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Abstract


The increasing pressure on food security and environmental sustainability has emphasized the importance of effective farm resource usage. Precision agriculture technologies (PATs) have been considered as one of the solutions to these challenges. Multiple stakeholders and agencies working in the agriculture sector have implemented various initiatives to facilitate their adoption. Despite numerous initiatives, the adoption of PATs in small farms is shallow in the United States. It is important to understand what socio-economic and demographic factors influence their decision-making regarding PAT adoption. This research aimed to provide actionable insights that can help farmers overcome existing challenges and capitalize on the benefits of advanced agricultural practices, ultimately contributing to the resilience and sustainability of the agricultural sector. This study used a mixed approach (a combination of mail, in-person, and focus group discussion) to investigate factors influencing PAT adoption by small-scale farmers in Kentucky. The data were analyzed using the binary logistic regression method. The results revealed that farm size and longer years of farming experience increased the likelihood of PAT adoption, whereas farmers’ age negatively affected adoption. Other demographic variables, such as gender, income, and education, did not influence adoption significantly. To promote the adoption of PATs among small farmers in Kentucky, policies should focus on supporting younger farmers and building PATs suitable for operating in small farms and reducing barriers. Furthermore, providing targeted training and resources to small-scale farmers can help to promote the adoption of these technologies, thereby improving agricultural efficiency and sustainability.
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1. Introduction


The global population is projected to reach nearly 10 billion by 2050, significantly increasing the demand for food and agricultural products [1,2]. Seventy percent more food is expected to be needed in 2050 to feed the growing population, according to the FAO [2]. Agriculture is the most extensive land use globally, and it plays a crucial role in both human survival and economic stability [3,4]. About 40% of the world’s land area is dominated by agricultural production, which varies significantly in size, products, technology, and inputs [5]. This diversity can be attributed to differences in climate and biodiversity across regions, choosing inputs, outputs, and technology that are often site-specific. As global human populations grow and consumption patterns shift, there is an urgent need to enhance agricultural productivity to tackle food insecurity while simultaneously addressing the environmental challenges posed by agricultural activities, such as habitat change, pollution, and overexploitation of natural resources [5,6,7,8].



Agriculture is not only a provider of food but also a significant driver of ecological changes [9]. The conversion of natural ecosystems into agricultural land, the intensification of farming practices, and the associated release of pollutants all contribute significantly to biodiversity loss and the degradation of ecosystem services [10]. These environmental impacts are further compounded by the expansion of food value chains, which involve substantial energy use, transportation, and waste generation [7,11]. For instance, from 1980 to 2000, the U.S. population grew by 24%, while 34% of arable land and forestland were transformed into urban development, increasing the pressure on land resources [12]. In addition, agriculture remains a significant victim and a significant contributor to climate change. However, the agriculture sector has the potential to combat climate change through the use of improved technologies on farms that promote sustainability. This context underscores the need for sustainable agricultural practices that balance productivity with environmental conservation.



