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Abstract
Climate-friendly smart agriculture (CSA) describes a set of interventions aimed at sustainably increas-
ing productivity and reducing greenhouse gas emissions from agriculture. The aim of this study was to 
calculate the climate-friendly innovative technology usage indexes of sheep farms in Konya and to de-
termine the affecting factors. Neyman allocation sampling method was used to determine the 151 sheep 
farms. As a result of the study, it has been determined that 5.96% of the enterprises are low level, 87.42% 
medium level and 6.62% high level climate-friendly innovative technology users. The general average 
of climate-friendly innovative technology usage index (CFITU) of the sheep farms is 52.88% and they 
are medium level climate-friendly innovative technology users. Ordinal logistic regression analysis was 
conducted to determine the factors influencing the level of CFITU in sheep farms. The results showed that 
the dependent variable was explained by 7 independent variables with a percentage of 32.5%. Providing 
education and financial support to farmers in the region regarding climate change perception and tech-
nology usage will enhance the level of CFITU in enterprises.

Keywords: Sheep farming, Climate friendly smart agriculture, Innovative Technology Usage Index, Konya.

1.  Introduction

Regardless of the state of development, the 
agricultural sector is indispensable for countries. 
Although many technological and biological in-
novations have been developed in agriculture, 
agriculture is considered to be one of the most 
sensitive sectors to the negative impact of cli-
mate change. It is clear that climate change has 
a direct impact on agricultural production. Cli-
mate change can significantly reduce agricultur-
al productivity, which can affect rural per capita 

income and poverty levels (Dellal et al., 2011; 
Li et al., 2013; Masud et al., 2017; Uitto et al., 
2017; Azadi et al., 2019; Foguesatto et al., 2019; 
Ramborun et al., 2020).

The impact of climate change on animal pro-
duction varies from year to year and increases 
(Descheemaeker et al., 2018). Changes in death 
rate, feed consumption rate, live weight gain, 
milk production and pregnancy rate are expect-
ed with the deterioration of the balance between 
heat production and use of heat in animals with 
temperature increase (Polat and Dellal, 2016). 
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According to Food and Agriculture Organiza-
tion (FAO, 2015), the global demand for animal 
products is projected to double by 2050 due 
to the rising standard of living and population 
pressure. Because, in parallel with the increase 
in population and income in the world, the de-
mands for animal food are increasing (Speedy, 
2003; Steinfeld, 2003; Godfray and Garnett, 
2014; Khan and Sameen, 2018; Tarawali et al., 
2018; Lemaire et al., 2019). Therefore, climate 
change is emerging as one of the biggest threats 
to the animal food supply (Reilly et al., 1996; 
Nardone et al., 2010; Gauly et al., 2013).

Agriculture is an area of activity that causes cli-
mate change as much as it is affected by climate 
change. Industrial agriculture practiced world-
wide disrupts fundamental ecological processes. 
This, triggers climate change and causs loss of 
biosphere integrity, destructive soil system chang-
es, and pollution of the oceans with phosphorus 
and nitrogen fertilizers (Tilman et al., 2001; West 
et al., 2014; Liebman and Schulte, 2015; Steffen 
et al., 2015; DeLonge et al., 2016).

Livestock contributes to 14.5% of greenhouse 
gas emissions responsible for climate change 
(Barnes and Toma, 2012; Gerber et al., 2013; 
Ardakani et al., 2019). In the production of 
greenhouse gases, sheep and goats have a low 
rate (Görgülü et al., 2009; Rojas-Downing et al., 
2017; Koluman et al., 2017; Koluman and Silan-
ikove, 2018). Ovine breeding has a very impor-
tant place especially in arid or semi-arid regions 
(Sejian et al., 2017). It is stated that the methane 
gas emission in Turkey is approximately 1 mil-
lion tons and 76% of the total emission originates 
from cattle, 20.49% from sheep breeding and 
2.98% from goat breeding (Görgülü et al., 2009).

Reducing the negative effects of climate change 
will only be possible by adapting to these effects. 
The level of knowledge, recognition and percep-
tion of climate change by producers is also impor-
tant in order to know what the effects of climate 
change are and to reduce these effects (Masud et 
al., 2017; Somda et al., 2017; Tripathi and Mishra, 
2017; Chedid et al., 2018; Wetende et al., 2018). 
Because, to the extent that the producer has knowl-
edge about climate change and its effects, it will 
endeavor to reduce the negative effects. It is stated 
that farmers define climate change knowledge in 

terms of how it affects them in the context of histo-
ry, culture and local experiences (Velempini et al., 
2018). They develop place-based coping strategies 
and take part in adaptation studies to alleviate and 
maintain their livelihoods (Ashraf and Routray, 
2013; Roco-Fuentes et al., 2015; Hyland et al., 
2016; Daly-Hassen et al., 2019; Ata et al., 2021).

Climate-friendly smart agriculture (CSA) de-
scribes a set of interventions aimed at increasing 
productivity sustainably while helping farmers 
adapt their agricultural systems to the predicted 
effects of climate change and manage climate 
risk more effectively (Mutenje et al., 2019). 
CSA is a new concept first proposed by the FAO 
at the Hague Conference on Agriculture, Food 
Security and Climate Change in 2010 to address 
the need for a strategy for managing agriculture 
and food systems under climate change (Saj et 
al., 2017). Mutenje et al. (2019) used a mixed 
methodology approach (stochastic dominance) 
combined with cost-benefit analysis to deter-
mine the probability of investment in various 
CSA technology combinations in their study. 
As a result of their study, they found that CSA 
practices are economically viable and should be 
implemented. Azumah et al. (2020) also show 
that the adoption of CSA is profitable because 
the average benefits outweigh the average costs.

