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Sheep Farmers’ Types and Efficiency -

Cennet Oguz'”, Aysun Yener Ogur', Aykut Ors?, and Yusuf Celik!
ABSTRACT

This study aims to identify farm typologies and evaluate resource use efficiency based on sheep

farmers' perceptions of and adaptations to climate change _ -

- Principal
component analysis (PCA) and cluster analysis - applied to classify farmer typologies,

which were categorized as climate-friendly smart innovators, disengaged, concerned, and

unconcerned. The farms’ resource use efficiency, economic efficiency, and pure technical

significantly across farm typologies. Specifically, allocative efficiency—closely linked to the

identified farmer types—was found to be only 16.20%, indicating widespread inefficiencies in
resource allocation and poor farm management. The findings also reveal that the majority of

farmers demonstrated limited awareness and adaptation capacity concerning climate change.

Keywords: Climate change, sheep farming, farmer typology, resource use efficiency, Data
Envelopment Analysis (DEAY. Koy, Turkey.

INTRODUCTION

Agriculture is both affected by and contributes to climate change. Industrial farming disrupts
ecological processes, causing climate change, loss of biodiversity, land degradation, and
marine pollution from fertilizers (Liebman and Schulte, 2015; Steffen et al., 2015; Tilman et
al., 2001; West et al., 2014; De Longe et al., 2016). Climate change impacts crop and livestock
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production, with animal production suffering more severely over time (Descheemaeker et al.,
2018). Livestock, particularly small ruminants, are critical for nutrition and have socio-
economic importance, producing 1.5 million tons of meat and 25.6 million tons of milk
annually (FAO, 2019). They also contribute to biodiversity and ecosystem protection (Marino
et al., 2016; Patra, 2014; FAO, 2019). Small ruminant farming is especially important in arid
and semi-arid regions (Sejian et al., 2017). Understanding farmers' awareness and perceptions
of climate change is essential for mitigation (Masud et al., 2017; Somda et al., 2017; Tripathi
and Mishra, 2017; Chedid et al., 2018; Wetende et al., 2018). Farmers with sufficient
knowledge of climate change are more likely to act to reduce its impact (Velempini et al.,
2018). In Turkey, where the Konya region is semi-arid, the Eleventh Development Plan
emphasizes the need for climate-resilient species and advanced technologies in agriculture.

Small ruminant farming could play a key role in climate change adaptation and mitigation.[[d

MATERIALS AND METHODS
This research is based on data from face-to-face surveys with sheep farms in Konya, Turkey,
reflecting the 2021 production year. Secondary sources, including reports, academic studies,

and online databases, were also used. The exchange rate applied was $1 = 14.12 Turkish Lira,
the average rate during the fieldwork period (FCMB, 2022).

Sample Size and Survey Instrument
To define the study population, records from the Konya Province Sheep and Goat Breeders

Association were utilized. According to these records, there are a total of 9,228 sheep rising

farms in the province.
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i d

sheeps (head) 4.308

The selection of districts was based on several factors, including the number of sheep, drought
and rainfall conditions, availability of pastureland, and prevailing production patterns that
represent the region’s ecological characteristics. The methodological framework of the study

is illustrated in Figure 2, and the methods employed at each stage are comprehensively detailed

below.

3.106.786

Data collection

Since the coefficient of variation of the population exceeded 75%, Neyman’s stratified random

sampling method was employed to calculate the sample size. With a 5% margin of error and a
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Figure 2. The methodological framework of the research.

95% confidence level, the sample size was determined to be 151.

[X(NSh)]?

~ N2D2+Y[Np(Sp)?]

In the formula:

Where,

D?>=d/z
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n: sample size,
N: total number of farms in the population,
Nhn: number of farms in the 4-th stratum (frequency),
Sh: the standard deviation within the A-th stratum,
d: allowable error margin from the population mean,
z: z-value corresponding to the confidence level from the standard normal distribution
(Yamane, 1967).
Farms were stratified according to their size, resulting in three strata based on frequency
distributions. The strata boundaries were defined as farms with 1-100 heads, 101-250 heads,
and 251 or more heads of sheep. The sample allocation to each stratum was performed using
the formula (Yamane, 1967):
n; = (NpSpn

2 Ny

Accordingly, the distribution of sample farms across size groups (based on flock size) in the
study area is presented in Table 1.

