the case in many other studies, practical limitations of research confined the 

potential impact and range of this study.  

First, there may be non-response bias in the data as a small portion of Ontario farmers 

completed the survey.6 Non-response bias is defined by Lahaut et al. (2002) as a significant 

number of people in a sample failing to respond to questionnaires who may have relevant 

characteristics that differ from those individuals who did respond. The authors note that non-

response bias can lead to smaller sample sizes and, therefore, a loss in the accuracy of statistical 

results. However, there are steps researchers can take in order to correct for non-response bias. 

For example, Lahaut et al. (2002) note that corrective weighting of survey data by use of socio-

demographic variables can resolve issues related to non-response bias. However, researchers 

(Bradburn, 1992; Presser and Traugott, 1992) show that this method does not correct bias 

efficiently as “the inherent assumption that respondents and non-respondents within the same 

socioeconomic category are also equal on outcomes variables seems untenable” (Lahaut et al., 

2002, p. 1). In this study, there may be a population of farmers who did not participate in, or 

complete, the survey. If survey respondents differ from those farmers who did not to complete 

the survey, the results presented in this study may not be representative of Ontario’s agricultural 

sector. Thus, potential non-response bias may make generalized statements about the findings of 

this thesis difficult to substantiate. 

Second, it may be the case that certain populations of Ontario farmers are less likely to 

have internet access and therefore may be less likely (or unable) to respond to online 

questionnaires (Hambly and Chowdury, 2018). Thus, there may be self-selection bias present in 

the data as only producers with internet access are able to complete the survey. Self-selection 

bias may also be present in this analysis as producers who frequently communicate with 

information sources in the agri-food industry may be more likely to be notified of the online 

survey used in this study. However, O’Chieng (2015) notes that limitations related to potential 

                                                 
6 As noted in chapter five, a total of 51 survey responses are used in this research. Data obtained from the 2016 

Canadian Census of Agriculture show that there are over 70,000 farmers across Ontario (Statistics Canada, 2016). 
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bias in internet-based surveys are becoming less of a concern as internet use becomes more 

ubiquitous among the Canadian population. Another potential form of self-selection bias that 

may be present in the data is related to producers awareness of blockchains. Results in table 7.6 

show that 82.35% of respondents had heard of blockchains prior to receiving the survey. This 

figure suggests that the sample used in this study consists mainly of those individuals who had 

prior awareness, or some level of knowledge, about blockchains. If a large portion of producers 

across the province have not heard of blockchains, they may respond differently than producers 

who have heard of the technology prior to the distribution of the survey. Furthermore, farmers 

who are unaware of blockchains may rely on different adoption incentives relative to farmers 

who are well educated about the technology.  

Third, although blockchains are increasing in popularity around the world, including 

garnering attention from stakeholders in the Canadian agricultural industry, there is still much 

that remains unknown about the technology. In their review of the economics of blockchains, 

Davidson, de Filippi and Potts (2016, p. 4) note that “the diffusion trajectory of blockchains will 

unfold as sequential applications are discovered and adopted.” In agricultural settings, there are 

only a few documented cases of agribusinesses using the technology (see chapter two). 

Therefore, there is a lack of information available to industry stakeholders regarding the costs, 

benefits, and applications of blockchains. There is also uncertainty regarding the legal 

framework that may govern use of blockchains as well as uncertainty around the interoperability 

of blockchains with existing agriculture infrastructure (Staples et al., 2017; Ge et al., 2017). 

However, it is expected that as researchers become more educated about how blockchains can be 

used in agricultural settings, studies may be able to incorporate new findings and new uses of 

blockchains. For example, Ge et al. (2017, p. 7) suggest that “although the applications of 

blockchains in agri-food is currently still in its infancy, it can be expected that more initiatives 

will be taken by various organizations.” 

A fourth limitation of this study stems from the choice of variable to capture producers’ 

risk attitudes. As noted in chapter five, the measure of producers’ risk attitudes used in this study 

is motivated by the economics literature (Hailu et al., 2017; Weber et al., 2002). However, these 

measures depend exclusively on an individuals’ own stated risk attitudes, which may be 

inaccurate as it is assumed that a farmer is fully aware of his or her own preferences (Yu, 2014). 
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Other methods may be used to elicit risk attitudes, such as lottery games, but survey questions of 

this nature may confuse or dissuade respondents from completing questionnaires (Coppola, 

2014). Additionally, Dohmen et al. (2011) find that risk preferences elicited from Likert-type 

survey questions yield results consistent with estimations of individual risk preferences from 

lottery games. Further, it is important to note that robustness checks are conducted (see section 

7.6) to test the consistency of risk attitudes and their effect on producers’ preferences for 

adoption incentives. It is also worth noting that there is no distinction between risk aversion and 

ambiguity aversion in this study. Researchers find that ambiguity aversion, commonly included 

as a determinant of technology adoption in the literature, is an important factor that can influence 

producers’ adoption decisions (Barham et al., 2014; Liu, 2013). For example, Engel-Warnick, 

Escobal and Laszlo (2007, p. 4) suggest that “in addition to risk aversion, one might expect 

ambiguity-aversion to be at least equally important in determining which technology to adopt.” 

The results presented in this thesis may imply that farmers’ aversion to ambiguity is an important 

factor in explaining differences in producers relative ranking of adoption incentives. 