Given these challenges, precision agriculture has emerged as a crucial innovation in combating food insecurity by enhancing the efficiencies and sustainability of farming practices [13,14]. Utilizing cutting-edge technologies such as GPS, remote sensing, and data analytics, precision agriculture optimizes resource use, reduces environmental harm, and enhances agricultural productivity [13,15,16]. For instance, precision irrigation systems use sensors to monitor soil moisture levels, ensuring crops receive optimal water without over-irrigating. These advancements offer a solution to many of the problems posed by traditional farming practices, reducing inefficiencies in resource use, minimizing environmental impact, and increasing crop yields by providing precise data on soil health, moisture levels, and crop conditions. The adoption of precision agriculture not only addresses the increasing demand for more food but also minimizes the negative impacts of conventional agricultural practices, making it an essential tool in achieving global food security [14,16,17,18,19]. Precision agriculture helps farmers make data-driven decisions, leading to more efficient use of inputs such as water, fertilizers, and pesticides, thereby reducing waste and environmental impacts and leading to win–win outcomes for both farmers and the environment [15,18,19,20]. However, despite the potential benefits, the adoption of precision agriculture technologies in small farms remains limited [13,15,16,21,22,23,24,25]. According to the latest report of “America’s Farms and Ranches at a Glance” and the USDA Agriculture Census, more than 88% of the farms in the United States are small farms [26,27]. Small farms are those farms with a gross farm income of less than USD 250,000 per year [27]. Small-scale farmers face unique challenges, including limited access to financial resources and technical knowledge, which hinder their ability to adopt advanced technologies [28,29]. Given their pivotal role in agricultural production, supporting small-scale farmers through targeted programs and policies is essential to enhance productivity, sustainability, and economic resilience, especially as they often operate with low profit margins and are highly vulnerable to environmental and market fluctuations [27,30]. Therefore, it is crucial to understand the factors influencing farmers’ adoption of PATs. Several studies have highlighted that factors such as farm size, education level, access to information, and financial resources are crucial in shaping decision-making processes for adopting various conservation practices and technologies [13,15,16,18,20,28,29,31,32,33,34]. Similarly, different theoretical frameworks have been developed to understand the factors influencing technology adoption. The Technology Acceptance Model (TAM) provides a valuable framework for understanding the adoption of precision agriculture technologies among small-scale farmers. According to this model, perceived usefulness, perceived ease of use, attitudes towards technology, and external variables such as farmers’ education and financial capacity are the primary determinants of technology adoption [35]. In the context of small farms, perceived usefulness reflects the belief that precision agriculture technologies can enhance farm productivity, profitability, and sustainability by improving resource efficiency, reducing labor intensity, and minimizing environmental risks. Perceived ease of use emphasizes the importance of intuitive, user-friendly technologies that require minimal training and effort to integrate into existing farming practices. Simplified interfaces, intuitive designs, and accessible technical support can significantly enhance this perception. These factors shape farmers’ attitudes toward technology, influencing their behavioral intention to adopt precision agriculture technologies. Additionally, external variables such as farmers’ education, financial capacity, and access to technical support indirectly affect adoption by shaping perceptions of usefulness and ease of use [35,36,37]. Widely applied across various sectors, including agriculture, this model has been used in understanding the adoption of precision agriculture technologies by farmers [35,38,39]. Farmers often face barriers such as complexity and high costs while adopting precision agriculture technologies. It necessitates a deeper exploration of the factors affecting farmers’ acceptance and integration of these tools.



Precision agriculture offers numerous benefits, including increased farm profits through efficient resource management, reduced crop yield losses, minimized environmental risks, and optimized use of farming inputs [15,24]. Technologies such as variable-rate application of nutrients and agrochemicals, precise irrigation, and soil monitoring can lead to significant cost savings and higher returns on investment [18]. These technologies also help improve crop yields and reduce labor costs, further enhancing economic viability. As the adoption of precision agriculture technologies is influenced by various social, economic, and ecological factors, understanding these factors influencing small-scale farmers’ adoption of precision agriculture will provide valuable insights into the potential for sustainable agricultural development. By leveraging advanced technologies and addressing key barriers, precision agriculture can enhance small farms’ productivity, sustainability, and economic resilience. Therefore, by the application of the Technology Acceptance Model (TAM) as a framework, this study aims to understand how farmers’ different characteristics and beliefs about the utility and usability of the PATs affect their adoption [32,40]. This research aims to provide actionable insights that can help farmers overcome existing challenges and capitalize on the benefits of advanced agricultural practices, ultimately contributing to the resilience and sustainability of the agricultural sector.




2. Materials and Methods


2.1. Data Collection


This study was conducted in the Commonwealth of Kentucky, located in the east–south–central region of the United States (Figure 1). Agriculture is a crucial component of Kentucky’s economy. As of 2022, there are approximately 69,425 farms in Kentucky [27]. The majority of the farms are small-scale farms with an average farm size of 179 acres, compared to the national average of 463 acres [27]. Kentucky’s agriculture is dominated by small farms, where more than 63% of its farms have annual sales of less than USD 10,000, and 97% of farms are less than 1000 acres [27].