In their study, Long et al. (2016) discussed the 
barriers to the adoption and diffusion of CSA in 
Europe. They selected the countries of the Nether-
lands, France, Switzerland, and Italy as their study 
areas. The research concluded that there were 
barriers on both the demand and supply sides. It 
showed that traditional supply-focused innovation 
policies alone are unlikely to lead to a sufficient 
level of technological innovation adoption in CSA 
practices. Khatri-Chhetri et al. (2017b), on the oth-
er hand, evaluated CSA implementation options in 
Nepal in their study. They assessed CSA options 
that could be applied in different parts of the coun-
try and provided recommendations in four areas 
for the widespread adoption of these technologies. 
These headings are as follows: Knowledge-trans-
fer approach, Market-based approach, Public-Pri-
vate Partnership Approach, Community-based 
Climate-Smart Villages (CSVs) approach. In the 
study of Everest (2021), factors affecting the ad-
aptation of CSA technologies among farmers in 
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the northwestern Marmara region of Turkey were 
examined. The study identified factors influencing 
farmer decisions in this regard as education, partic-
ipation in agricultural meetings, land size, and agri-
cultural income. In the study by Biró et al. (2021), 
they worked on solutions offered by CSA tech-
nologies with farmers and farmer organizations in 
Hungary. They identified 27 CSA technologies that 
could be used in Hungary. They recommended in-
tegrating CSA goals into agricultural policies with 
regional characteristics in mind and including CSA 
technologies in the curriculum of digital agricul-
ture academies.

The use of climate-friendly smart innovative 
technology by sheep farms is important for the 
management of agricultural enterprises. Agri-
cultural enterprises have a privileged structure in 
terms of management. Especially in small-scale 
businesses, the business and the life of the business 
manager and his family are spatially integrated. 
In order for the resources to be used effectively in 
agricultural enterprises, the characteristics of the 
resources allocated to production should be known 
and they should be allocated to production in ac-
cordance with their characteristics. In addition, as a 
result of the activities carried out in the enterprise, 
income and expense status and profitability analyz-
es of the enterprise should be made. The impor-
tance of making decisions based on information is 
increasing day by day in order for businesses and 
countries to use their scarce resources effectively 
and consciously and to create a competitive advan-

tage. That is why the utilization of emerging smart 
technologies in agricultural production is impor-
tant (Oğuz and Çelik, 2020).

The aim of the research is to calculate inno-
vative technology usage indexes of sheep farms 
based on climate-friendly smart technologies 
and to determine the affecting factors. Within 
the scope of the study, climate-friendly smart 
technologies are grouped under six headings 
and are given. These factors are water, energy, 
food, carbon, weather, and information-friendly 
smart technologies. Innovative climate-friendly 
smart technology usage indices have been cal-
culated by scoring the technologies under the 
headings. In the research area, farmers who use 
climate-friendly innovative technology at a high 
level are defined as a “climate-friendly smart 
farmers” and are detailed in the research find-
ings and results section below.

2.  Materials and method

2.1.  Material

2.1.1.  Study area
As the research region, Konya has been chosen 

as the study area because it is one of the driest 
provinces in Turkey (Erkan et al., 2009; Cebeci 
et al., 2019; MGM, 2021), as well as having an 
important production potential in terms of both 
plant production and animal production. Konya 
meets 5% of Turkey’s agricultural production 

Figure 1 - Turkey 
sheep population 
density map.
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value and constitutes 6.20% of Turkey in terms 
of the number of sheep (2,770,980). In the study, 
the records of the Konya Province Sheep and 
Goat Breeders’ Association were used to deter-
mine the population. Districts with the highest 
number of sheep in the province are Karapınar, 
Ereğli, Cihanbeyli, Meram, Karatay and Çumra. 
These districts constituted the main frame of the 
research, as they constitute 54.92% of the total 
number of sheep (1,521,822) in Konya. In the 
selection of the districts, the presence of sheep, 
drought and precipitation, the presence of pas-
ture land, and the representation of the current 
production pattern for the ecology of the region 
were taken into account.

2.1.2.  Data collection
The main material of the research is the prima-

ry data collected from the sheep farms of Konya 

through a questionnaire. In addition to these data, 
the publications and websites of the relevant pub-
lic institutions and organizations in the research 
region, as well as previous research findings and 
published statistical data on this subject were also 
used. In this study, $1 = 14.12 Turkish Liras cal-
culated that was the average exchange rate of the 
dates of the field study was done.

2.2.  Method

The methodological framework of the re-
search has been schematized in Figure 2. The 
methods used at each stage of the research are 
comprehensively explained below.

2.2.1.  Sampling methods
Neyman’s “stratified random sampling meth-

od” was used to determine the sample size due to 

Figure 2 - The meth-
odological framework 
of the research.
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the coefficient of variation of the population was 
greater than 75%. 
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In formula; n = sample volume, N = total unit 
number belonging to the sampling frame, D = d 
/ t, d = derivation from the average, t = standard 
normal distribution value (Yamane, 1967).