Additionally, as blockchains have only been recently introduced in the agricultural sector, 

ambiguity-aversion may also be an important factor influencing producers’ preferences for 

adoption incentives. For example, ambiguity averse producers may rely heavily on incentives 

such as government recommendations or subsidies to lower the uncertainty and cost associated 

with adopting new technology.  

Fifth, the variables used to capture producers’ access to information may be revisited as 

well. In chapter three, it is noted that information, often cited as an important determinant of 

adoption in the literature (Feather and Amacher, 1994; Feder and Slade, 1982), can be defined 

and measured in several ways. Additionally, Adegbola and Gardebroek (2007) note that the level 

of information available or obtained by a producer is unobservable. Thus, researchers vary in 

their approach to examine how information influence producers’ adoption decisions. For 

example, Feather and Amacher (1994) and Klotz et al. (1994) use awareness to measure the level 

of information a farmer has about a specific technology. Adegbola and Gardebroek (2007) and 

Shiferaw et al. (2015) use proxy variables such as farm size, education, and distance to urban 

centres to measure the degree to which a producer has access to information about novel 

technology in agriculture. Although the number of information sources and frequency of contact 
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have been used in the literature to measure information (Wozniak, 1987; Lambert et al., 2015), it 

is important to note that these variables do not capture the quality or content of information. 

Alternative measures to capture producers’ behaviour towards collecting information, such as 

proxy variables, may be used to further examine if there is a direct relationship between 

information and producers’ preferences for different adoption incentives. Additionally, research 

examining how farmers interact with different sources of information note that there is a 

distinction between sources and channels of information (Israel and Wilson, 2006). Lee, Law and 

Luk (2015) define an information source as an originator of communication whereas a channel of 

information is the medium through which information is transferred. Some of the information 

sources used in this analysis, such as “the internet” and “social media,” may be considered as 

channels of information rather than sources of information. However, to account for this 

distinction, robustness checks are conducted in which “the internet” and “social media” are 

removed from the list of sources farmers use to collect information (see section 7.6).  

The last limitation identified in this study is potential omitted variable bias. Although this 

study controls for many factors of adoption, there are variables that are not included in this 

research that may explain producers’ preferences for adoption incentives. For example, 

researchers often use variables such as social interaction effects, time preferences, and prior 

adoption experience to explain producers’ adoption, use, and beliefs towards novel technology 

(Jones, 2018; Hailu et al., 2017; Yu, 2014). Incorporating these factors into this research may 

allow future researchers to improve the accuracy of the results.  

The limitations summarized above illustrate the importance of identifying the constraints 

that may confine the scope of academic research. The issues discussed suggest that caution is 

needed when making generalized statements based on the findings of this thesis. The primary 

issue related to the sample of farmers used in this study is that it may be difficult to extrapolate 

statistical findings to larger populations. Kraemer and Blasey (2016) note that larger sample sizes 

generally increase the power of significance testing as larger sample sizes narrow the distribution 

of test statistics. Nguyen and Landais (2017) later note that if a sample size is too small, it may 

be difficult to produce meaningful results that can be generalized to larger populations. Thus, the 

small sample size used in this analysis may make it difficult to generalize the findings of this 

study to a larger population of agricultural producers in Ontario. Furthermore, potential bias in 
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the data implies that the findings of this study may not be entirely representative of Ontario’s 

agricultural sector.  

8.5.2 Suggestions for Future Research 

There are many ways in which this research may be extended in order to further examine 

the incentives that motivate producers’ adoption decisions. Supplemental research can also be 

conducted to better understand producers’ perceptions and familiarity with novel farming 

technology, including blockchains. 

First, future researchers may wish to incorporate additional incentives that may drive the 

adoption of technology in agriculture. Included in this analysis are nine incentives that may 

encourage Ontario farmers to adopt and use blockchains on the farm (discussed in detail in 

chapter five). This study focuses on external adoption incentives, such as government subsidies, 

as well as internal adoption incentives, such as improving brand image and farm differentiation. 

However, the literature on blockchains indicate that the technology may be used for numerous 

applications in a variety of settings. For example, Ganne (2018) provides a detailed analysis of 

the potential impact of blockchains in international trade and notes that the technology can be 

used to reduce transaction costs and improve the efficiency of agribusiness transactions. Kim and 

Laskowski (2018) emphasize blockchains’ potential impact in developing nations through 

providing smallholder farmers with micropayments and access to credit and financing. 

Additionally, the literature examining the adoption of technology in agriculture suggest that there 

are many incentives that may encourage firms to adopt new innovations (Henson and Holt, 2000; 

Khanna and Zilberman, 1997). For example, Ribaudo and Caswell (1999) emphasize four main 

factors driving the adoption of environmental technologies in agriculture: (1) education and 

technical assistance, (2) subsidies, (3) research programs, and (4) compliance and regulation. 

Future research may wish to incorporate additional incentives that may motivate agricultural 

producers to adopt new technology. Incorporating a different set of incentives may provide 

further insights regarding the specific factors that encourage farms and agribusinesses to adopt 

new innovations.  