2.2. Survey Methods


The data for this study come from a combination of mail surveys, in-person interviews, and focus group discussions. The population focus of our study is small-scale farms in Kentucky. The geocoded addresses of the farms were obtained from the Property Valuation Assessment (PVA) Office of selected counties in KY. The basis for selecting samples was the amount of land owned or managed that represented small-scale farms. We excluded less than five-acre parcels (i.e., owners) from the sampling frame to avoid lands in urban areas. We weighted by the percentage of the owners in each selected county to select more samples from the counties with a higher proportion of more than five acres in ownership. The survey questionnaire was developed and finalized based on feedback from multiple focus group discussions (FGDs) held in different counties. These FGDs mainly identified the technologies farmers use and issues farmers have in technology use; the types of education and training participants received about the technology, and other information from Kentucky State University (KSU). In addition, the information on what participants intend to obtain in assistance from KSU, like training and workshops, was also identified. Before mailing the survey to the selected landowners, we pretested the survey questionnaire on 12 small farm operators in central Kentucky. All the pretested surveys were completed by the respondents and returned to us. Using the responses from the pretested surveys, we further modified the questionnaire by simplifying it and reducing the number of questions before administrating them. Kentucky State University’s Institutional Review Board (IRB) reviewed and approved the final survey.



The questionnaire was 20 pages long, and it consisted of a total of four different sections. Section A consisted of questions related to farm characteristics. Section B consisted of technology used in farming. Section C consisted of 11 questions relating to the socio-economic and demographic characteristic attributes of the respondents. Information on the socio-economic attributes of the farmers, such as age, gender, education level, annual income, off-farm income, total acres owned, etc., was solicited. Repeated follow-up mailing requests were sent with the help of KSU cooperative extension agents (Coop Ext) and through KSU’s Third Thursday Thing Sustainable Agriculture Workshops (TTTs) at Harold Benson Research Farm and Small Farmers Conference in Kentucky. This effort resulted in a total of 98 complete usable survey responses that were used in the analysis. The survey responses were analyzed using R Studio software version 3.6 and Microsoft Excel 2021.




2.3. Model Specification and Statistical Analysis


We used a binary logistic regression model to analyze the relationship between various socio-economic and demographic variables of farmers and their adoption of PATs. The dependent variable, which is the adoption of precision agriculture, is a categorical variable with two possible categories, represented as Y in Equation (1). Respondents who adopted Precision Agricultural Technologies (PATs) were assigned a value of 1 if they made the choice to adopt and a value of 0 otherwise (Table 1). The probability (logistic) model is preferred to the conventional linear regression models in analyzing the factors influencing the adoption of PATs because the parameter estimates from the former are asymptomatically consistent and efficient. The conditional probability of adopting technology lies between zero (0) and one (1). The likelihood of adopting PATs was examined by specifying the following equation:


  P i =   E  ⁡  ( Y =    1   X    )   = Z i   = β o + Σ β i X i  



(1)






  P i =    1   1 +   e   − ( β o + β 1 X 1 + β 2 x 2 + ⋯ + β i X i )       



(2)







In Equations (1) and (2), Pi is the probability that Y equals 1 when a choice is made to adopt and zero (0) otherwise for given values of Xi (i = 1, 2, 3, … n). Xi indicates the independent explanatory variables. Here,     β   0     represents the intercept and   β i   represents the coefficients to be estimated.



The predicted probabilities of the binary logistic model are used for predicting or explaining outcomes; however, results are typically reported using an odds ratio [41]. According to [42], odds are the ratio of the probability of a favorable event occurring to the probability of an unfavorable event occurring. The value of the odds ratio ranges from zero to infinity. An odds ratio of 1 indicates that the given independent variable does not affect the odds of a positive outcome. An odds ratio less than 1 suggests that the independent variable is associated with lower odds of the outcome, while an odds ratio greater than 1 indicates it is associated with higher odds of the outcome. Following [43], the statistical formula for calculating the odds ratio is


      Odds = Probability   of   success   ( Pi )   /   Probability   of   failure   ( 1 − Pi )       =   e     b   1     = E X P (   b   1   ) = … … …      



(3)







In Equation (3), the odds ratio is the exponential function of the regression coefficient (b1).