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

Enterprise Groups Sample Size
(number of sheep) Nh Sh Ort ()% Nh*Sh Nh*(Sh)? (n)

1-100 1636 22,27 64 33 36.429,03 811.170 22

101-250 2103 62,86 163 31 132.189,64  8.309.130 79

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

The demographic characteristics of the farms were examined based on the age, gender, and
education levels of the farmers. To assess sheep farmers’ attitudes and behaviors regarding
climate change, multiple statements covering topics such as the environment, economics, and
plant and animal production were presented. Farmers’ agreement with these statements was
measured using a five-point Likert scale. The Likert scale is a widely accepted method for
quantifying and analyzing attitudes and behaviors. The response option with the highest mean
score indicates the most preferred or agreed-upon attitude.The average rating was calculated
as described by Oguz and Karakayaci (2017). Farmers rated each statement on a five-point
Likert scale with the following options: Strongly Disagree (1), Disagree (2), Moderately Agree
(3), Agree (4), and Strongly Agree (5). Thus, the maximum score a farmer could assign to each
statement was five. The validity and reliability of the nominal scale were assessed based on

these average scores.
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Determination of farm typologies and resource use efficiency
PCA was used to identify farm typologies based on sheep farmers’ perceptions and adaptation

to climate change (Abid et al., 2015; Hyland et al., 2016). It extracted factors related to climate
change perceptions, adaptation, and technology use. Components with eigenvalues >1 were
retained, and dataset suitability was confirmed with the KMO test (Kaiser and Rice, 1974;
Tathdil, 1996; Hair, 1998; Kalayci, 2006; Barnes and Toma, 2012; Nainggolan et al., 2012).
KMO values exceeding 0.50 or 0.60 are considered indicative of an adequate dataset for PCA
(Kaiser and Rice, 1974; Sharma, 1996; Pallant and Manual, 2010; Kalayci, 2006).

_ Yixj LT

iz X2 + Xixj X a?ij

KMO

Cluster Analysis

Farms, categorized based on climate change perceptions from PCA, were grouped into four
clusters using cluster analysis: K1 (Awareness), K2 (Innovators using climate technologies and
promoting environmental responsibility), K3 (Low-risk perception), and K4 (Livestock-related
awareness). This method, used in similar studies (Bidogeza et al., 2009; Voss et al., 2009;
Barnes and Toma, 2012; Morgan-Davies et al., 2012; Nainggolan et al., 2013), applied PCA-
derived factor scores for hierarchical and non-hierarchical K-means clustering (Hall and
Minns, 1999). The goal of K-means is to partition data by minimizing the sum of squared

distances to the nearest cluster centroid, using Euclidean distance (Rao and Srivinas, 2006).

Determining resource use efficiency based on farmer typologies in sheep farms

To calculate resource use efficiency in sheep rising farming, relevant literature was reviewed
(Theodoridis et al., 2014; Conradie and Piesse, 2015; Dalgig et al., 2018). Inputs and outputs
used are shown in Figure 3. Economic analysis was based on survey data, with input costs and

gross production value calculated for each enterprise.

Sheep farming

= Sheep number (head)

= Concentrated feed (kg/year)

= Roughage (kg/year) |:>

= Water (m¥year) Inputs
= Electricity (kWh/year)

—> |- orvauyen

Outputs

*GPV: Gross Production Value(TL/year)

Figure 3. Input-output scheme for sheep farming.
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Data envelopment analysis (DEA)

The efficiency of resource utilization in sheep farms—grouped according to their perceptions
and adaptations to climate change through cluster analysis—was assessed using Data
Envelopment Analysis (DEA) via the DEAP software. DEA is a non-parametric approach
grounded in linear programming that evaluates the performance of decision-making units
(DMUs) by optimally assigning weights to multiple inputs and outputs. The primary efficiency
indicator in DEA is the ratio between the weighted sum of outputs and the weighted sum of

inputs (Cooper, 2004; Coelli et al., 2002).

n
E +Ur Yy
Ui Yj1+U Yyt +Un Yy _ rorj

TE (ﬂ) — J J ] r—1

m
V1Xj1jl +V2X2j e, +Vanj Z +V5X5j
s—

In the analysis, efficiency measurements aimed at inputs were used, as agricultural farms
generally tend to control inputs (Farrell, 1957). The CCR and BCC models were used to
determine resource use efficiency in sheep rising farm created according to climate change
perception. The CCR model assumes of constant returns to scale. The CCR model boundary is
given below. In the DEA model, 0 represents the efficiency score (Coelli et al., 2005).