The size of the enterprise was examined by ar-
ranging various layers, and it was deemed appro-
priate to form 3 layers by taking into account the 
frequency distributions. The boundaries of these 
strata were determined as holdings with 1-100 
head, 101-250 head, 251 head and more sheep. 
In determining the number of samples drawn 
from the main population, 5% error and 95% 
confidence limits were used and determined as 
151. The distribution of sheep farms according 
to layer widths was made with the following for-
mula (Yamane, 1967).
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As a result, the distribution of the farms in the 
research area according to the size of the farms 
(number of animals) and the number of sheep 
farms to be surveyed are given in Table 1.

2.2.2.  Constructing a climate-friendly inno-
vative technology usage index

Since the diffusion and adoption of innovations 
requires a certain process, the stages that manu-
facturers go through during this process are im-
portant. These stages are; acquiring knowledge, 
persuasion, decision making, implementation and 
adoption. In the first stage, the manufacturer learns 
about the innovation and its functions. At the stage 
of persuasion, it evaluates the advantages and dis-

advantages of innovation for itself and shapes its 
attitude towards innovation. At the decision stage, 
it obtains additional information about the inno-
vation and makes a decision to accept or reject 
the innovation. At this stage, the producer is par-
ticularly influenced by his peers around him. The 
fourth stage, implementation, takes place when the 
decision to adapt to innovation is made. In the final 
stage, the manufacturer validates and reinforces 
the compliance decision (Rogers, 1995). The time 
spent in each stage varies according to the inno-
vation, the way it is presented and the characteris-
tics of the person (Özçatalbaş and Gürgen, 1998). 
According to the speed of diffusion of innovations, 
manufacturers are classified as innovators (2.5%), 
early adopters (13.5%), early majority (34%), late 
majority (34%) and the laggards (16%) (Rogers, 
1995). There are many factors that affect people’s 
early or late adoption of innovations. These factors 
are socio-economic, personal and communication 
techniques (Özçatalbaş and Gürgen, 1998).

Khatri-Chhetri et al. (2017a) gathered cli-
mate-friendly smart technologies under six head-
ings in their study titled “Farmers’ prioritization 
of climate-smart agriculture (CSA) technologies”. 
These topics are water, energy, nutrients, carbon, 
weather and information-friendly smart technolo-
gies (Table 2). Farmers were asked to provide one 
of three responses, “I don’t know”, “I know”, or 
“I implement”, regarding the following technolo-
gies and applications in the research field.

Scoring was made according to the farmers’ 
knowledge and application of each of the 25 tech-
nologies and applications in the above list. If he 
knows the technology or application, 2 points are 
given, if he applies it, 3 points, if he does not know 
and does not apply it, 1 point is given. The max-
imum score a farmer can achieve if they know 
and implement all the technologies is a total of 75 
points. After the scoring was completed for each 

Table 1 - Distribution of sheep farm numbers by farm size groups.

Farm Size Groups 
(number of sheep (Head)) Nh Sh Ort CV Nh*Sh Nh*(Sh)2 Sample 

Volume (n)
1. Group (1-100) 1636 22.27 64 33 36,429.03 811,170 22
2. Group (101-250) 2103 62.86 163 31 132,189.64 8,309,130 79
3. Group (251 - +) 816 136.16 384 33 83,191.52 11,327,052 50
Total 4,555 221.28 172.72 86.30 251,810.19 20,447,353 151
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business, the climate-friendly innovative technol-
ogy usage indexes (CFITU) were calculated with 
the score they received. By using the index, all 
businesses are divided into three subgroups as 
“those using high-level climate-friendly innova-
tive technology”, “middle-level climate-friend-
ly innovative technology users” and “low-level 
climate-friendly innovative technology users” 
(Oğuz and Yener, 2017). Climate-friendly inno-
vative technology usage indexes (CFITU) were 
calculated using the formula below.
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: Climate-friendly innovative tech-
nology usage index (CFITU)

Accoding to CFITU, index scores between 
1% and 35% are classified as “low level climate 
friendly innovative technology users”; index 
scores between 36% and 70% are classified as 
“moderate climate friendly innovative technol-
ogy users” and index scores 71% and above are 
classified as “enterprises using high level cli-
mate friendly innovative technology” (Oğuz and 
Yener, 2017; Örs and Oğuz, 2018). Within the 
scope of the study, those higher than 71% were 
called “climate friendly smart farmers”.

2.2.3.  Ordinal logistic regression analysis
In determining the factors affecting the CFI-

TU levels of farmers in the study, ordinal logis-
tic regression analysis was used instead of linear 
regression due to the non-normal distribution of 
variables and the lack of homogeneity (equality) 
in group variance-covariance. Logistic regression 
analysis can be examined in three different groups 
based on the nature of the dependent variable: 
Binary Logistic Regression, Multinomial Logis-
tic Regression, and Ordinal Logistic Regression 
(Akın and Şentürk, 2012). In the study, ordinal 
logistic regression analysis was used due to the 
categorical and ordinal nature of the dependent 
variable, CFITU level.

Ordinal logistic regression is a method used to 
examine the relationship between two or more 
ordered categories in a categorical response 
variable. The general representation of the Ordi-
nal Logistic Regression model is based on the 
odds ratios of the categories and is as follows 
(McCullagh, 1980; Christensen, 2012): 
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Table 2 - Climate-friendly smart agriculture (CSA) technologies.

Water Friendly S.A. Energy Friendly S.A. Nutrient Friendly S.A.
Rainwater Harvesting Zero Tillage/Minimum Tillage Site Specific Integrated Nutrient

Management
Drip Irrigation Solar Energy Solutions  

for Agriculture
Green Manuring

Laser Land Levelling Biofuel Use Leaf Color Chart
Furrow Irrigated Bed Planting Intercropping with Legumes
Drainage Management 
Cover Crops Method    
Carbon Friendly S.A. Weather Friendly S.A. Knowledge Friendly S.A.