By taking the natural log of Equation (3), the results would be the following as shown in Equation (4).


    L   i   =   ln  ⁡         P   i     1 −   P   i          =   Z   i   =   β   0   + ∑   β   i     X   i    



(4)




where Li is the natural logarithm of the odds of adoption of PATs, which is called the logit, Xi is the independent variables, Pi is the probability of a farmer adopting the PATs given Xi, and βi represents the parameters to be estimated. The logit is defined as the natural logarithmic value of the odds in favor of a desired positive outcome (in our case, the adoption of PATs) [44].



To analyze the percentage of PAT adopters and non-adopters, contingency tables were used for the percentage frequency distribution of the independent variables. We used Pearson’s chi-squared test to find the relationship between the variables and PAT adoption given by [45].




2.4. Variables Used in Model


It is hypothesized that a set of explanatory variables influences the decision to adopt precision agriculture technologies (Figure 2). Based on the review of the adoption literature and past research findings and considering the information from an informal survey regarding the large number of factors that were expected to influence the farmers’ adoption decisions, we selected seven potential explanatory variables. Furthermore, the selection of the explanatory variables and the analytical approach was mainly based on the Technology Acceptance Model. Before utilizing the binary logistic regression model, we performed multicollinearity tests between the explanatory variables to ensure our results were not distorted and the highly correlated continuous variables were identified and removed. We did not find high multicollinearity between the seven variables considered in the final model. In addition to this, we ran Pearson’s chi-squared test with Yates’ continuity correction between the dependent variable (categorical) and independent variables (categorical) [45]. We chose only those variables that showed a significant association between the dependent and independent variables. This step was performed to remove the non-contributing/noise variables. Furthermore, we used a point-biserial correlation test between the dependent variable (categorical) and the independent variables (continuous) [46,47]. Running these tests before the binary logistic regression model ensures that the results of our logistic model are accurate.



We used the socio-demographic variables (i.e., age, gender, education, experience of farming in years, related expertise), economic variables (income), and farm characteristics (i.e., farm size) as the major determinants of the adoption of PATs [20,48,49,50,51].





3. Results


The results indicated that the majority of respondents adopted at least one precision agriculture (PA) technology, with GPS being the most commonly utilized tool (Table 2).



About one-fourth (24%) of the total respondents were adopters, and 76% were non-adopters of PATs (Table 3). The majority (70%) of the respondents were male. The results show that about 77% of the surveyed farmers have an education level up to college or above (bachelor and graduate). The age of the respondents in the survey varied from 28 years to over 85 years, with an average age of 62 years. The majority (63%) of the farmers reported incomes between USD 50,000 and 99,999, reflecting the small-scale farmers. The average farm size of respondents was 137.6 acres.



We found that 54% of the farmers who owned or managed more than 100 acres were PAT adopters, and only 28% of the farmers who owned more than 100 acres of farm size were non–adopters (Table 3). This difference was statistically significant at the 5% level. Moreover, the total years of farming experience indicated that those farmers who had farming experience of more than 30 years adopted precision agriculture (50%) than those who did not adopt PATs (26%). This difference was also found statistically significant at a 5% level.



Of the precision agriculture adopters, 79% were male, and 21% were female. Similarly, 72% were male and 28% female in the case of the non-adopters. Most respondents were between 25 and 50 or above 50 years of age. There were more adopters in the age groups of 25 to 50 years than in the groups of older farmers (more than 50 years). The education level above college is higher (88%) among the PAT adopters than the non-adopters (77%). These findings suggest that the younger, better educated, comparatively large farm acreage are most likely to try and adopt the PATs.



The results from the binary logistic regression show that three out of the seven independent variables were statistically significant at p ≤ (0.05) (Table 4). The X2 value of 19.81 indicates that the model fits the data very well, and it is statistically significant at p ≤ 0.05. McFadden and Cragg–Uhler (R2) were 0.58 and 0.47, respectively. The R2 value indicated that our binary logistic model explains a substantial variance in the dependent variable, i.e., adopting precision agriculture technologies (PATs) (Table 4).



