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Abstract

Ahar County, as one of the main agricultural production areas, produces a considerable share of rainfed wheat
in East Azerbaijan Province. Improving technical efficiency (TE) in this region can have a significant impact on
farmers' productivity and economic sustainability. Therefore, the present study was conducted with the aim of
applying data mining to analyze the efficiency of rainfed wheat farmers in Ahar County. To this end, farmers' TE
was calculated using Data Envelopment Analysis (DEA), and those with efficiency scores above the regional
average (0.59) were classified as the high-efficiency group, while the rest were categorized as the low-efficiency
group. Subsequently, t-tests and chi-square tests were employed to identify variables likely to influence TE.
Machine learning algorithms, including logistic regression, support vector machines (SVM), k-nearest neighbors
(k-NN), and random forest (RF), were then applied for classification and analysis of TE. The results indicated that
logistic regression outperformed the other algorithms. The output of this algorithm revealed that factors such as
herbicides, weed control, manure, land rental value, nitrate fertilizers, number of farm plots, pesticides, farmer's
age, combined harvesting method, experience, household members with university education, seed procurement
from the Agricultural Organization, and residence in rural areas have a positive effect on TE. Conversely, factors
including mixed landownership (personal-rental), seed procurement from personal sources, and non-agricultural
income exerted a negative influence on efficiency. Based on the findings, it is recommended that farmers receive
necessary training on the optimal management of influential agricultural inputs, including herbicides, manure,
nitrate fertilizers, and pesticides. Furthermore, policymakers are advised to enhance the motivation of farmers
operating on rented lands by providing financial incentives and advisory services. The development of supportive
programs for the supply of quality seeds and agricultural inputs through the Agricultural Jihad Organization is also
proposed.
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Introduction

Optimal utilization of production resources
in the agricultural sector is of paramount
importance for feeding the growing global
population. To address the challenges
associated with meeting food demand, either
the cultivated area must be expanded, or
production efficiency must be maximized
(Bahiraie et al., 2020). These challenges
generally encompass climate change, declining
water resources, and limitations on available
agricultural land, all of which adversely affect
crop yields. Despite the constraints on
agricultural production resources and the
expanding needs of human societies,
determining the efficiency of agricultural
producers enables the quantification of the gap
between the most efficient producers and others
operating under identical technological
conditions and with similar  resource
endowments. Such analysis can help identify
weaknesses and strengths within production
systems, thereby facilitating the design of more
effective policies to enhance efficiency.
Consequently, assessing farmers' efficiency can
prove highly valuable in evaluating the suite of
policies implemented in the agricultural sector
(Davodnia et al., 2023).

Numerous researchers have calculated the
technical efficiency of wheat production and
identified its determinants across various
regions of Iran. Khodaverdizadeh et al. (2019)
employed both Data Envelopment Analysis
(DEA) and Stochastic Frontier Analysis (SFA)
to estimate wheat production efficiency in
Urmia County, identifying chemical fertilizers,
pesticides, and agricultural machinery as
significant factors influencing efficiency.
Tanursaz et al. (2021), after calculating the
technical efficiency of wheat farmers in Dezful
County using SFA, applied the two-stage
Heckman procedure to evaluate efficiency
determinants. They reported an average
technical efficiency of 0.78. They found that the
adoption of conservation tillage technology, the
ratio of conservation tillage machinery per
village, farming experience, water
consumption, and education level exerted

positive and significant effects on efficiency. In
contrast, labor input and distance from the
village had negative and significant impacts.
Ghasemi et al. (2023) investigated the
technical, environmental, and economic
efficiency of rainfed wheat farmers in Ahar
County using SFA, calculating an average
efficiency score of 0.66. Machinery, animal
manure, chemical fertilizers, and pesticides
were identified as key factors affecting
efficiency. Naruei et al. (2024) examined the
impact of climate change adaptation strategies
on the technical efficiency of wheat farmers in
the Sistan region using a modified endogenous
stochastic frontier model. The results indicated
that changes in land size, conservation tillage
practices, and adjustments in planting dates had
the strongest effects, while rainfall and the use
of bio-fertilizers exhibited the weakest impacts.
The average technical efficiency was estimated
at 0.82.