Agro Forestry Climate Smart Housing  
for Livestock Contingent Crop Planning

Concentrate Feeding  
for Livestock

Weather Based Crop Agro-
advisory

Improved Crop Varieties

Fodder Management Crop Insurance Seed and Fodder Banks
Integrated Pest Management Farmer to Farmer Learning

  Farmer Organizations for 
Adaptation Technologies

*S.A.: Smart Applications.
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The key features of the Ordinal Logistic Re-
gression model can be listed as follows (Ding et 
al., 2004):

•  The dependent variable is a grouped and or-
dered categorical variable.

•  It uses a cumulative function to describe the 
impact of the independent variables on the 
ordered and categorical dependent variable, 
eliminating the need for normality and con-
stant variance assumptions.

•  The model assumes that the relationship be-
tween the independent variables and the or-
dered dependent variable is independent of 
the specific categories. In the field of sheep 
farms, seven independent variables were 
considered to determine the factors affect-
ing the level of climate-friendly smart in-
novative technology usage. These variables 
include education, perception of climate 
change, farming experience, livestock pres-
ence (in head), total farm land area, access 
to information, and agricultural income.

3.  Results and discussions

3.1.  Climate-friendly innovative technology 
usage index results

3.1.1.  Water-friendly smart innovative tech-
nology application cases

Knowing and applying water-friendly smart 
applications of sheep farms are given in Table 
3. It has been determined that 2.65% of the sur-
veyed enterprises started rainwater harvesting 
practices, 46.36% used drip irrigation systems, 
7.95% made laser land levelling, 1.32% made 
furrow ırrigated bed planting, 7.95% used drain-

age management, 0.67% applied cover crops 
method to protect the soil.

It has been determined that 41.06% of the en-
terprises do not practice rainwater harvesting, 
45.03% drip irrigation, and 40.40% drainage 
management although they know about these 
methods. Some enterprises do not know these 
methods at all. When the unknown rates of the 
methods are examined; rainwater harvesting is 
56.29%, laser land leveling is 64.90%, furrow 
ırrigated bed planting is 90.73%, cover crops 
management for soil protection is 82.78%, and 
drainage management is 51.66%.

3.1.2.  Energy-friendly smart innovative tech-
nology application cases

The state of knowing and applying ener-
gy-friendly smart applications of the sheep farms 
is given in Table 4. It has been determined that 
10.60% of the examined enterprises perform zero 
tillage/minimum tillage practices, and 1.99% use 
solar energy solutions for agriculture. There were 
no enterprises using biofuels. These rates show 
that the use of energy-friendly smart innovative 
technology applications is almost non-existent.

Considering the state of knowing the ener-
gy-friendly smart technologies of the enterprises, 
it is seen that 23.84% of them know zero tillage/
minimum tillage, while 65.56% of them do not. 
These rates are 44.37% to 53.64% for solar ener-
gy solutions and 31.13% to 68.87% for biofuels.

3.1.3.  Nutrient-friendly smart innovative 
technology application cases

The state of knowing and applying nutri-
ent-friendly smart applications of sheep farms 
are given in Table 5. Implementation and aware-

Table 3 - Water-friendly smart innovative technology application cases of sheep farms.

Factors 3* % 2* % 1* % Total %
Rainwater Harvesting 4 2.65 62 41.06 85 56.29 151.00 100.00
Drip Irrigation 70 46.36 68 45.03 13 8.61 151.00 100.00
Laser Land Levelling 12 7.95 41 27.15 98 64.90 151.00 100.00
Furrow Irrigated Bed Planting 2 1.32 12 7.95 137 90.73 151.00 100.00
Drainage Management 12 7.95 61 40.40 78 51.66 151.00 100.00
Cover Crops Method 1 0.66 25 16.56 125 82.78 151.00 100.00

*1=I don’t know, 2=I know, 3=I apply.
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ness rates in this area are very low. The applica-
tion rate of site-specific integrated nutrient man-
agement is 4.64%, green manuring is 5.96%, 
leaf color chart is 5.96%, and intercropping with 
legumes is 5.30%.

When the table is examined, it is seen that 
27.81% of the enterprises have knowledge about 
green manuring and 39.7% of them have knowl-
edge about intercropping with legumes. The rates 
of those who have not heard of these methods are 
66.23% and 55.63%, respectively. The other two 
methods are unknown at a very high rate of 85%.

3.1.4.  Carbon-friendly smart innovative 
technology application cases

The state of knowing and applying car-
bon-friendly smart applications of enterprises 
are given in Table 6. We do not have a enterpris-
es that implements the first factor, agro forestry, 
among the enterprises we surveyed. The rate of 
those who make concentrated feeding is 57.2% 
and those who apply fodder management is 
62.25%. Only 10.60% of enterprises implement 
integrated pest management.

While the number of enterprises that know the 
agro forestry method, which includes sustaina-
ble land use management and encourages carbon 
sequestration, is 31.13%, while the number of 
those who do not is as high as 68.87%. Concen-
trate feding and roughage management is wide-
ly known and practiced by enterprises. While 

23.18% know but do not implement integrated 
pest management, 66.23% of the enterprises do 
not know at all.