m S
po=ing o Y 57 - st
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Subject to:
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n
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The BCC model, introduced by Banker, Charnes, and Cooper, extends the CCR model by
incorporating variable returns to scale instead of assuming constant returns. Consequently, the
BCC efficiency frontier is positioned at or beneath the CCR frontier. This model also allows
for determining the type of returns to scale for each decision-making unit (DMU), revealing
whether a farm operates under increasing, decreasing, or constant returns to scale. The

formulation of the BCC model is provided below (Cooper et al., 2000).

s
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The input-oriented CCR model, developed by Charnes, Cooper, and Rhodes (1978), which
assumes constant returns to scale, was applied to estimate the technical efficiency of sheep
farms. This model is widely employed in agricultural efficiency studies (Coelli et al., 2005;
Farrell, 1957). It assesses the capacity of each decision-making unit (DMU) to minimize input
use while maintaining at least the current level of output. The following linear programming
model was used:

minimize 0

Subject to:

>Ai*xij)<0*xp foralli=1,2,..,m

> (A * i) = yro forallr=1,2,..,s

Ai>0 forallj=1,2,..,n

Where:
0 is the technical efficiency score of the decision-making unit (DMU) under evaluation.

xij and yij represent the i-th input and r-th output of the j-th DMU, respectively.

xijo and yo refer to the inputs and outputs for the target DMU (DMU).

A; are the intensity variables (weights) assigned to peer DMUs.

An efficiency score (0) of 1 indicates that the DMU is technically efficient under constant
returns to scale, while a score less than 1 reflects technical inefficiency. This model was
originally proposed by Charnes et al. (1978) and was later extended by _) to
account for variable returns to scale in the BCC model.

Economic Efficiency (EE) = Pure Technical Efficiency (TE) *Allocative Efficiency (AE)

In the efficiency analysis, the Gross Production Value (GPV) obtained from sheep farming
activities was used as the output. The input variables included: number of sheep (heads),
concentrated feed (kg/year), roughage (kg/year), water (m?/year), and electricity (kWh/year).
For determining allocative efficiency, input prices were considered, including expenditures on
veterinary services ($/year), concentrated feed ($/year), roughage ($/year), water ($/year), and
electricity ($/year). All input and output prices were based on farmers’ self-reported data. Since

farms often use multiple types of concentrated and roughage feed, the total annual cost incurred
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for all types of concentrated feed was aggregated and used as a single input cost. The same

approach was applied for roughage costs.

RESEARCH FINDINGS AND DISCUSSION

The socio-economic characteristics of the farmers

The socio-economic characteristics of the farmers were analyzed. In the study area, 52.91% of
the farmers fall within the 1549 age group, representing the economically active agricultural
population. Approximately 68.47% of the farmers are primary school graduates, and 80.10%
own agricultural land. The average Gross Production Value (GPV) per farm was calculated as
$86,871.39 (Table 2).

Table 2. Socio-economic characteristics of farmers (n=151).

Age Distribution of Population

Number Percentage (%)
0-6 0.25 5.61
7--14 0.60 13.45
15-49 2.36 5291
50-+ 1.25 28.03
Total 4.46 100
Education Level
No formal education 0.39 8.78
Primary-secondary school 3.04 68.47
High school 0.68 15.32
University 0.33 7.43
Total 4.44 100
Land Ownership (decare)
Owned land 251.06 80.1
Rented 59.67 19
Shared cropping 2.71 0.9
Total land (decare) 313.44 100
Enterprise Income (GPV) ($/per farms)
Value of Crop Production 55,613.03 64.02
Value of Animal Production 31,258.36 35.98
Total GPV ($/per farms) 86,871.39 100

Determining farmer typologies based on climate change perception and adaptation levels
of sheep farming

Regional climate affects agricultural productivity, making farmers’ adaptation vital for
sustainability. Adaptation is classified as planned, transformative, or autonomous (Stokes and
Howden, 2010). This study used factor analysis to identify farmer adaptation typologies
(Barnes and Toma, 2012; Nainggolan et al., 2013). PCA revealed key perceptions of climate
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221  change, and reliable classification groups were formed, supported by Cronbach’s alpha. From

222 66 variables, four with high communalities were selected for further analysis (Table 3).