The variable measuring the farmer’s age had a negative and significant effect on the farmer’s adoption of precision agriculture. The corresponding odds ratio statistic indicates that a one-unit increase in farmer’s age corresponded to an eight percent decrease in the odds of adoption of precision agriculture. The other variable that measures the number of years farmers have spent on farming was positive and significant. The corresponding odds ratio statistic indicates that a unit increase in the farmer’s experience of farming in years corresponded to an increase in the odds of adoption of precision agriculture by about four percent. The third variable measuring farm size was significant and positive. The corresponding odds ratio statistic indicates that an acre increase in farmers’ farm size results in a three percent increase in odds of adopting precision agriculture in their farms.



However, other independent variables such as Gender, Income, Farm size, Education, and Related Expertise were not found to have a statistically significant effect on the adoption of precision agriculture.



Barriers to Adopting Precision Agriculture Technology


When looking into barriers to adopting PATs, we found that the most significant barrier to adopting PATs was its high cost, with nearly 20% of respondents identifying it as a major obstacle (Figure 3). Complexity and lack of profitability were also prominent concerns, reported by approximately 15% and 12% of respondents, respectively. Privacy concerns, lack of confidence, and the time-consuming nature of the technology were additional barriers, each identified by roughly 10% of participants. Smaller yet notable proportions of respondents highlighted uncertainty about benefits and the continuously evolving nature of technology. Geographic constraints, mistrust in technology, and perceptions of risk were identified as barriers by less than 5% of participants, indicating these are comparatively minor concerns. Financial and operational challenges dominated the barriers, underscoring the need for targeted interventions to address these issues.



Farmers face significant challenges in adopting precision agriculture technologies (PATs) due to financial, infrastructural, and geographic barriers. Many respondents reported relying on traditional equipment such as tractors and harvesters, with newer technologies like drones and automated systems often deemed beneficial but financially inaccessible. One farmer highlighted this sentiment, stating, “Funds are limited. Technology is great if it is affordable for all”. Farmers also emphasized the importance of affordability, simplicity, and practical relevance when considering new technologies. For smaller operations, the perceived applicability of PATs varies. One farmer noted, “Precision agriculture is only used on the garden/high tunnel. Because of the small area and the large variety of vegetables grown, we use numerous soil tests over the planned areas, vary the initial fertilizer amount according to soil test results, then fertigate by area based on extension office recommendations”.



The lack of adequate technological support further exacerbates these challenges, with farmers often turning to YouTube and social media for training, as university and extension workshops sometimes fail to address specific technological needs. Farmers also raised concerns about data security and the complexities of online transactions. To improve adoption rates, they strongly desired guidance from universities, local extension agents, and public–private partnerships, specifically in selecting appropriate PATs and receiving hands-on training in software, equipment, and app development. These insights underscore the need for targeted support and accessible solutions to make PATs viable for a broader range of farming operations.





4. Discussion


The findings from this study provide various important insights for policymakers and stakeholders to understand the driving factors behind the adoption of PATs and develop feasible strategies for increasing its adoption among small-scale farmers in Kentucky and beyond. Analysis of survey data revealed multiple socio-economic factors influenced the adoption of PATs.