3.1.5.  Weather-friendly smart innovative 
technology application cases

The state of knowing and applying the weath-
er-friendly smart applications of the sheep farms 
are given in Table 7. It has been determined that 
climate smart housing and weather-based crop 
agro-advisory are implemented at a very low 
rate of 5.30%. The rate of those who have prod-
uct insurance is 30.46%.

The number of those who know climate smart 
housing and weather-based crop agro-advisory 
is very low, with ratios 30.46% and 23.18%. 
However, the rate of those who know crop insur-
ance but do not apply, is very high with 47.02%.

3.1.6.  Knowledge-friendly smart innovative 
technology application cases

Knowledge-friendly smart innovative tech-
nology application situations of sheep farms are 
given in Table 8. When the table is examined, it 
is seen that contingent product planning is used 
at very low rates such as 7.28%, improved prod-
uct varieties 6.62%, and seed and fodder banks 
6.62%. While the farmer-to-farmer learning ap-
plication is applied at a high rate of 59.60%, the 
application of farmer organizations for adapta-
tion technologies is 21.85%.

Table 4 - Energy-friendly smart innovative technology application situations of sheep farms.

Factors 3* % 2* % 1* % Total %
Zero Tillage/Minimum Tillage 16 10.60 36 23.84 99 65.56 151.00 100.00
Solar Energy Solutions for Agriculture 3 1.99 67 44.37 81 53.64 151.00 100.00
Biofuel Use 0 0.00 47 31.13 104 68.87 151.00 100.00

*1=I don’t know, 2=I know, 3=I apply.

Table 5 - Food-friendly smart innovative technology application cases of sheep farms.

Factors 3* % 2* % 1* % Total %
Site Specific Integrated Nutrient
Management 7 4.64 13 8.61 131 86.75 151.00 100.00

Green Manuring 9 5.96 42 27.81 100 66.23 151.00 100.00
Leaf Color Chart 9 5.96 8 5.30 134 88.74 151.00 100.00
Intercropping with Legumes 8 5.30 59 39.07 84 55.63 151.00 100.00

*1=I don’t know, 2=I know, 3=I apply.
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The rate of those who do not know the first 
three factors is 72.85%, 61.59% and 53.64%, 
respectively. The rate of those who do not 
know the application of farmer organization 
for adaptation technologies is relatively lower 
than the first three factors and is 45.03%. It is 
seen that the practice of learning from farmer 
to farmer is common among enterprises, and 
the rate of those who do not know this practice 
is only 19.87%.

3.1.7.  Climate-friendly innovative technolo-
gy usage index (CFITU)

Climate-friendly innovative technology usage 
indexes (CFITU) of sheep breeding enterprises 
are calculated and presented in Table 9.

When the table is examined, it is seen that 9 
of the enterprises surveyed in the field are low 
level, 132 of them are medium level and 10 of 
them are high level innovative technology farm-
ers. In terms of percentages, the rates are 5.96%, 

Table 6 - Carbon-friendly smart innovative technology application cases of sheep farms.

Factors 3* % 2* % 1* % Total %
Agro Forestry 0 0.00 47 31.13 104 68.87 151.00 100.00
Concentrate Feeding for Livestock 87 57.62 46 30.46 18 11.92 151.00 100.00
Fodder Management 94 62.25 43 28.48 14 9.27 151.00 100.00
Integrated Pest Management 16 10.60 35 23.18 100 66.23 151.00 100.00

*1=I don’t know, 2=I know, 3=I apply.

Table 7 - Weather-friendly smart innovative technology application cases of sheep farms.

Factors 3* % 2* % 1* % Total %
Climate Smart Housing for Livestock 8 5.30 46 30.46 97 64.24 151.00 100.00
Weather Based Crop Agro-advisory 8 5.30 35 23.18 108 71.52 151.00 100.00
Crop Insurance 46 30.46 71 47.02 34 22.52 151.00 100.00

*1=I don’t know, 2=I know, 3=I apply.

Table 8 - Knowledge-friendly smart innovative technology application cases of sheep farms.

Factors 3* % 2* % 1* % Total %
Contingent Crop Planning 11 7.28 30 19.87 110 72.85 151.00 100.00
Improved Crop Varieties 10 6.62 48 31.79 93 61.59 151.00 100.00
Seed and Fodder Banks 10 6.62 60 39.74 81 53.64 151.00 100.00
Farmer to Farmer Learning 90 59.60 31 20.53 30 19.87 151.00 100.00
Farmer Organizations for Adaptation 
Technologies 33 21.85 50 33.11 68 45.03 151.00 100.00

*1=I don’t know, 2=I know, 3=I apply.

Table 9 - Climate-friendly innovative technology usage indexes (CFITU).

Description of farmers applying climate-friendly innovative technology 1-100 101-250 251-+ Total
Low-level climate-friendly innovative technology users (1-35%) 2 5 2 9
Middle-level climate-friendly innovative technology users (36-70%) 19 70 43 132
High-level climate-friendly innovative technology users (71-100%) 1 4 5 10
Total 22 79 50 151
Average CFITU (%) 51.27 51.68 55.49 52.88
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87.42% and 6.62%, respectively. When the av-
erages of the CFITU (%) of the groups are ex-
amined, it is 51.27% for the 1-100 head group; 
51.68% for the 101-250 head group and 55.49% 
for the 251+ head group. Sheep farms use mod-
erately climate-friendly innovative technology 
with a general average of 52.88%.

According to the CFITU score groups, the 
average scores obtained by the enterprises from 
each smart application are given in Table 10 and 
presented graphically in Figure 3.