Aryan et al. (2024) conducted a field
experiment in eastern Afghanistan to determine
the optimal timing of nitrogen fertilizer
application for improving wheat technical
efficiency. They found that average technical
efficiency could increase by up to 68.6% with
optimal nitrogen fertilizer management.
Samson et al. (2024) employed SFA to assess
the technical efficiency of wheat farmers in
Jigawa State, Nigeria. Their results indicated
that seed quality, chemical fertilizers, labor
input, herbicides, and farming experience
exerted positive effects on technical efficiency,
whereas farmers' age, poor seed quality,
inadequate road infrastructure, and limited
access to financial resources and inputs had
negative impacts. Girma et al. (2024) applied
SFA to analyze wheat farmers' technical
efficiency and identify its determinants in the
Oromia region of Ethiopia, reporting an
average technical efficiency score of 0.82. They
found that education level, frequency of contact
with agricultural extension agents, access to
credit, farming experience, soil fertility, and
participation in training programs contributed
to higher efficiency, while non-farm income
was associated with reduced efficiency.
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Collectively, these studies demonstrate that
environmental, economic, and social factors
play crucial roles in determining technical
efficiency, and identifying these determinants
can facilitate improvements in farmers' yield.

Although these studies have employed
methods such as stochastic frontier models and
Hackman’s two-stage procedure to examine
factors influencing technical efficiency, such
approaches entail certain limitations, including
dependence on restrictive  statistical
assumptions and an inability to uncover
nonlinear and complex relationships among
variables. These limitations can lead to
inaccurate or misleading results, particularly
when real-world data contains noise, missing
values, and intricate causal relationships.
Consequently, the necessity of adopting
modern data mining and machine learning
techniques becomes evident. Data mining, with
its capacity to analyze complex datasets,
enables the identification of hidden patterns and
relationships among factors affecting technical
efficiency. These methods not only provide
higher accuracy and reliability in classifying
farmers but also allow for more precise
targeting of efficiency improvement strategies.
Furthermore, data mining techniques offer the
advantage of knowledge discovery directly
from data without requiring stringent statistical
assumptions, while validation techniques (e.g.,
cross-validation) help prevent overfitting.
Nevertheless, research applying data mining
and machine learning methods for the
systematic classification and analysis of factors
influencing farmers' technical efficiency
remains scarce in the literature. Therefore, this
study, as one of the first endeavors in this
domain, seeks to deliver a comprehensive and
precise analysis of the determinants of wheat
technical efficiency by leveraging advanced
data mining approaches.

Ahar County is recognized as one of the
major hubs for wheat production in Iran.
According to statistics from the East Azerbaijan
Agricultural Jihad Organization (2022), in the
Iranian calendar year 1400 (2021-2022), Ahar
County accounted for approximately 10% of
the province's total wheat-cultivated area, of

which nearly 50,000 hectares (over 90%) were
dedicated to rainfed wheat cultivation. Within
the county's 52,000 hectares of arable land,
28,000 hectares are allocated to wheat
production. This substantial cultivated area,
significantly larger than that devoted to other
crops in the region, highlights Ahar County's
strategic importance in provincial wheat output.
Nevertheless, given the relatively modest wheat
yield per hectare in the area, further
investigation into technical efficiency is
warranted.  Researching the  economic
dimensions of wheat production in Ahar
County could therefore yield positive impacts
on regional productivity. Moreover, the area's
diversity in farming practices and levels of
mechanization provides a suitable setting for
testing the capabilities of data mining methods
in identifying complex patterns influencing
technical efficiency. In this context, the present
study can serve as a robust framework for
analyzing the current situation and identifying
pathways to improve efficiency; its findings
may assist farmers in making more informed
decisions regarding the optimal utilization of
production resources.

Based on the foregoing discussion, the
primary objective of this study is to classify
wheat farmers in Ahar County according to
their level of technical efficiency and to
systematically identify the most influential
factors affecting efficiency by employing
modern data mining and machine learning
techniques. The fundamental innovation of the
study lies in its status as one of the first studies
in this domain to substitute traditional
econometric and mathematical programming
approaches with an analytical framework
grounded in intelligent algorithms.
Consequently,  this  research  provides
policymakers and farmers with a precise and
practical framework for targeting efficiency
improvement strategies based on real-world
data. The study comparatively employs
multiple data mining algorithms to deliver the
most accurate and reliable model for identifying
determinants  of  technical efficiency.
Accordingly, the objective of this research is to
apply data mining techniques to analyze the
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factors influencing the classification of
technical efficiency among wheat farmers in
Ahar County.