Farm characteristics have been identified as a determinant of farmers’ conservation behaviors [52]. Our results indicate that the farm characteristic (farm size) is positively and significantly associated with the farmer’s adoption of PATs. Large-sized farms are linked to a higher likelihood of PAT adoption, which is similar to the findings from previous studies [48,53,54,55,56]. Large-sized farms show higher adoption rates of PATs driven by the potentiality of higher benefits to the costs of investment and economies of scale [57]. However, significantly high adoption costs of technology, limited technical support, and limited access to financial support stand as barriers to adopting PATs for small-sized farms [58]. Our findings align with the study where farmers identified high investment costs and farm size as major barriers to adopting PATs [59]. This underscores the necessity for economic incentives to help small-scale farms overcome these challenges. Furthermore, farmers with greater agricultural experience, particularly those using advanced tools and equipment, are more inclined to adopt Precision Agriculture Technologies (PATs). This suggests that familiarity with technology and modern farming tools significantly enhances the likelihood of adopting PATs [60]. On the contrary, the farmers’ characteristics (age) have a significant negative association with the adoption of PATs. The age of the respondents in the survey varied from 28 years to over 85 years, with the average being 62 years, which is higher than the average age of the agricultural producers reported by the U.S. Department of Agriculture’s Census of Agriculture (2023), i.e., 57.5 years [27]. This implies that younger farmers are more likely to adopt the PATs, similar to the findings of [32,61]. This is likely because younger farmers are more focused on technology and have longer timeframes for planning [62]. Older farmers often show reluctance to adopt modern technologies due to their unfamiliarity with the technologies and skeptical attitude toward their benefits [63]. However, several studies identify that PATs offer higher economic and environmental benefits that outweigh the costs associated with the adoption of PATs [58,59,64,65,66,67]. The benefits range from tangible savings in fuel, labor, and inputs to increased productivity [68] and reduced greenhouse gas emissions, leading to environmental sustainability and economic benefits [59,64]. Furthermore, the education level positively influences the adoption of technology among farmers [32,69,70]. Higher levels of education (college level or above) tend to result in a better understanding and adoption of precision agriculture technologies. However, this study did not find a statistically significant effect of education, income, and gender on PAT adoption [33,71]. This contrasts with the findings of [72], which found education as a significant factor in adopting Internet of Things-based PATs in the Midwestern region of the U.S. From the gender perspective, farming is mainly a male-headed activity among small farmers in Kentucky. However, the influence of gender is not significant in the adoption of PATs. It is similar to the findings of [73], which showed no significant influence of gender on the adoption rate and intensity of the improved maize varieties. This implies that gender may not be a significant factor influencing adoption. However, it remains a major factor of interest. The study conducted by [74] on a large sample of Midwestern U.S. farmers highlighted that the environmental risk perception of farmers and farmers’ identity strongly influence the adoption of PATs over socio-demographic variables such as education and income. The farmer’s identity suggests how farmers perceive their role, for instance, whether as conservationists, civic-minded, productivists, experts, and listeners who learn from visiting other farms or learning from peers [74]. In addition to this, profitability and perceived ease of technology were found to be more significantly influencing PAT adoption than the education and gender factors [23]. Moreover, the nonsignificant result of the variables like gender, income, and education could be the case of the strong influence of the operational factors, practical experience, availability of external service, and the ease of accessible technology than the socio-demographic factors in small-scale farms as highlighted by the study of [67]. The small sample size may be another reason that the study did not provide enough variance to estimate a significant relationship. The adoption of the PATs varies worldwide depending on the social, economic, geographical, and technical factors along with the policy interventions. Our study shows similar patterns of adoption in other regions while identifying unique drivers and barriers to adoption. The authors of [23] showed that profitability and ease of use influence PAT adoption in North China [75] and found that the economies of scale drive the adoption among large farms in Hungary, while for the small farms, cooperation models exist, favoring the adoption of PATs. This could be a way forward for the small-scale farmers in Kentucky. Another study identified that smaller farms depend on shared resources for the adoption of technology in Germany and Denmark [52]. Similarly, the subsidies were an important factor driving the adoption of PATs among small farms in Hungary and Germany [76]. Since the cost is identified as a primary barrier in our study, cooperative farming, economic incentives like subsidies, low-interest loans, etc., could reduce this barrier to benefit small-scale farmers [77]. The comparison of the results of our study with the international scenarios highlights the necessity of public–private stakeholder partnerships for comprehensive training and resources addressing the regional variation and needs of small-scale farmers in Kentucky. In a practical scenario, effective implementation of education, awareness, training, and resource provisions requires multi-stakeholder involvement, in which government sectors, private companies, universities, and extension agents will play an important role. Government agencies at the federal and state levels should initiate the national PAT adoption strategies [78]. To support this initiative, public institutions, private companies, universities, farmer’s groups, and non-profit organizations should collaborate with the government. Extension services could play a crucial role in disseminating the training and resources for the adoption of PATs. Vocational training, peer-to-peer learning, and advisory services to the farmers are considered to be very important for encouraging small-scale farmers [79]. Hands-on training on the use of technologies such as UAVs, GIS, and other sensors, along with onsite demonstrations, farmer field schools, and field days, can effectively educate farmers [80,81]. By fostering the sustainable adoption of these technologies and building trust through extension agents, we can significantly enhance the adoption of precision agriculture technologies (PATs) among small-scale farms in Kentucky. Expansion of agricultural technology and the outreach efforts to adopt precision agriculture should target young farmers. University workshops are invaluable, but Extension Agents/Specialists may not know the desired technology. Therefore, coordination with experienced staff or organizations could increase support to farmers as well as training opportunities for farmers.