When the table is examined, it is seen that 

sheep farms have the highest average score in 
water, carbon and knowledge friendly smart 
technology applications. Awareness and appli-
cation rate are higher in these three areas. The 
average scores of energy, food and weather 
friendly smart technology applications of sheep 
farms are low. The rate of not having knowledge 
in this field or having knowledge but not apply-
ing it is higher.

Before the widespread availability of the 
internet, smartphones, and similar devices in 
rural areas, staying informed about innovative 

Table 10 - Distribution of climate-friendly innovative technologies by CFITU groups.

 
Average Score of Enterprises

Low-level
CFITU

Middle-level 
CFITU 

High-level 
CFITU 

Overall 
average

Water Friendly S.A. 6.00 9.09 12.30  9.13 

Energy Friendly S.A. 3.00 4.17 6.40  4.52 

Nutrient Friendly S.A. 4.00 5.12 8.00  5.71 

Carbon Friendly S.A. 4.00 7.88 9.30  7.06 

Weather Friendly S.A. 3.00 4.76 7.40  5.05 

Knowledge Friendly S.A. 5.00 8.39 13.00  8.80 

*S.A.: Smart Applications.

Figure 3 - Distribution chart of climate-friendly innovative technologies by CFITU groups.
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technologies often required economically de-
manding activities such as attending trade fairs 
or technical trips. However, in the current sit-
uation, internet and smartphone usage is high 
across all socio-economic groups. Therefore, 
thanks to the internet and social media, the 
awareness of innovative technologies among 
all farmers, regardless of their socio-economic 
background, is at a high level. However, as will 
be seen in the section on factors affecting the 
CFITU index, certain factors such as having a 
specific level of education, recognizing and un-
derstanding climate change, having experience, 
and having the agricultural income to purchase 
technology are necessary for these technolo-
gies to be applied in the field. Consequently, the 
levels of implementation remain significantly 
below the level of awareness.

The data in Table 10 are transferred to the 
radar chart in Figure 3. In the graph, it can be 
seen visually that all three groups have a high-
er tendency towards water, carbon and knowl-
edge-friendly smart technology applications.

3.2.  Factors influencing the CFITU in sheep 
farming

Ordinal logistic regression analysis was con-
ducted to determine the factors influencing the 
level of climate-friendly smart innovative tech-
nology usage (CFITU). In the model, the de-
pendent variable, CFITU levels, was examined 
together with the independent variables, and their 
relationships were explored and established. The 
relationships between the independent variables 
and CFITU levels were examined individually. 
The CFITU levels according to the independent 
variables are presented in Table 11.

Upon examining Table 11, it can be observed 
that there is a clustering of medium CFITU level 
for all independent variables. According to the 
education levels, it can be observed that farm-
ers with a low CFITU level predominantly fall 
into the categories of primary-middle school and 
high school education. Farmers with a medium 
CFITU level are more prevalent, and as the ed-
ucation level increases, their CFITU levels tend 
to shift from medium to high. The percentages 
of farmers with a high CFITU level based on 

education categories are as follows: 3.45% for 
primary-middle school, 10.53% for high school, 
12.50% for vocational school, 33.33% for bach-
elor’s degree, and 100% for master’s and above.

According to the perception levels of climate 
change, the percentages of farmers with a me-
dium CFITU level are as follows: 91.30% for 
those with low perception, 86.67% for those 
with medium perception, and 87.50% for those 
with high perception. On the other hand, the per-
centages of farmers with a high CFITU level are: 
8.70% for those with low perception, 5.83% for 
those with medium perception, and 12.50% for 
those with high perception.

According to the experience level, it can be 
observed that CFITU levels vary. However, there 
is no clear trend of CFITU levels increasing or 
decreasing proportionally with the increase in 
experience.

According to the livestock presence (head), 
there is an increase in CFITU level as the num-
ber of livestock increases. The percentages of 
farmers with a low CFITU level are 9.09% for 
the 1st group, 6.33% for the 2nd group, and 4% 
for the 3rd group. Correspondingly, as the num-
ber of livestock increases, the percentages of 
farmers with a high CFITU level also increase. 
The percentages of farmers with a high CFITU 
level are 4.55% for the 1st group, 5.06% for the 
2nd group, and 10% for the 3rd group.

According to the total land area (decares), 
CFITU levels differ, but it can be said that CFI-
TU level increases as the land size increases. The 
percentages of farmers with a high CFITU level 
are 5.32% for 0-250 decares, 4% for 251-500 de-
cares, 10% for 501-750 decares, and 13.64% for 
751 and above decares.

According to the agricultural income, there 
are farmers in all three CFITU levels at each in-
come level. While there is no significant change 
in CFITU level in relation to low agricultural in-
come, an increase in income is associated with 
an increase in CFITU level. As income increas-
es, the CFITU level also increases. The percent-
ages of farmers with a medium CFITU level 
based on income are 89.47%, 85.71%, and 75% 
respectively, while the percentages of farmers 
with a high CFITU level are 4.39%, 9.52%, and 
18.75% respectively.
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According to the access to information score, 
CFITU levels differ, but it can be said that CFI-
TU level increases as the access to information 
score increases. The percentages of farmers with 
a high CFITU level are 4.35% for 0-2.50 points, 
7.14% for 2.51-4.00 points, and 14.29% for 4.01 
and above points.