Second, as outlined in chapter two, many of the applications and benefits of blockchains 

are related to increasing the transparency and traceability of agri-food supply chains. Traceability 
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systems present additional costs to primary producers, however, researchers find that it can be 

unclear to farmers how enhanced traceability will provide additional revenue (Sparling and 

Thompson, 2011). For example, Howard, Edge and Grant (2012, p. 8) note that “agribusinesses 

in Canada find that the public and private benefits of traceability are less than the private costs of 

implementation. Some companies and producers are reluctant to adopt a traceability system due 

to the entry costs of buying the technology, the potential impact on production efficiency, and 

the need to train staff to operate it.” Therefore, it may be the case that the implementation of 

blockchains may not be driven from primary producers but rather by firms downstream in the 

agri-food supply chain. Zhu (2017) finds that downstream buyers can benefit from traceability at 

the farm-level with no additional cost, thus minimizing the incentive for primary producers to 

introduce traceability systems. In this scenario, it may be necessary for retailers, processors, and 

distributors to provide incentives (e.g., compensation, mandated use) to suppliers. Similarly, in 

their report titled “Tracing the Supply Chain: How Blockchain can Enable Traceability in the 

Food Industry”, consulting firm Accenture (2018) suggests that the adoption of blockchains in 

food supply chains will be driven primarily from downstream firms such as food processors, 

distributors, and manufacturers, as farmers may be unwilling to adopt the technology due to 

additional costs. It may be useful to adapt this research and apply it to different stages of the 

supply chain. This may allow researchers to determine whether there are differences between the 

incentives driving farmers to adopt blockchains and the incentives driving processors, retailers, 

and distributors to adopt blockchains. Alternatively, future research may wish to follow the work 

of Ge et al. (2017) and examine the costs and benefits of blockchains in a single, vertically-

integrated supply chain.  

Third, this research can be supplemented to provide information regarding the costs and 

benefits of specific blockchain applications. As noted by Golfarb (2002), the adoption of new 

technology is conditional on several political, technical, and economic factors, thus suggesting 

that adoption studies focus on specific applications of technology rather than on adoption 

patterns by industry, category, or product. Given that blockchains can be used for different 

purposes in agriculture (see section 2.4.2), a cost-benefit analysis on a single application of 

blockchains may provide industry stakeholders with useful information on the specific costs and 

benefits of implementing blockchains on the farm. Cost-benefit analyses are useful as they can 
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provide information about the financial investments required to adopt new technology as well as 

provide estimations of the expected financial returns associated with technological diffusion. 

Sain et al. (2016) conduct a cost-benefit analysis of climate-smart agriculture practices and note 

that cost-benefit analyses determine the relative profitability of alternative business decisions by 

comparing different cash flows of costs and benefits over time. This information can then be 

used by public and private sector firms to design new technology, introduce policies to lower the 

costs of adoption and identify which technology is expected to generate positive financial returns 

for farmers. For example, Zhu (2017) examines the costs and benefits required to implement a 

RFID-based traceability system on the farm. He notes that adopting traceability on the farm can 

be profitable for both farmers and retailers but only under certain conditions, such as whether a 

profit sharing agreement is in place between the supplier and the buyer. 

Fourth, researchers may also wish to include farmers from other areas of Canada. 

Although Ontario is a significant contributor to Canada’s agricultural economy, including 

producers from other provinces may allow researchers to observe if adoption rates, or 

preferences towards adoption incentives, differ between producers from different areas of the 

country. For example, farmers in Alberta may respond differently to certain incentives versus 

farmers in Ontario or Quebec. The inclusion of other provinces may not only increase sample 

size but may provide policy-makers with additional information that can be used to support 

efforts to encourage the widespread diffusion of blockchains in Canada’s agricultural industry. 

Fifth, in section 7.4.1, it is noted that six variables are used as predictors of class 

membership in the latent class (LC) cluster analysis. The variables included as predictors of class 

membership are the number of information sources used by a producer, frequency of contact 

with information sources, risk attitudes, age, education, and farm-size. Researchers using latent 

class clustering have used other variables such as farm sales (O’Chieng, 2015), non-farm income 

(Umberger et al., 2010), and environmental awareness (Barnes, Islam and Toma, 2013) as 

predictors of class membership in Best-Worst Scaling experiments. Future research using latent 

class clustering to determine how farm and farmer characteristics influence producers’ 

preferences for adoption incentives may wish to include additional covariates as predictors of 

class membership. This may provide further information regarding the degree to which 

producers differ in their preferences for technology adoption incentives. 
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Lastly, as interest in blockchains continues to grow, it may be valuable for future 

researchers to examine producers’ preferences for adoption incentives after adoption has already 

taken place. Analyzing producers’ preferences for incentives ex post may provide interesting 

results, especially when compared to ex ante results.  
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10.1  Tabular Literature Review of Blockchain Applications in Agriculture 

Author Title of Paper Description 

Kim and Laskowski 

(2018) 

Agriculture on the Blockchain: 

Sustainable Solutions for Food, 

Farmers and Financing  

 

Authors provide an overview of four use cases of blockchains in agriculture: (1) food traceability, (2) access to 

financing and risk management solutions for smallholder farms, (3) improved decision making driven by increased 

access to agricultural data and (4) sustainable agricultural production. 

FAO (2017) Emerging Opportunities for the 

Application of Blockchain in the 

Agri-Food Industry 

 

Researchers from the Food and Agriculture Organization (FAO) note that blockchains be used in agriculture to 

reduce inefficiencies and risks in agribusiness transactions and improve the transparency of global agri-food 

supply chains. 

FAO (2019) E-Agriculture in Action: 

Blockchain for Agriculture 

 

Authors note that blockchains can assist firms and producers in providing enhanced food traceability. Barriers of 

adoption including regulatory uncertainty, interoperability issues and lack of awareness are emphasized. 

Lin et al. (2017) Blockchain: The Evolutionary Next 

Step for ICT E-Agriculture 

 

Authors provide a conceptual framework on how blockchains can be used to collect valuable agricultural data that 

can be used to improve the sustainability of global food production and reduce waste. 