5. Conclusions


Multiple factors influence small-scale farmers’ adoption of precision agriculture technologies in Kentucky. Adoption of PATs can transform small farming only by engaging the younger generation with years of experience and knowledge to pioneer advanced techniques. Also, there remain multiple constraints, including financial, for adopting the PATs in Kentucky as the equipment, tools, and related hardware for adopting the PATs are too expensive to afford on small farms, even though these technologies are beneficial in the long run. In addition, technologies like PATs require specific training and education which could be time-consuming and remain a constraint for PATs adoption. The farmers are interested in low-cost, simple, time- and labor-saving, farm-oriented technology. Additionally, small-scale farmers in Kentucky face infrastructure and geographic constraints that hinder technology adoption, contributing to economic distress in many rural areas. Therefore, targeting specific training related to precision agriculture, raising awareness of the benefits of PATs, and providing the resources could prove beneficial for helping experienced farmers leverage precision agriculture. Policymakers and federal programs should design training and education programs and subsidies to increase the development and adoption of precision agricultural techniques among small-scale farmers.



The limitation of this study includes a small sample size and geographic scope that confines the broader applicability of our findings. The survey was conducted during the COVID-19 period, which could have resulted in low responses. There could be response bias in the survey as the perception of the PATs benefits and barriers is highly subjective. We acknowledge that the cross-sectional nature of this study is another limitation that does not capture changes in the adaptation behavior of farmers. For instance, market and policy changes occur frequently and unexpectedly, which could alter the adoption rates of PATs over time. Future studies should adopt longitudinal studies and cover more geographic locations and small-scale farms in Kentucky to find the best technologies adopted by the small-scale farms and the factors influencing the adoption across varying contexts. Moreover, a longitudinal study would be beneficial in capturing the trends of the adoption of PATs and benefit–cost analysis while capturing an understanding of economic changes amid varying policies.
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Figure 1. Map showing the location of the study area and the distribution of respondents across different counties in Kentucky. 
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Figure 2. Socio-economic and demographic variables influencing the adoption of precision agricultural technologies (PATs). 
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Figure 3. Social, economic, and ecological factors that are barriers to adopting precision agriculture technology. 
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Table 1. Descriptive statistics of variables used in the analysis.
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	Variable
	Definition
	Min
	Max
	Mean
	SD
	Expected Sign





	Dependent Variable:
	
	
	
	
	
	



	Adoption of Precision agriculture technologies (PATs)
	1 = Yes; 0 = No
	0
	1
	0.2667
	0.42
	N/A



	Independent Variables:
	
	
	
	
	
	



	GENDER (X1)
	1 = male; 0 = Female
	0
	1
	0.7045
	0.4323
	_



	INCOME (X2)
	Less than USD 50,000 (1);

USD 50,000 to 99,999 (2);

More than USD 99,999 (3);
	1
	3
	2.16
	0.655
	+



	EDUCATION (X3)
	Below College (1)

College or above (2)
	1
	2
	1.77
	0.396
	+



	RELATED EXPERTISE

(X4)
	Any related areas of expertise in addition to agricultural production (e.g., agronomy, machinery and equipment, crop diseases, agricultural retail, or services)