Materials and Methods

In this study, data mining techniques were
employed to classify rainfed wheat-producing
farmers in Ahar County based on their technical
efficiency and to analyze the factors influencing
it. Initially, the technical efficiency of wheat
farmers  was calculated using Data
Envelopment Analysis (DEA) with an output-
oriented approach under the assumption of
variable returns to scale (VRS). Output was
defined as wheat vyield (kg), while inputs
included area under cultivation (hectares), seed
(kg), labor (person-days), and tractor usage
(hours). DEA is a non-parametric method for
evaluating the efficiency of decision-making
units (DMUs) by comparing their yield based
on inputs and outputs. This approach enables
the simultaneous examination of multiple
factors and facilitates the identification of both
efficient and inefficient units (Cooper et al.,
2007).

Subsequently, wheat farmers were classified
into two groups: high-efficiency farmers (those
with efficiency scores above the regional
average) and low-efficiency farmers (those
with efficiency scores below the regional
average). Next, considering  variables
potentially  influencing  their  technical
efficiency, the most appropriate machine
learning algorithm was identified, one capable
of assigning farmers to their respective
efficiency class (high or low) with minimal
classification error. In other words, for
subsequent economic analyses, the algorithm
was selected whose predicted classification of
farmers into high- or low-efficiency groups
showed the highest agreement with their actual
efficiency-based classification derived from
DEA calculations (For brevity, the phrases
"above average” and "below average" will
henceforth be omitted when referring to
efficiency groups). The higher the algorithm's
predictive accuracy, the greater the reliability of
the ensuing economic analyses.

Data Mining

Data mining is the process of discovering
patterns and hidden information from existing
datasets (Shu & Ye, 2023). Within the
knowledge discovery process, a dataset is first
selected for examination. Subsequently, data
cleaning operations, including noise removal,
normalization, and standardization, are
performed to enhance data quality. The next
phase involves applying specific analytical
techniques to the processed data, such as
statistical tests (e.g., Student's t-test, chi-square
test), visualization (to provide clear insights
into patterns and relationships among
variables), and classification (to identify and
organize data into distinct groups based on
similarities and shared characteristics).
Appropriate algorithms are then selected to
perform the intended analytical tasks. Finally,
once suitable outputs are generated, the results
are interpreted and evaluated (Gullo, 2015;
McClendon & Meghanathan, 2015).

Machine Learning

Machine learning is a method by which
computer systems learn through examples. A
major category of machine learning algorithms
is supervised learning, which operates by
inferring patterns from labeled training data. In
this approach, specific features or a set of
features are provided to the algorithm to predict
target outcomes. Among machine learning
algorithms commonly employed in data mining
analyses are classification algorithms (Ngai et
al., 2009; Bermudez et al., 2011), whose
objective is to construct models capable of
predicting future outcomes by assigning
database records to predefined classes based on
specific criteria. Widely used tools for
classification  analysis include logistic
regression, support vector machines (SVM), k-
nearest neighbors (k-NN), and random forest
(RF) (Sen et al., 2020), each of which will be
elaborated upon in the following sections.

Logistic Regression

Logistic regression is a supervised learning
algorithm in which the model is trained on a
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labeled dataset comprising input data (features)
and corresponding output labels (target class).
It is a method employed for binary
classification problems to predict the
probability of a binary outcome, i.e., two
possible classes, such as high-efficiency and
low-efficiency farmers. This algorithm models
the relationship between a dependent variable
(typically binary; in this study, farmers
categorized as high- or low-efficiency relative
to the regional average) and one or more
independent variables (which may encompass
various data types, such as labor, cultivated
area, and machinery) using a logistic function.
The logistic function, also known as the
sigmoid function, maps the output to a
probability value ranging between 0 and 1
(Shetty et al., 2022). Logistic regression
operates based on the logistic (sigmoid)
function, which is defined as Equation 1:

o(z) = — (1)
Where z represents a linear combination of
the features, as expressed in Equation (2)
(James, 2013):
Z=0ag+ axy +ax, + -+ ax, (2)
In Equation (2), a, denotes the intercept, a;
represents  the  regression  coefficients
associated with the features, and x; corresponds
to the input features (independent variables).
The output of the sigmoid function o(z) yields
the probability of the dependent variable, for
instance, P(Y = 1|X) = a(z). Ultimately, the
regression coefficients can be estimated using
maximum likelihood estimation, as formulated
in Equation (3) (James, 2013).
PY=0X)=1-P(Y =1]X) (3

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a
machine learning algorithm designed for
classification tasks that operates based on the
identification of support vectors. This
algorithm employs kernel functions and is
particularly effective in pattern recognition and
the classification of nonlinear data. SVM
constructs a hyperplane to separate different
classes. The hyperplane is iteratively optimized
by the SVM algorithm with the objective of

maximizing the margin between classes while
minimizing classification errors (Sujatha &
Mahalakshmi, 2020).