Lucena et al. (2018) A Case Study for Grain Quality 

Assurance Tracking based on a 

Blockchain Business Network 

 

Researchers present findings of a blockchain case study at the 2018 Symposium on Foundations and Applications 

of Blockchains. Authors note that blockchains can be applied in agriculture to support the coordination of firms in 

complex food supply chains. 

West (2017) Blockchains in Agriculture Value 

Chains: Prospects and Impediments 

  

West (2017) provides a brief overview of how blockchains can be used by agribusinesses to provide enhanced 

transparency in supply chains in order to meet increased consumer demand for traceable food. 

Ge et al. (2017) Blockchain for Agriculture and 

Food 

Researchers from Wageningen University collaborate with industry leaders in digital agriculture to pilot 

blockchains in a real-world setting. The authors find that blockchains are effective in enhancing the transparency 

of food supply chains and can generate and distribute relevant farming and production data to the appropriate 

supply chain participants.  

 

Davies and Garrett 

(2018) 

Technology for Sustainable Urban 

Food Ecosystems in the Developing 

World 

Authors provide an overview of digital technologies in agriculture and highlight the importance of blockchains in 

improving food transparency.  
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10.2  Tabular Literature Review of Blockchain Applications in Non-Agricultural Settings 

Author Title of Paper Description 

Abadi and 

Brunnermeier 

(2018) 

 

Blockchain Economics 

 

Authors provide a microeconomic analysis of how blockchains can be used to mitigate information asymmetries in 

economic transactions between multiple parties. 

Catalini and Gans 

(2016) 

Some Simple Economics of the 

Blockchain 

Researchers from the National Bureau of Economic Research provide an over of blockchains in financial transactions 

noting that the technology can be used to (1) reduce costs of verifying information in economic transactions and (2) 

reduce networking costs. 

Gatteschi et al. 

(2018) 

To Blockchain or Not to 

Blockchain: That is the 

Question 

 

Advantages and disadvantages of blockchains are discussed. For blockchains to be effective, firms must be 

encountering issues related to high transaction costs, information asymmetry and data management. 

Staples et al. (2018) Risks and Opportunities for 

Systems using Blockchain  

 

Researchers at the Commonwealth Scientific and Industrial Research Organization note that blockchains can improve 

the transparency of global supply chains and reduce financial transaction costs. 

Cong and He (2018) Blockchain Disruptions and 

Smart Contracts 

 

Authors emphasize the role smart contracts can play in economic transactions. They note that blockchains can enable 

trusted payments between parties and provide enhanced traceability in international trade through disintermediation. 

Davidson, de Filippi 

and Potts (2016) 

Economics of Blockchain Authors draw on the work of economists such as Coase (1937), Hayek (1945) and Trajtenberg (1995) and use 

transaction costs economics to explain the economics of blockchains. The researchers note that blockchains provide 

the mechanism to decentralize economic environments. 

Nakamoto (2008) Bitcoin: A Peer-to-Peer 

Electronic Cash System 

 

Originally introduced to support the exchange of financial assets, blockchains provided the foundation for Bitcoin, a 

digital currency in which users could buy, sell and trade digital assets in the absence of third parties. 

Ganne (2018) Can Blockchain Revolutionize 

International Trade? 

 

The World Trade Organization notes that blockchains can significantly reduce international trade costs such as 

shipping costs and logistical inefficiencies. 

Sultan, Ruhi and 

Lakhani (2018) 

 

Conceptualizing Blockchains: 

Characteristics and 

Applications 

 

The authors focus on the ability for blockchains to provide a transparent, secure and immutable database of economic 

transactions. Further, the authors highlight that as more data and information is stored using blockchains, the more 

difficult is it for individuals or institutions to modify, delete or reverse data entries. 

Yermack (2017) Corporate Governance and 

Blockchains 

Defining a blockchain as a sequential database of information, Yermack (2017) emphasis how blockchains can be 

used to increase the transparency of the financial industry thus improving corporate governance in the financial sector 
   

 



195 

 

 

10.3  Examples of Current Blockchain Applications in Agriculture 

Application Description Organization/Firm 

 

 

 

Trade 

 

Blockchains are being used in agricultural trade to automate 

labour-intensive and paper-based business processes such as the 

digital documentation of trade certificates. The technology is 

allowing firms to cut trading costs and reduce information 

asymmetries between buyers and sellers. 

AgriDigital 

Grain Discovery 

Cargill 

Rabobank 

Archer Daniels Midland Company 

Bunge Ltd. 

Louis Deyfuss Company 

 

 

 

 

Food Traceability 

 

 

Blockchains enable producers and agribusinesses to accurately 

trace food throughout the supply chain. This allows firms and 

farmers to disseminate information about food characteristics 

including verifying that food production adheres to safety and 

quality standards set by governments and commercial buyers. 

AgDevCo 

Grain Exporters Business Network 

Provenance 

Walmart 

OriginTrail 

AgriLedger 

Moyee Coffee 

World Wildlife Fund (WWF) 

Canadian Sheep Federation 

 

 

 

Managing Farm 

Data 

 

Blockchains are providing farmers and firms with the ability to 

store and aggregate data generated from existing farm technology. 

This gives farmers increased access over production data which 

can help guide business decisions and meet demand for 

production information from large buyers. 