1 = Yes; 0 = No
	0
	1
	0.3708
	0.460
	+



	AGE (X5)
	Actual age (years)
	28
	85
	61.73
	12.08
	-



	FARM SIZE

(X6)
	Total area in acres of land
	0
	1075
	137.6
	158.49
	+



	YEARS OF FARMING

(X7)
	Actual count (years)
	0
	67
	26.76
	16.37
	+










 





Table 2. Different precision agriculture technologies are available for Kentucky farmers to adopt.
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SN

	
Precision Agriculture Technology






	
1

	
GPS auto guidance

	
10

	
Auto-swath for plants




	
2

	
Yield monitor with GPS

	
11

	
Auto-swath for sprayers




	
3

	
Geo-referenced soil sampling grid

	
12

	
Robotic crop scouting




	
4

	
Soil electrical conductivity (EC) mapping

	
13

	
Telematics equipment (Farmonile, Trimble, etc.)




	
5

	
Handheld GPS/PDA

	
14

	
Water table monitoring




	
6

	
Chlorophyll/greenness sensors

	
15

	
Nitrogen sensors




	
7

	
Plant mapping

	
16

	
Drone/UAV




	
8

	
Digitized mapping

	
17

	
Satellite/aerial imagery




	
9

	
Profit mapping

	

	











 





Table 3. Description of adopters and non-adopters of precision agriculture technology in the study area.
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	Variables
	Non-Adopters
	Adopters
	Pearson Chi Sq (p-Value)





	Total Respondents
	76%
	24%
	



	Age
	
	
	



	18–25
	76%
	24%
	17.06 (0.000)



	25–50
	15%
	42%
	



	50 or above
	88%
	58%
	



	Gender
	
	
	



	Female
	28%
	21%
	3.73 (0.291)



	Male
	72%
	79%
	



	Education
	
	
	4.28 (0.232)



	Below College (1)
	23%
	13%
	



	Above College (2)
	77%
	88%
	



	Household income
	
	
	



	Below USD 50,000
	18%
	13%
	4.90 (0.179)



	USD 50,000 to 99,999
	58%
	46%
	



	Above USD 99,999
	24%
	42%
	



	Related Expertise
	
	
	



	No (0)
	73%
	46%
	4.04 (0.256)



	Yes (1)
	27%
	54%
	



	Farm size owned total
	
	
	38.24 (0.000)



	Less than 5 acres
	5%
	8%
	



	5–10 acres
	4%
	4%
	



	11 to 20 acres
	9%
	17%
	



	21–50 acres
	19%
	0%
	



	50–100 acres
	15%
	17%
	



	100 and over acres
	28%
	54%
	



	Years of Farming
	
	
	21.49 (0.000)



	Less than 15 years
	24%
	29%
	



	15–30 years
	39%
	21%
	



	More than 30 years
	26%
	50%
	










 





Table 4. Binomial logistic regression model of small farmers’ adoption of precision agriculture on selected social and economic independent variables.
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	Variables
	Odds Ratio
	95% CI
	Z-Value
	Coefficient





	Intercept
	0.39
	31.6
	−0.42
	−0.94



	Farm size
	1.03
	1.00
	0.45
	0.08 *



	Gender
	2.24
	9.44
	1.17
	0.81



	Income
	1.59
	3.92
	1.05
	0.46



	Education
	1.83
	10.2
	0.76
	0.60



	Age
	0.93
	0.97
	−2.81
	−0.07 ***



	Related Expertise
	1.78
	5.50
	1.01
	0.58



	Experience on farming
	1.04
	1.08
	2.09
	0.04 *



	X2 (7)
	19.81 **
	
	
	



	Pseudo-R2 (Cragg–Uhler)
	0.47
	
	
	



	Pseudo-R2 (McFadden)
	0.58
	
	
	



	AIC
	105.86
	
	
	







Note: * represents statistically significant at p ≤ 0.05, ** represents p ≤ 0.01, *** represents p ≤ 0.001.
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