K-Nearest Neighbors (KNN)

K-Nearest Neighbors (KNN) is a machine
learning algorithm that classifies new data
points by comparing them with existing data
points based on similarity metrics such as
Euclidean distance. The algorithm identifies the
k nearest neighbors (data points) to predict the
class of a new observation. The accuracy of this
algorithm depends on data quality, and it
exhibits robustness against noise. The primary
challenge in applying KNN lies in selecting an
appropriate number of neighbors (k). KNN is
widely employed in statistical estimation and
pattern recognition based on proximity
relationships among objects (Yuvali et al.,
2022).

Random Forest (RF)

Random Forest (RF) is a modern ensemble
method based on decision trees, comprising a
collection of classification and regression trees.
Each tree functions as an independent classifier
for learning and prediction. Ultimately, the
individual predictions are aggregated, typically
through majority voting for classification or
averaging for regression, to produce a final
ensemble prediction that generally outperforms
a single classifier (Xu & Yin, 2021).

Evaluation Metrics

Following the estimation of machine
learning models, it is essential to evaluate the
performance and predictive power of these
algorithms using a set of quantitative metrics to
ensure that the model adequately fulfills its
intended tasks. The most important evaluation
metrics include the confusion matrix, recall,
accuracy, precision, F1-score, Cohen's kappa
statisticc and the relative  operating
characteristic (ROC) curve. Each of these
metrics reflects distinct aspects of model
performance. Furthermore, employing this
comprehensive set of metrics facilitates a more
precise and nuanced analysis of prediction
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outcomes.

Confusion Matrix

The confusion matrix is a tabular layout that
enables the visualization of a supervised
learning algorithm's performance. Each column
of the matrix represents the instances of a

predicted class, while each row corresponds to
the instances of an actual (true) class. All
correct predictions are positioned along the
diagonal of the table, allowing errors to be
readily identified as non-zero values located off
the diagonal. The confusion matrix for a binary
classification problem is presented in Table 1
(Vahedi et al., 2024).

Table 1- Confusion matrix

Predicted class

Particular class (€,) | Different class (C5)

Particular class (C;)

True positive (TP)

False negative (FN)

Actual class

Different class (C,)

False positive (FP)

True negative (TN)

In the aforementioned confusion matrix, TP
(True Positive) represents the number of
samples that truly belong to class C; and are
correctly predicted as C; by the model. TN
(True Negative) denotes the number of samples
that truly belong to class C, and are correctly
predicted as C,. FP (False Positive) refers to
samples that do not belong to class C; but are
erroneously classified as C;, while FN (False
Negative) indicates samples that do not belong
to class C, but are mistakenly classified as C,.
Based on these definitions, a set of evaluation
metrics, formulated in Equations (4) through
(10), can be derived from the confusion matrix
to assess the classification accuracy of the
algorithms.

P = Actual positive = TP + FN
(4)

P! = Predicted positive = TP + FP
()

N = Actual negetive = FP + TN
(6)

N! = Predicted negetive = FN + TN
(7)

TP rate = Sensitivity = TP/P = Recall
(@)

Precision = TP /P! 9)

Accuracy = (TP +TN/P + N) =
TP/(P+N)+TN/(P +N) =TP/P x

P/(P+N)+TN/NxN/(P+N) =
Sensitivity X P/(P + N) +
Specificity x N/(P + N) (10)
where, P denotes the actual positive values,
P! represents the predicted positive values, N
indicates the actual negative values, and N?!

refers to the predicted negative values. Recall is
defined as the ratio of correctly predicted
positive instances to the total number of actual
positives in the class, while precision represents
the ratio of correctly predicted positives to the
total number of predicted positives (e.g., the
number of high-efficiency farmers correctly
predicted as high-efficiency divided by the total
number of farmers predicted as high-
efficiency). Finally, Accuracy is the ratio of the
total number of correct predictions to the total
number of predictions (Hackeling, 2017). In
certain cases, Recall and Precision do not
increase simultaneously and may fail to
enhance overall classification accuracy. To
address this limitation, the F1-score is
employed alongside the aforementioned
metrics. This metric represents the harmonic
mean of recall and precision, thereby providing
a balanced assessment of classification
performance. The F1-score can be calculated as

expressed in Equation (11) (Khan et al., 2020):
2 (RecallxPrecision) (11)