Aerobotics 

AgGateway 

ambrosus 

AgUnity 

AgriOpenData 

Hara 

ripe.io 
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10.4  Predictors of Class Membership – Using General Risk 

Covariate Cluster One Cluster Two 

No. of Information Sources (base outcome) -0.345 

(0.484) 

 

Frequency of Contact (base outcome) 0.063 

(0.961) 

 

General Risk (base outcome) 1.837*** 

(0.612) 

 

Education (base outcome) -3.792 

(2.749) 

 

Age (base outcome) 0.419 

(0.734) 

 

Farm Size (base outcome) -0.328 

(0.290) 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  
 

10.5  Predictors of Class Membership – Using Technology Risk 

Covariate Cluster One Cluster Two 

No. of Information Sources (base outcome) -0.556 

(0.425) 

 

Frequency of Contact (base outcome) -1.426 

(1.421) 

 

Technology Risk (base outcome) 0.018 

(0.294) 

 

Education (base outcome) -8.852 

(6.961) 

 

Age (base outcome) 1.310 

(1.085) 

 

Farm Size (base outcome) 2.255 

(1.448) 
   

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  
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10.6  Predictors of Class Membership – Using Farm Business Risk 

Covariate Cluster One Cluster Two 

No. of Information Sources (base outcome) 0.012 

(0.667) 

 

Frequency of Contact (base outcome) 0.578* 

(0.334) 

 

Farm Business Risk (base outcome) 1.567 

(2.215) 

 

Education (base outcome) -1.176 

(2.034) 

 

Age (base outcome) -0.277 

(0.827) 

 

Farm Size (base outcome) -0.095 

(0.347) 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  

 

10.7  Predictors of Class Membership – Using Health Risk 

Covariate Cluster One Cluster Two 

No. of Information Sources (base outcome) 0.359 

(0.395) 

 

Frequency of Contact (base outcome) 0.009 

(0.589) 

 

Health Risk (base outcome) -2.003** 

(0.995) 

 

Education (base outcome) -0.564 

(1.056) 

 

Age (base outcome) 0.004 

(0.610) 

 

Farm Size (base outcome) 1.092* 

(0.623) 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  
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10.8  Predictors of Class Membership – Using Financial Risk 

Covariate Cluster One Cluster Two 

No. of Information Sources (base outcome) 0.574 

(0.393) 

 

Frequency of Contact (base outcome) 1.209 

(0.984) 

 

Financial Risk (base outcome) 0.408 

(0.430) 

 

Education (base outcome) 9.325** 

(4.111) 

 

Age (base outcome) -0.987 

(0.996) 

 

Farm Size (base outcome) -2.442*** 

(4.174) 
   

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  

 

10.9  Predictors of Class Membership – Using Information (Robust) 

Covariate Cluster One Cluster Two 

Information (Robust) (base outcome) 0.136 

(0.239) 

 

Frequency of Contact (base outcome) 0.703 

(0.470) 

 

Risk Index (base outcome) -0.468* 

(0.251) 

 

Education (base outcome) -1.985* 

(1.110) 

 

Age (base outcome) -0.155 

(0.382) 

 

Farm Size (base outcome) 0.224 

(0.164) 

*, **, *** represent statistical significance at the 1%, 5% and 10% level respectively. Robust standard errors in parentheses.  
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10.10  Examples of Survey Feedback 

• Blockchain may have the same economic impact as the internet has had 

• Blockchain will be OK only if we can make more profit for the extra work.  If it is 

mandated that we participate by government or processors and they collect the extra 

profit then forget it.  We do enough of that already. 

• I am very excited to see this technology take off. I have been doing research on 

Blockchain Technology for many years and used it as a topic for my state FFA speech 

contest. Thank you for allowing me to be a part of the survey! 

• Providing access to courses like ones found at Edx. 

• Traceability for beef cattle IS a very hit and miss exercise due to loss of Tags. Tattoos 

were irrefutable. They work! 

• Where would the market be for less than perfect products. Like if you knew animal had a 

difficult life /was treated with meds vs an animal that had a healthy life - which would the 

public buy? Of course the healthy one. So what market is there for not perfect products. I 

have a real concern that too much information can come back to bite the well 

intentioned. I am also very concerned about food fraud - claims / labels that miss lead or 

completely wrong 

• Digital and computer etc. is not necessary / or not the only way to get or do this 

information. I do it now long hand in my books and like to do it that way rather than 

digital. block chain does not generate more data or more information or more proof. It is 

only a different way to do it. And a more time-consuming way as it would have to be done 

twice and have a hard copy. 

• More info on blockchain is required to better understand the concept behind it 
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10.11  Blockchains in Agriculture Survey 

Technology use on Ontario Farms 

Department of Food, Agricultural and Resource Economics (FARE) 

University of Guelph, Ontario 

Dear Participant, 

You are being invited to participate in this survey that is being conducted by faculty and students at the 

University of Guelph, Ontario in the department of Food, Agricultural & Resource Economics. The goal of this 

survey is to better understand Ontario farmers’ attitudes towards technology on the farm. “Blockchain” is a new 

technology that can help farmers better track their food as it is transported from the farmer, to the processor to the 

retailer and to the customer. This technology promises to improve food safety and quality by allowing farmers, 

processors, retailers and consumers to know how their food was grown and where it came from. In this survey, we 

are trying to understand if farmers would be willing to use this technology and what would motivate this decision. 

The survey is designed to be answered by someone making technology adoption decisions for your farm. 