The next stage after explaining the CFITU 
levels in terms of independent variables is mode-

ling. Modeling was performed using the logistic 
link function. When examining the model fit, the 
model shows a good fit at a significance level of 
p<0.05 (X2=33.096, p=0.045). The parallelism 
assumption was tested using the chi-square test 
(X2=31.943, p=0.059), and since p>0.05, the par-
allelism assumption is satisfied. This means that 
the CFITU categories, which are the dependent 
variable, are parallel to each other, and the pa-

Table 11 - CFITU levels by independent variables.

Variables Categories
Climate-friendly smart innovative technology  

usage levels
Low Medium High

Education

Can read and write (2) 0.00 100.00 0.00
Primary-Middle School (3) 6.03 90.52 3.45
High School (4) 10.53 78.95 10.53
Vocational School (5) 0.00 87.50 12.50
Bachelor’s Degree (6) 0.00 66.67 33.33
Master’s and above (7) 0.00 0.00 100.00

Perception Level
Low 0.00 91.30 8.70
Medium 7.50 86.67 5.83
High 0.00 87.50 12.50

Experience

1-5 years (1) 0.00 87.50 12.50
6-10 years (2) 11.11 88.89 0.00
11-15 years (3) 4.35 82.61 13.04
16-20 years (4) 0.00 100.00 0.00
21-25 years (5) 7.69 80.77 11.54
26-30 years (6) 6.90 82.76 10.34
30 years (7) 7.69 92.31 0.00

Livestock Presence 
(head)

0-100 9.09 86.36 4.55
101-250 6.33 88.61 5.06
251+ 4.00 86.00 10.00

Total Land Area 
(da)

0-250 7.45 87.23 5.32
251-500 0.00 96.00 4.00
501-750 0.00 90.00 10.00
751+ 9.09 77.27 13.64

Agricultural Income ($)
20,000 and below 6.14 89.47 4.39
20,001-100,000 4.76 85.71 9.52
100,000 and above 6.25 75.00 18.75

Access to Information 
Level

0-2.50 0.00 95.65 4.35
2.51-4.00 9.18 83.67 7.14
4.01 + 0.00 85.71 14.29
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rameters are equal in each category. With this 
assumption satisfied, the next step is to examine 
the goodness-of-fit measures of the model. The 
probabilities associated with the test statistics 
(Pearson p=0.483; Deviance p=1.000) are great-
er than 0.05, indicating that the model fits well 
with the data. The goodness-of-fit of the mod-
el is also examined through R2. R2 indicates the 
percentage of the dependent variable explained 

by the independent variables. In the analysis, 
the Cox and Snell R2 value is 0.197, while the 
Nagelkerke R2 value, which overcomes the lim-
itations of the former, is relatively high at 0.325. 
Additionally, the McFadden R2 value is 0.235.

The significance of the model’s parameters 
was evaluated based on the probability values. 
In this model, there are a total of 7 independent 
variables. To interpret these variables, the proba-

Table 12 - Expressing the significance of model parameters.

Estimate (β) Std. Error Wald sd Sig. eβ

Th
e 

de
pe

nd
en

t 
va

ri
ab

le [The_technology_level 
= 1.00] -26.938 2.223 146.830 1 0.000

[The_technology_level 
= 2.00] -19.542 2.071 88.997 1 0.000

Th
e 

in
de

pe
nd

en
t v

ar
ia

bl
es

Livestock_presence 0.002 0.001 3.731 1 0.053
[Education=2.00] -25.046 4.937 25.736 1  0.133x10-10 0.000
[Education=3.00] -23.837 1.341 316.180 1  0.445 x10-10 0.000
[Education=4.00] -23.277 1.398 277.099 1  0.778 x10-10 0.000
[Education=5.00] -21.934 1.545 201.682 1  2.978 x10-10 0.000
[Education=6.00] -20.604 0.000 1
[Education=7.00] 0a 0
[Experience=1.00] 1.994 1.378 2.094 1 0.148
[Experience=2.00] -0.367 1.211 0.092 1 0.761
[Experience=3.00] 2.271 1.035 4.816 1 0.028 9.685
[Experience=4.00] 0.766 1.028 0.555 1 0.456
[Experience=5.00] 1.227 0.908 1.827 1 0.177
[Experience=6.00] 1.209 0.898 1.812 1 0.178
[Experience=7.00] 0a 0
[Perception_level=1.00] 0.505 1.303 0.150 1 0.699
[Perception_level=2.00] -0.091 1.158 0.006 1 0.938
[Perception_level=3.00] 0a 0
[total_land_code=1.00] 0.800 1.032 0.600 1 0.439
[total_land_code=2.00] 0.645 1.099 0.345 1 0.557
[total_land_code=3.00] 1.185 1.335 0.788 1 0.375
[total_land_code=4.00] 0a 0
[income_code =1.00] -1.776 0.794 5.005 1 0.025 0.169
[income_code =2.00] -2.259 1.176 3.687 1 0.055
[income_code =3.00] 0a 0
[info_acces_code =1.00] -0.506 1.343 0.142 1 0.706
[info_acces_code =2.00] -1.372 1.296 1.122 1 0.290
[info_acces_code =3.00] 0a 0
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bility values, which are associated with the Wald 
Test for testing the significance of parameters, 
were examined. Only the variables with proba-
bility values less than 0.05 (statistically signif-
icant variables) were interpreted. However, be-
fore interpreting the estimated parameter values, 
these values were transformed by taking the ex-
ponent of “e” to facilitate interpretation (Kokthi 
et al., 2015).