F1 — score = —
(Recall+Precision)

Cohen's Kappa

Cohen's Kappa statistic is commonly
employed for binary classification problems.
The lowest possible value of this metric is -1,
while the highest (optimal) value is +1. Based
on the cells of a 2x2 confusion matrix, Cohen's
Kappa is defined as Equation (12) (Warrens,

2008):
_ 2.(TP.TN—FP.FN)
K= (TP+FP).(FP+TN)+(TP+FN).(FN+TN) (12)




Vahedi et al., The Application of Data Mining in Analyzing Factors Affecting ... 109

Relative Operating Characteristic (ROC) Curve

The Receiver Operating Characteristic
(ROC) curve is a graphical tool used to evaluate
the performance of a binary classification
model. This curve illustrates the relationship
between two key metrics: sensitivity (true
positive rate) and the false positive rate.
Accordingly, the area under the curve (AUC),
also referred to as the discrimination measure,
indicates the model's ability to distinguish
between classes, as formulated in Equation (13)
(Hordri et al., 2018).

AUC = . (Sensitivity + Specificity) (13)
In this study, 5-fold cross-validation is
employed. This procedure divides the dataset
into five subsets of equal size. Subsequently,
one subset is used for testing while the
remaining four subsets are utilized for model
training. This process is repeated iteratively
until each subset has been used once as the test
set (Otunaiya & Muhammad, 2019).

In this research, the grid search method was
employed to optimize machine learning models
and precisely determine hyperparameters.
Hyperparameters are values specified prior to
the model training process and exert a
considerable influence on the model's final
performance. These parameters include values
such as the number of trees in a random forest.
The grid search method enables a systematic
exploration of a predefined hyperparameter
space; combined with cross-validation, it
facilitates the selection of the optimal
hyperparameter combination for the model,
thereby  achieving enhanced predictive
accuracy (Ranjan et al., 2019). Data were
collected through simple random sampling via
face-to-face  interviews and  structured
questionnaires administered to 223 rainfed

wheat producers in Ahar County during the
Iranian calendar year 1400 (2021-2022). The
conceptual framework of the present research is
illustrated in Fig. 1.

Results and Discussion

In this study, the technical efficiency of
rainfed wheat-producing farmers in Ahar
County was initially calculated using Data
Envelopment Analysis (DEA), with its
frequency distribution reported in Table 2. The
results present a clear depiction of efficiency
dispersion among farmers. According to these
data, a substantial proportion of farmers,
44.4%, fall within the lowest efficiency tier,
scoring below 50%. This pattern becomes more
pronounced when incorporating farmers in the
51-70% efficiency range, who constitute
25.6% of the sample; collectively, 70% of all
sampled farmers, i.e., the majority continue
their operations at an efficiency level of 70% or
lower. In contrast, the share of farmers
achieving  higher efficiency levels s
considerably limited. Only 13.4% of farmers
fall within the 71-90% range, while the highest
efficiency tier (above 90%) is attained by
merely 16.6% of farmers. The cumulative
frequency distribution further corroborates this
observation, revealing that 186 farmers,
equivalent to 83.4% of the total sample
achieved scores of 90% or below.
Consequently, it can be inferred that the
efficiency distribution among wheat farmers in
Ahar County is skewed toward low and
medium levels, thereby revealing substantial
potential for enhancing productivity and
optimizing resource management across a
significant portion of this agricultural
community.
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Data collection from Calculation of _Classification of far_m_ers
223 wheat farmers technical efficiency Into two g_roup_s:_effluent
usina the DEA — and inefficient
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Data preprocessing

[ Logistic regression ] SVM KNN [ Random forest ]

Machine learning
alaorithms

optimization

l

Model evaluation

— \x
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Hyperparameter ]

)

Confu5|on matrix ] Accuracy, [ F1-Score, Cohens Kappa ] [ ROC curve

nrecision_ recall

K* Selection of the best model )

I

[ Interpretation of results and analysis of factors ]