Completing this survey should only take approximately 20 minutes to complete. We appreciate you taking time 

out of your busy schedule to aid us with our research. Your participation is voluntary, and all individual responses 

will remain anonymous and will be kept strictly confidential, and your identity will not be revealed. Please note that 

we cannot guarantee confidentiality while data is in transit over the internet for the online survey. Data will be 

stored on an encrypted computer in order to maximize the security of the data. Please do not disclose names or other 

personal identifying information on the survey. Please note that, while you can withdraw from participation at any 

time, once you have submitted a survey, you cannot withdraw your data. You may decline to answer any of the 

questions we ask you if you wish. Therefore, completion and submission of this survey is considered as consent. If 

you do not consent (you do not wish to participate) you can simply choose not to complete the survey. By 

completing and submitting this survey, participants have not waived any rights to legal recourse in the event of 

research-related harm. 

Individual data collected from this survey will only be seen by the research team (listed below) and will be 

stored securely (electronically password protected) at the University of Guelph. There is a low risk that the 

information you provide could be linked back to you if another party accessed the data illegitimately. Please note 

that this survey is funded through research by The Ontario Ministry of Agriculture, Food and Rural Affairs. The 

results of this research will be shared with producer groups and industry organizations such as The Ontario 

Federation of Agriculture and will improve the industry’s understanding of why farmers choose to adopt 

technologies. Although there is no direct benefit to farmers and the results of this research are not for commercial 

purposes, this research may influence the technological services and products that are offered on the market to 

farmers in the future. This research will also be published in a thesis for a Masters student and may be published in 

peer-reviewed journals. This research project has been reviewed by the Research Ethics Board at the University of 

Guelph for compliance with federal guidelines for research involving human participants. If you have questions 

regarding your rights and welfare as a research participant in this study (REB18-11-019), please contact: Director, 

Research Ethics; University of Guelph; reb@uoguelph.ca; (519) 824-4120 (ext. 56606).  

Thank you very much, in advance, for taking the time to participate in this important survey. If you have any 

questions about participation, or would like additional information to assist you in reaching a decision about 

participation, please contact me: Getu Hailu; (519) 824-4120 (ext. 53890) or via email at ghailu@uoguelph.ca. 

Sincerely, 

Dr. Getu Hailu 

Associate Professor,  

FARE, OAC 

University of Guelph 

519-824-4120 (ext. 53890) 

ghailu@uoguelph.ca 

Jamieson Westover 

M. Sc. Candidate 

FARE, OAC 

University of Guelph 

jwestove@uoguelph.ca 

  

 

mailto:reb@uoguelph.ca
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1. Have you used any of the following digital farming technologies on your farm? Please select 

all that apply. 

 

o Radio Frequency Identification (RFID) 

o Barcodes 

o Unmanned areal vehicle (UAV) or drones 

o Smartphone applications 

o Geographic information system (GIS) software 

o Geographic positioning system (GPS) guidance systems 

o Soil sampling 

o Yield monitoring 

o Sensors (e.g., moisture, temperature) 

o Robots 

o 3D Printing 

o Blockchain 

o Other (Please specify) 

 

2. Do you believe digital farm technologies (e.g., robots, RFID, smartphone applications) play 

an important role on your farm? 

 

o Yes 

o No 

 

3. When using digital technology on your farm, do you contract these services to third parties 

(e.g., soil sampling, yield monitoring)?   

 

o Yes 

o No 

o Sometimes 

 

4. Do you agree with the following statement: The adoption of digital farming technology is 

necessary to remain competitive and essential to the success of my farm and business? 

 

o Strongly Disagree 

o Somewhat Disagree 

o Neither Agree or Disagree 

o Somewhat Agree 

o Strongly Agree 

 

 

 



202 

 

 

5. Do you agree with the following statement: Digital technology improves farm productivity? 

 

o Strongly Disagree 

o Somewhat Disagree 

o Neither Agree or Disagree 

o Somewhat Agree 

o Strongly Agree 

 

6. Do you agree with the following statement: Digital farming technology can help farmers 

make better farm-business decisions? 

 

o Strongly Disagree 

o Somewhat Disagree 

o Neither Agree or Disagree 

o Somewhat Agree 

o Strongly Agree 

 

7. Blockchain Technology in Agriculture 

Blockchains are digital ledgers that can be used for recording transactions that cannot be altered or 

deleted. Blockchains enable the digitization, automation and tracking of food production, all of which 

influence farmers’ profit margins. Blockchains minimize the strain of record-keeping by allowing real-

time automated data recording from existing farm technologies such as combines, robots, drones and 

RFID. Blockchains can allow farmers to provide customers with information about how, when and where 

food was grown and processed. The adoption of blockchains could benefit farmers as the demands for 

better traceability and greater supply chain transparency by importers, retailers and consumers push for 

the implementation of blockchains in agriculture. Farmers can use blockchains to provide 

certification/guarantees that food products adhere to the high standards expected by customers. 