223 Table 3. Factor analysis.
Variance Alpha (o)
Factors Scale Items Mean Ratio Coefficient
There have been 45 variable factors associated with
. . . 3.38 93.56 .996
K1 Awareness farmers' perceptions of climate change awareness.
K2 Climate
Friendly
Innovative
Technologies There have been 6 variables 2.85 99.87 .556
and
Environmental
Responsibility
LS LOYV — There were 5 variables factors 2.52 99.96 762
Perception
K4 Awareness
in Terms of There were 2 variables factors 2.18 99.98 783
Livestock
The total variance 81.79
The Kaiser-Meyer-Olkin Sample Adequacy Measure Statistic 950
Bartlett's Test of Sphericity Chi-Square Value 19492.389
df 2145
Sig. 0.000

224  Resource: Oguz et al. 2024
225
226 The four factors extracted explained 81.79% of the variance, with a KMO value of 0.950,

227  indicating high suitability for factor analysis. Varimax rotation was applied for clearer
228 interpretation, and components with factor loadings >0.30 were retained. The factors were
229  named: K1: Awareness (AW), K2: Innovative Technologies and Environmental Responsibility
230 (ER), K3: Low Risk Perception (LRP), K4: Animal Husbandry Awareness (AAH). The Likert
231  scale mean scores for farmers’ perceptions, adaptations, and attitudes toward climate change in
232  the study area were above 3, indicating a moderate level. This suggests that while farmers
233  demonstrate some awareness and readiness, the adoption and implementation of effective
234  climate change strategies may require additional time and support.

235
236  Identification of Farmer Types Based on Cluster Analysis

237  Farmer typologies were identified using non-hierarchical cluster analysis through the K-means
238  clustering method, based on the factor scores derived from the PCA. The clusters were defined
239 according to statistically significant differences in climate change perception scores at each
240  cluster center (Table 4). The primary objective of the clustering process was to maximize intra-
241 cluster homogeneity while maximizing inter-cluster heterogeneity. Based on the values
242  presented in Table 4, the closest clusters were identified as Cluster 1 and Cluster 2, whereas

243  the most distant clusters were Cluster 1 and Cluster 4. As a result of the cluster analysis
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conducted on farmer attitudes derived from factor analysis, four distinct farmer types were
identified (Table 4).

Table 4. Farmer types identified in the surveyed farms using cluster analysis.

Farmer Types

Environmentalist
and Climate Friendly

Smart Innovators Unconcerned
Clusters (ECSFI) Disengaged (D) Concerned (C) (8)]
Awareness (AW) 0.22890 -1.20764 94714 0.41896
Climate  Friendly  Innovative
Technologies and Environmental 1.17342 -0.66965 -0.71299 -0.34411
Responsibility (ER)
Low Risk Perception (LRP) -0.17925 -0.66603 09658 1.33796
Awareness in Terms of Animal
Husbandry (AAH) -.00174 -0.24531 1.14291 -0.95359

Based on the cluster distances, four farmer types were identified and labeled as follows:
Environmentalist and Climate-Friendly Smart Innovators (ECSFI), Disengaged (D),
Concerned (C), and Unconcerned (U). Similar typologies have been defined at both national
and regional levels in previous studies to support climate change adaptation efforts (Barnes and
Toma, 2012; Hyland et al., 2016; Shukla et al., 2019; Stringer, 2020; Islam et al., 2021). To

visually illustrate the differences between these farmer types, radar charts were generated based

on the distances from the cluster _

The Environmentalist and Climate Friendly Smart Innovators The disengaged
AW AW
AAH Qm AAH v ER 3

The Concerned The Unconcerned

AAH ER o ]
LRP e C———————> Strong
I Awareness (AW) Low risk perception (LRP) I:> Moderate
I cnvironmental responsxbuhty(ER)_ Awareness in terms of animal husbandry (AAH) |:> Weak

In the radar chart, there are 6 regions, with the innermost two regions considered weak, the 3rd and 4th regions moderate, and the outermost two regions strong.

_ of farmer types based on cluster center distances.

10
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The Environmentalist and Climate Friendly Smart Innovators (ECSFI)

This group shows moderate awareness of climate change and strong environmental sensitivity.
They emphasize reducing greenhouse gas emissions and using natural resources efficiently,
favoring proactive environmental leadership. Their understanding of livestock farming’s
impact on climate change is moderate, and their risk perception is slightly above low,
recognizing climate change as a real threat. They believe its effects are already visible,
especially on ecosystems. Their high scores on the innovative technology index indicate strong
knowledge and use of climate-smart technologies in water, energy, nutrition, carbon, and

weather systems, making them moderate to high users of such technologies among farmers.