Figure 1- Conceptual framework of study

According to Table 2, the mean technical words, with their current input levels, farmers
efficiency of wheat growers in the region equals could potentially increase output by 41%. The
0.59, indicating that, on average, farmers utilize standard deviation of 0.24 further confirms the

only 59% of their production potential. In other existence of a relatively pronounced gap in
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technical efficiency levels among farmers;
while some operate near optimal performance,
others face considerable inefficiency. The wide
efficiency ranges from 0.22 to 1.00 (a
difference of 0.78 units) reflects a substantial
yield disparity within the region's rainfed wheat
production system. This finding reveals that at
least one farmer in the sample utilizes merely
22% of their production potential, whereas
others have attained full efficiency (100%).
Such a marked disparity clearly underscores the
presence of structural deficiencies, unequal
access to inputs, gaps in technical and
technological knowledge, and variations in
farm management quality among farmers.
These conditions create an ideal setting for
applying data mining techniques to identify the
key factors driving this wide efficiency gap and
to design differentiated policy interventions
tailored to each farmer group.

To scientifically address this extensive
heterogeneity and systematically analyze the
factors underlying the efficiency gap, it was
necessary to classify farmers into distinct and

meaningful groups. Accordingly, in the next
step and to prepare the data for analysis using
machine learning algorithms, farmers with
technical efficiency below the regional average
were assigned to group zero (low-efficiency
farmers), while those with efficiency above the
average were placed in group one (high-
efficiency farmers). This binary classification
formed the basis for  implementing
classification algorithms in the subsequent
phase of the research.

Five types of data have been used in this
research: continuous, countable, nominal,
dummy, and ordinal. Prior to implementing
machine learning models, an analytical
examination of these variables was conducted.
Table 3 presents the mean and median values of
individual and economic characteristics for
low-efficiency and high-efficiency farmers in
Ahar County. The results indicate statistically
significant differences between the two farmer
groups across various dimensions, including
cultivated area, land rental value, seed quantity,

Table 2- Frequency distribution of technical efficiency of wheat farmers in Ahar county

Technical Efficiency Range Frequency Frequency Percentage Cumulative Frequency

<50 99
51-70 57
71-90 30

>90 37
Mean 0.59
Std.ev 0.24

Minimum 0.22
Maximum 1

444 99
25.6 156
134 186
16.6 223

Labor input, tractor usage, nitrate fertilizer
consumption, age, and farming

experience'.According to Table 3, the average

consumption of all inputs is notably lower
among low-efficiency farmers compared to
their high-efficiency counterparts.
Additionally, high-efficiency farmers are older
and have more farming experience relative to
inefficient farmers.

The median values further reveal that the
cultivated area for 50% of low-efficiency
farmers is less than 2 hectares, whereas this

1 - Given that the study focuses on rainfed wheat
production, wheat output in the region is entirely

figure amounts to 7.3 hectares for high-
efficiency farmers. Similarly, the median
values of other variables exhibit considerable
disparities between the two farmer groups.
Moreover, the mean values for high-efficiency
farmers closely approximate their respective
medians, a pattern also observed among low-
efficiency farmers. This proximity between
means and medians in both groups may indicate
a relatively symmetric distribution of inputs
within each category. Overall, it appears that
one of the principal factors underlying

dependent on precipitation. For this reason, water as an
input variable was not considered in the analysis.
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efficiency differences among regional farmers
is their varying level of access to agricultural

inputs.

Table 3- Mean and median of some individual and economic variables in efficient and inefficient farmers

Mean Median
Low-efficiency High-efficiency Low-efficiency High-efficiency
Inputs farmers farmers farmers farmers
Land (hectar) 2.2 7.8 2 7.3
Rental value of lands (million 19 58 12 5
toman)
Seed (kg) 481 1707 420 1500
Labor (man-day) 12 33 10 25
Tractor (hour) 22 59 18 50
Nitrate fertilizer 223 455 250 350
Age (year) 48 54 48 56
Experience (year) 32 40 30 40

Fig. 2 illustrates the distribution of
continuous variables, including nitrate fertilizer
consumption, agricultural land rental value,
age, and farming experience. Variables
previously utilized in the technical efficiency
calculations, namely cultivated area, seed
quantity, labor input, and tractor usage, were
intentionally excluded from this visualization.
According to Fig. 2, nitrate fertilizer
consumption exhibits a pronounced peak at 250
kilograms, which may be attributable to the
presence of outlier observations. Such outliers
can undermine the validity of statistical tests
and potentially compromise the reliability of
machine learning model outcomes. Therefore,
it is essential to identify these observations and
mitigate their adverse effects. To this end, Fig.