The ordinal logistic regression test is based on the 
principle of selecting a reference category and in-
terpreting other categories relative to this reference 
category. In this study, the highest level of CFITU 
was chosen as the reference category. Similarly, for 
the independent variables, the last categories were 
selected as the reference categories. Therefore, the 
interpretations were made based on these reference 
categories using odds ratios. The odds ratios were 
calculated, and the model prediction results are 
presented in Table 12.

According to the data in the Table 12, out of 
the 7 independent variables, 3 of them (educa-
tion, experience, agricultural income) are statis-
tically significant at the p<0.05 level. Therefore, 
these 3 variables have been interpreted with 
their significant categories.

Education Level: This variable represents the 
education levels, and the reference category for 
this variable is the 7th and last category, “mas-
ter’s and above”, where farmers have higher 
levels of CFITU. Looking at the estimate val-
ues of the education categories in Table 12, it 
can be observed that as the education level of 
farmers in sheep farming enterprises increases, 
the rates of using climate-friendly innovative 
technologies also increase. This result can be 
interpreted as higher education levels being as-
sociated with increased awareness of climate 
change and a higher inclination to adopt cli-
mate-friendly innovative technologies to adapt 
to the changes.

Experience: When looking at Table 12, it can 
be said that farmers with 11-15 years of expe-
rience have approximately 9.685 times higher 
CFITU levels compared to farmers with 30 years 
and more experience. Based on these results, it 
can be observed that young sheep farmers with 
more than 10 years of experience tend to have 
higher tendencies in using climate-friendly tech-

nologies compared to relatively older sheep 
farmers, generally aged 55 and above, with 30 
years and more experience.

Agricultural Income: The reference category 
for this variable is farmers with agricultural in-
come “above $100,000”. Significant differences 
can be observed in the income group with agri-
cultural income “below $20,000”, where sheep 
farming enterprises with lower agricultural in-
come have much lower CFITU levels compared 
to the reference category of those with agricul-
tural income above $100,000. The main reason 
for this difference is the potential additional cost 
associated with the establishment and imple-
mentation of climate-friendly innovative tech-
nologies in sheep farms.

4.  Conclusıons

As a result of the study, 10 of the sheep 
farms that made the survey fall into the enter-
prise class that uses high-level climate-friend-
ly innovative technology. Within the scope of 
the study, these farmers were named as “cli-
mate-friendly smart farmers”. The rate of cli-
mate-friendly smart farmers remained at a very 
low level at 6.62%. Similarly, the rate of the 
number of enterprises at low level is as low as 
5.96%. The rate of those who use moderately 
climate-friendly innovative technology is as 
high as 87.42%, which is promising for the 
future. Medium-level enterprises can be trans-
formed into climate-friendly smart farmers 
with necessary extension studies and support.

During the application of the Ordinal Logis-
tic Regression Analysis, the dependent variable 
was the level of using climate-friendly innova-
tive technologies (CFITU), and the independent 
variables education, perception level, experi-
ence, livestock presence (head), total land area 
(da), agricultural income ($) and access to infor-
mation level. The analysis results indicate that 
these 7 independent variables account for 32.5% 
(Nagelkarte R2) of the variance in the depend-
ent variable. When examining the categories, 
it can be observed that education, experience, 
and agricultural income have a significant im-
pact on the CFITU level. The test results indi-
cate a significant increase in the level of using 
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climate-friendly innovative technologies as the 
education level of sheep farms increases. Sheep 
farms with low agricultural income have signif-
icantly lower investment and utilization rates in 
climate-friendly innovative technologies com-
pared to those with high agricultural income. 
The test results also show that sheep farms with 
more than 10 years of experience have signif-
icantly higher levels of using climate-friendly 
innovative technologies compared to those with 
over 30 years of experience.

In order to minimize the negative effects of 
climate change on the agricultural sector, to take 
precautionary measures and to raise awareness 
of the agricultural sector on climate change ad-
aptation and mitigation; universities, Ministry 
of Agriculture and Forestry, relevant institutions 
and organizations, farmers, farmer representa-
tives, NGOs should develop strategies to enable 
farmers to use smart practices for adaptation by 
addressing the issue of climate change together. 
While there is a need to conduct a comprehen-
sive extension study for each smart application 
method evaluated under six headings, priority 
should be given to studies on energy, nutrient 
and weather friendly smart technology applica-
tions where average scores are low.

Climate change, environment, biodiversity 
and sustainable agriculture are the priority top-
ics within the scope of harmonization with the 
European Green Deal. These issues are also 
included as a separate heading in the Eleventh 
Development Plan of the Republic of Turkey. 
The Eleventh Plan emphasizes the creation of 
an efficient, environmentally sustainable agri-
cultural sector based on advanced technology. 
In this context, it will be possible to include 
climate-friendly smart application technologies 
as a separate title among the many support tools 
currently implemented in the field of agriculture 
and to accelerate their spread with the financial 
support to be provided.

When we look at CSA technologies, it is clear 
that these technologies are readily accessible 
both globally and in our country. Here, the issue 
is not so much the accessibility of technologies 
but rather the awareness of the problem (farm-
ers’ awareness of climate change and their abil-
ity to adapt, which requires education), as well 

as financial factors. The primary responsibility 
here lies with national leaders and policymakers. 
Within the framework of the European Union’s 
green economic development strategy and our 
country’s sustainable agriculture policy, policies 
that promote digitalization in agriculture and the 
use of CSA technologies should be developed 
and urgently implemented.
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