For the next 12 questions, we ask you to identify the MOST and LEAST important reasons that may 

motivate your decision to use Blockchain. In EACH question, please click just ONE box under the 

“Most Important” column and ONE box under the “Least Important” column. (You will have one item 

checked on the left and one item checked on the right). We are trying to understand the main reasons why 

farmers may decide to use Blockchain on the farm. Please refer to the brief description of the technology 

above to help guide your decision. 
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Question 1 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 

 

I can use Blockchain to reduce potential legal liabilities by 

proving that I adhere to food safety and quality assurance 

standards 

 

 

 I can use Blockchain to record, access and manage my 

farms data 
 

 I can reduce my insurance premiums by verifying that I 

adhere to food safety and quality assurance standards 

 

 

Question 2 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 Buyers are mandating the use of Blockchain  

 The government is recommending the use of blockchain  
 I can reduce my insurance premiums by verifying that I 

adhere to food safety and quality assurance standards 

 

 

Question 3 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can differentiate my farming business from my 

competitors by using blockchain 
 

 I can use Blockchain to record, access and manage my 

farms data 
 

 The government is recommending the use of blockchain  

 

Question 4 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can differentiate my farming business from my 

competitors by using blockchain 
 

 I can use Blockchain to improve my farms brand image  
 Buyers are mandating the use of Blockchain  
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Question 5 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can use Blockchain to improve my farms brand image  

 A government subsidy is available to lower the cost of 

adoption 
 

 I can reduce my insurance premiums by verifying that I 

adhere to food safety and quality assurance standards 

 

 

Question 6 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 A government subsidy is available to lower the cost of 

adoption 

 

 I can increase my market share by selling to customers 

willing to pay a premium for traceable food products 

 

 The government is recommending the use of blockchain  

 

Question 7 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can differentiate my farming business from my 

competitors by using blockchain 
 

 I can use Blockchain to reduce potential legal liabilities by 

proving that I adhere to food safety and quality assurance 

standards 

 

 A government subsidy is available to lower the cost of 

adoption 
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Question 8 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can use Blockchain to improve my farms brand image  

 I can use Blockchain to record, access and manage my 

farms data 

 

 I can increase my market share by selling to customers 

willing to pay a premium for traceable food products 

 

 

Question 9 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can use Blockchain to reduce potential legal liabilities by 

proving that I adhere to food safety and quality assurance 

standards 

 

 Buyers are mandating the use of Blockchain  

 I can increase my market share by selling to customers 

willing to pay a premium for traceable food products  

 

 

Question 10 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can use Blockchain to improve my farms brand image  

 I can use Blockchain to reduce potential legal liabilities by 

proving that I adhere to food safety and quality assurance 

standards 

 

 The government is recommending the use of blockchain  
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Question 11 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 Buyers are mandating the use of Blockchain  

 A government subsidy is available to lower the cost of 

adoption 

 

 I can use Blockchain to record, access and manage my 

farms data 

 

 

Question 12 of 12: For the following question, tick (click) the ONE incentive that will MOST influence 

your decision whether to adopt Blockchain and the ONE that will LEAST influence your decision. 

LEAST Important 

(select ONE) 

Of these incentives, which would be most likely to 

influence and least likely to influence your decision to 

adopt blockchains 

MOST 

Important (select 

ONE) 

 I can differentiate my farming business from my 

competitors by using blockchain 

 

 I can increase my market share by selling to customers 

willing to pay a premium for traceable food products 

 

 I can reduce my insurance premiums by verifying that I 

adhere to food safety and quality assurance standards 

 

 

8. Follow Up Question: If presented with the right incentives (such as the ability to better 

manage your farms data, increasing your market share) would you consider adopting 

Blockchain? 

 

o Yes 

o No  

 

9. Follow Up Question: Before you received this survey, have you ever heard of Blockchain? 

 

o Yes 

o No  
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10. Follow Up Question: Before you received this survey, how familiar were you with 

Blockchain? 

 

o Very Unfamiliar 

o Somewhat Unfamiliar 

o Somewhat Familiar 

o Very Familiar 

 

11. Please indicate whether the following issues may prevent you from adopting Blockchain 

(Y/N) 

I do not know enough about Blockchain to make the decision to adopt 

I do not see a need for Blockchain on my farm 

I am uncertain whether the adoption of Blockchain will help me meet my customers needs 

I am uncertain whether the adoption of Blockchain will improve food safety 

I have concerns over sharing my farms data with customers and/or other farmers 

I have concerns over food-borne disease(s) or contaminated food being traced back to my farm 

Not enough other farmers are using blockchain 

 

12. Where do you get information about new technologies for your farm business? Please select 

all that apply. 

 

o Producer associations 

o Other farmers 

o Agricultural input suppliers 

o Consultants  

o Government organizations (e.g., Ontario Ministry of Agriculture, Food and Rural Affairs, 

OFA) 

o Internet 

o Social media 

o Universities 

o Family and friends 

o Technology companies in the agriculture and agri-food industry  

o I have no sources of information on new technologies 

o Other (Please specify) … 
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13. How often do you reach out to information sources (including government organizations, 

input suppliers, third-party consultants, universities, private agricultural companies, producer 

associations etc.) to get information about farming technologies? 

 

o Daily 

o Weekly 

o Monthly 

o Once every 3 months 

o Once every 6 months 

o Annually 

o I do not seek out information from any of these sources 

 

14. How would you describe your current knowledge of digital farming technologies? (e.g., 

robots, RFID, GPS, Precision Agriculture equipment etc.) 

 

o Very Unfamiliar 

o Somewhat Unfamiliar 

o Somewhat Familiar 

o Very Unfamiliar 

 

15. If other farmers choose to adopt a technology, would this make you more likely to adopt the 

same technology? 

 

o Yes 

o No 

 

16. Follow up question: Please indicate what percentage of farmers would need to use a new 

farm technology before you would consider using the same technology.  