80

o
=

=13

=

=2
=

£
=
Frequency
=]

Frequency
=

[
= =

Mo

0 |
500 1000 0 10 20
nitro rental_value

=

Frequency

3 employs box plots for outlier detection. For
instance, the box plot for land rental value
reveals that most observations fall below 10
million Iranian Tomans, with 8 outliers
appearing above this threshold. The nitrate
fertilizer variable contains 22  outlier
observations, whereas age and farming
experience  display relatively  uniform
distributions  without significant outliers.
Following the identification of outliers in
certain variables, this study addresses the issue
through data standardization. Specifically,
standardization was performed by subtracting
the mean from each observation and
subsequently dividing the result by the
variable's standard deviation.

.--‘/
D)
I
~

[
=

Frequency
)
=

=

i

0 60 80 0 3 %0 00
age experience

Figure 2- Probability distribution of continuous variables
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Figure 3- Box plot to identify outliers

Given that one of the primary objectives
during the data preprocessing stage is the
selection of appropriate variables for the final
model, it is essential at this juncture to
determine which continuous variables exert a
significant influence on the target variable (i.e.,
classification into high-efficiency versus low-
efficiency farmers). To this end, Student's t-test
was employed to compare the means between
the two groups, with results reported in Table 4.
According to Table 4, incorporating the
continuous variables into machine learning
models is statistically justified. For instance,
regarding nitrate fertilizer usage, the mean for
group zero (low-efficiency farmers) equals 223
kilograms, whereas the mean for group one
(high-efficiency farmers) amounts to 445
kilograms. This substantial difference suggests
that variations in nitrate fertilizer application

may indeed influence the status of the target
variable, thereby supporting its inclusion as a
predictive feature in the classification models.
Descriptive statistics for countable variables,
including the number of farm plots, household
members, and household members with
university education, are reported in Table 5.
The mean number of farm plots equals 11 with
a standard deviation of 9, indicating substantial
variability in land fragmentation among
farmers. The average household size is 5
members with a standard deviation of 2,
suggesting relative stability in this variable.
Regarding household members with university
education, a mean of 0.6 and a standard
deviation of 0.9 reveal that only a subset of
households  includes  university-educated
members. The minimum and maximum values
of these variables further confirm considerable
dispersion in both household structure and
landholding patterns across the sample.

Table 4- T-test results between continuous and target variables

Mean of group  Mean of group

Variable t-statistic ~ P-value Result
Nitrate fertilizer (kg) -6.96 7.04 223 455 Reject
Rental value of lands 776 133 19 5.8 Reject

(million toman)
Age (year) -2.99 0.003 48 54 Reject
Experience (year) -3.19 0.001 32 40 Reject
Table 5- Descriptive statistics of countable variables

Variable Mean Std.dev Minimum Maximum

Farm plots (plot) 11 9 1 40

Familly members (person) 5 2 1 12

Familly members with university education 06 09 0 4

(person)

Subsequently, similar to the continuous
variables, the influence of countable variables
on the target variable was examined using
Student'’s t-test, with results presented in Table

6. The null hypothesis of this test posits no
significant difference in the means between the
two farmer groups i.e., no significant effect of
the countable variable on the target variable.
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According to the results in Table 6, the null
hypothesis is rejected for the variables "number
of farm plots” and "household members with
university education,” indicating statistically
significant differences between high- and low-
efficiency farmer groups. Consequently, these
two variables were incorporated into the

machine  learning  modeling  process.
Furthermore, box plot visualizations for these
variables revealed the presence of outliers;
therefore, standardization was applied to
mitigate their potential adverse effects on
model performance.