The Disengaged (D)

This group shows a limited awareness of environmental responsibility. Although their
perception of climate and environmental issues is low, their risk awareness is similarly
minimal, suggesting that they do not consider climate change to pose a significant threat to
themselves or their farms. Their awareness related to livestock farming is slightly above
minimal. In terms of innovative technology usage, this group scores the lowest among the four
clusters. Most farmers classified as Disengaged lack knowledge of climate-friendly innovative

technologies, and those who possess some knowledge rarely implement them. Consequently,

they represent the most detached cluster in this study. _

—_—
—_—
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The Concerned (C)

This group shows little environmental responsibility, prioritizing economic wellbeing over
environmental concerns. Their risk perception is moderate but low, believing climate change
impacts are not yet evident but will emerge soon. According to the innovative technology usage
index, they rank second after Environmentalists and Smart Innovators, being moderate to high
adopters. In contrast, the Unconcerned farmers have moderate awareness and responsibility

toward climate change.

The Unconcerned (U)

According to Figure 3, this group exhibits a notably high level of low-risk perception. They
believe that climate change will primarily affect countries outside Turkey, impact urban areas
more than rural ones, or influence future generations at least 50 years from now. Their
awareness of the impact of livestock farming on climate change is nearly nonexistent. Based
on the innovative technology usage index scores, they rank third in both awareness and
adoption of climate-friendly innovative technologies. Overall, these farmers are moderate users

of such technologies.

Comparing allocative efficiency based on farmer typologies in sheep rising farms

Farm performance is measured by productivity and market competitiveness. Farrell (1957)
defined efficiency as maximizing output from inputs. Sheep farms showed 39.80% Pure
Technical Efficiency, meaning they could reduce inputs by 60.20% without output loss.
Efficiency varies with different farm typologies. The average allocative efficiency in the study
area was calculated as 16.2%. Allocative efficiency is crucial as it reflects how well producers
operate both technically and economically. In the region, sheep farming is predominantly
pasture-based; however, during the winter season, animals are supplemented with concentrated
and roughage feeds on the farm. Allocative efficiency was estimated using variable inputs such
as costs of concentrated feed, roughage feed, water, and electricity. It indicates the ability of
sheep farms to optimally utilize inputs while considering market prices and production

technology (Farrell, 1957).

12
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Table 5. Resource use efficiency of farms by farmer typologies.

; . Pure Efficient Farms
. Number of Allocative Economic ;

Farmer Typologies Farms Efficiency  Efficienc Technical Efficient Less Inefficient

y y Efficiency O pficient o oren
The  Environmentalist
and Climate Friendly 0.173 0.084 0.483 2 0 49
Smart Innovators
(ECSFI)
Disengaged (D) 43 0.280 0.157 0.561 4 0 39
Concerned (C) 31 0.419 0.333 0.794 4 0 27
Unconcerned (U) 26 0.388 0.317 0.818 1 1 22
Average (of 151 farms) 151 0.162 0.064 0.398 3 0 148

In other words, it reflects farmers’ capability to select an input combination that yields optimal
production at the lowest cost. On average, only three farms were found to be efficient in
minimizing costs while maintaining optimal output, whereas 148 farms were identified as

inefficient in resource utilization.

CONCLUSIONS AND RECOMMENDATIONS

This study evaluated production efficiency across farm typologies by analyzing pure technical
efficiency, allocative efficiency, and economic efficiency. Allocative efficiency was found to
be low at 16.20%. To improve input efficiency in sheep farming, policies and practical training
programs for farmers are needed. Pure technical efficiency measures how effectively farm use
inputs to achieve maximum output. The average pure technical efficiency of the farms was
39.80%, indicating a significant gap in efficient resource utilization. In the ECSFI group, 49
farms were inefficient; in the Disengaged group, 39; in the Concerned group, 27; and in the
Unconcerned group, 22 farms were found to be inefficient. These findings suggest that most
farmers fail to utilize their resources optimally, and farm management practices are suboptimal.
Targeted training through agricultural extension programs is necessary to optimize resource

use and improve input management.
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