 

o 25% 

o 50% 

o 75% 

o 100% 

o It would not make a difference 

 

17. Does your farm have an internet connection? 

 

o Yes -> Go to the next question 

o No -> Please skip the next question 

o Don’t know -> Please skip the next question 
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18.  Please indicate all of the connection types your farm uses to access the Internet. Please select 

all that apply. 

 

o Digital Subscriber Line (DSL) over a telephone line (e.g., Bell, Telus, SaskTel) 

o Cable modem (e.g., Rogers, Shaw) 

o Mobile wireless (e.g., 3G or 4G connection) 

o Satellite (e.g., Xplornet) 

o Fibre optic line (e.g., T3, metro Ethernet) 

o Dial-up over a telephone line 

o Fixed wireless or a portable Wi-Fi hotspot (e.g., Smart Hub) 

o Don’t know 

The following questions are designed to get some information about you and your farming 

operation. This information will be used to understand whether you share similarities with other 

farmers in Ontario. Please note that your identity will NOT be linked to your responses in any 

way to ensure you and your answers in this survey are entirely anonymous. 

In the following four questions, we ask you to state how willing you are to take risks on a scale 

of 0 to 10, where the value 0 means: ‘not at all willing to take risks’ and the value 10 means: 

‘very willing to take risks’ 

19. Are you generally a person who is fully prepared to take risks or do you try to avoid taking 

risks? Please tick a box on the scale.  

0 1 2 3 4 5 6 7 8 9 10 

Not at all willing to take risks          Very willing to take risks 

□ □ □ □ □ □ □ □ □ □ □ 

 

20. With regards to your finances, are you a person who is fully prepared to take risks or do you 

try to avoid taking risks? Please tick a box on the scale.  

0 1 2 3 4 5 6 7 8 9 10 

Not at all willing to take risks          Very willing to take risks 

□ □ □ □ □ □ □ □ □ □ □ 

 

21. With regards to your farm business decisions, are you a person who is fully prepared to 

take risks or do you try to avoid taking risks? Please tick a box on the scale.  

0 1 2 3 4 5 6 7 8 9 10 

Not at all willing to take risks          Very willing to take risks 

□ □ □ □ □ □ □ □ □ □ □ 
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22. With regards to your health, are you a person who is fully prepared to take risks or do you 

try to avoid taking risks? Please tick a box on the scale.  

0 1 2 3 4 5 6 7 8 9 10 

Not at all willing to take risks          Very willing to take risks 

□ □ □ □ □ □ □ □ □ □ □ 

 

23. With regards to adopting new technology, are you a person who is fully prepared to take 

risks or do you try to avoid taking risks? Please tick a box on the scale.  

0 1 2 3 4 5 6 7 8 9 10 

Not at all willing to take risks          Very willing to take risks 

□ □ □ □ □ □ □ □ □ □ □ 

 

24. What is your Gender? 

 

o Male 

o Female 

 

25. What is your age? 

 

o Under 25 

o 26 – 35 

o 36 – 45 

o 46 – 55 

o 56 – 65 

o 65+ 

 

26. What is the highest level of education you have received? 

 

o Elementary School 

o Secondary/High School Diploma 

o College/Trade School Certificate 

o University Degree 

 

27. What best describes your farming operation? 

 

o Sole ownership 

o Partnership 

o Corporate Farm 

o Family farm  

o Other (Please specify …) 
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28. How many years have you been farming for? 

 

o Less than 5 years 

o 6-10 years 

o 11-15 years 

o 16-20 years 

o 21-25 years 

o 26 years or more 

 

29. What percentage of your income in 2017 was from NON-FARMING activities? 

 

o ___% 

o Prefer not to answer 

 

30. Are you an exporter? 

 

o Yes 

o No 

o Unsure 

 

31. What size (in acres) is your farming operation? 

 

o Under 10 acres 

o 10-69 acres 

o 70-129 acres 

o 130-179 acres 

o 180-239 acres 

o 240-399 acres 

o 400-559 acres  

o 560-759 acres 

o 760-1,119 acres 

o 1,120-1,599 acres 

o 1,600 acres or larger 
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32. What type of farming operation do you earn MOST of your farm income from? 

 

o Corn farming 

o Soybean farming 

o Wheat farming 

o Beef cattle ranching (including feedlots) 

o Dairy cattle and milk production 

o Sheep and goat  

o Chicken egg production 

o Hog and pig 

o Greenhouse, nursery and floriculture 

o Fruit and tree nut 

o Vegetable and melon farming 

o Turkey production 

o Horses and equine 

o Hay farming 

o Tobacco farming 

o Broiler and other meat-type chicken production 

o Other (Please specify below) 

 

33. Are you a member in any producer group or other farming organization BESIDES the 

Ontario Federation of Agriculture? (e.g., Dairy Farmers of Ontario, Grain Farmers of Ontario 

etc.) 

 

o Yes (If yes, what producer group/organization(s) are you a member of?) 

o No 

 

34. How long do you plan to continue farming? 

 

o Less than 1 year 

o 1 – 5 years 

o 6 – 10 years 

o 10 – 25 years 

o More than 25 years 

 

35. What are the distribution channels for your products? Please select all that apply. 

 

o Direct marketing (e.g., Farmers markets) 

o Distributor 

o Processor 

o Small retailers (e.g., Local food shops, local grocery store chains, restaurant chains) 

o Large retailers (e.g., Walmart) 
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Thank you very much for your valuable participation. Please feel free to include any comments 

below that you think we should consider about the potential application(s) of Blockchain on 

Ontario farms. 

 

 

 

 

 