Table 6- T-test results between countable and target variables

Variable T-statistic  P-value Mean of Mean of Result
group 0 group 1
Farm plots (plot) -11.05 0.00 7.20 20.09 Reject
Family members (person) -1.20 0.22 5.12 5.49 Accept
Family members with university education 265 0.00 0.46 0.84 Reject
(person)

Fig. 4 illustrates the distribution of farmers
across nominal variables. Regarding residence
location, the majority of observations
correspond to farmers residing in rural villages.
Most farmers source their seeds from their own
farms, underscoring the significance of local
resources in seed provision. A substantial
proportion of farmers cultivate wheat on lands
fully owned by themselves. The chart for the
harvest method variable clearly indicates
farmers' pronounced yield for mechanized
harvesting techniques. Furthermore, the
majority of farmers employed mowers for

wheat harvesting. A primary reason for this
choice is the steep slope of certain fields
combined with the mower's superior
performance on uneven terrain, which enhances
harvest efficiency. Additionally, the relatively
small size of farms and the impracticality of
deploying larger combine harvesters render the
mower a more feasible option. The mower's
adaptability to diverse field conditions and its
more effective operation during harvest,
particularly in farms with limited area, enables
farmers to improve both productivity and
harvest quality.
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Figure 4- Distribution of farmers based on nominal variables

To incorporate nominal variables into
machine learning models, it is necessary to
convert them into dummy (binary) variables.
Specifically, each category within a nominal
variable must be transformed into a separate
binary variable. Consequently, three dummy
variables were created for each of the following
nominal variables: residence location, seed
source, and land ownership type. For the
harvest method variable, four dummy variables
were designed. Additional dummy variables
included indicators for performi

ng contour plowing (perpendicular to slope),
having off-farm income, and the use (or non-
use) of certain variable inputs such as manure,
herbicides, and pesticides.

To select dummy variables with a
statistically significant influence on the target
variable, a chi-square test was conducted, with

results presented in Table 7. For instance, the
null hypothesis for the rural-urban residence
variable was accepted at a P-value of 0.07,
indicating that residence location does not exert
a statistically significant effect on the target
variable. Overall, based on Table 7, the null
hypothesis of the chi-square test was accepted
for the following variables: rural-urban
residence, urban residence, seed source
(others), seed source (self-produced), land
ownership (personal), land ownership (leased),
harvest method (combine), harvest method
(mower), harvest method (traditional), and
contour plowing. In other words, these
variables do not demonstrate a statistically
significant impact on the target variable and
were therefore excluded from the final
modeling stage performed by the machine
learning algorithms.
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Table 7- Results of the Chi-square test between dummy and target variables

Variable Chi-square statistic P-value Result
Residence_both 3.09 0.07 Accept
Residence_city 159 0.20 Accept

Residence_village 7.02 0.00 Reject
Seed_purchase_source_jahad 13.52 0.00 Reject
Seed_purchase_source_others 1.76 0.18 Accept

Seed_purchase_source_self _farm 5.39 0.02 Accept

Ownership_bhoth! 6.39 0.01 Reject

Ownership_private 3.20 0.07 Accept

Ownership_rented 0.73 0.39 Accept

Harvest_method_combinatorial 5.55 0.01 Reject
Harvest_method_combine 0.79 0.37 Accept
Harvest_method_harvester 0.12 0.72 Accept
Harvest_method_traditional 1.49 0.22 Accept
Vertical_plow 2.10 0.14 Accept
Nonfarm_income 7.45 0.00 Reject
Manure 6.86 0.00 Reject

Herb 15.12 0.00 Reject

Pest 22.00 2.72 Reject

Ordinal variables in this study include
education level, timeliness of agricultural
operations, input availability, land slope, weed
control practices, and the extent of damage
caused by the sunn pest (Eurygaster
integriceps). Fig. 5 illustrates the distribution of
farmers across these ordinal variables.
According to the figure, the reluctance of
individuals with higher educational attainment
to continue farming is clearly evident.
Conversely, the majority of farmers carry out
agricultural operations in a timely manner,
reflecting a strong commitment to adhering to
appropriate scheduling in farm management
practices. The chart depicting input availability
reveals considerable disparities in farmers'
access to essential agricultural resources.
According to the weed control distribution, the
largest number of farmers, 134 observations fall
into the "low" category, indicating that a
substantial proportion of farmers do not
implement effective practical measures for
weed management. Finally, the graph
illustrating sunn pest damage shows that only

71 surveyed individuals reported no damage
from this pest, while the remaining farmers
experienced varying degrees of crop loss
attributable to sunn pest infestation.

Table 8 presents the results of the chi-square
test conducted to select ordinal variables with a
significant influence on the target variable's
status. According to Table 8, weed control
emerges as the sole ordinal variable that will be
incorporated into the machine learning models.
As previously mentioned in the Materials and
Methods section, the present study employed
four algorithms: logistic regression, support
vector machine (SVM), k-nearest neighbors
(KNN), and random forest (RF). In the initial
step, considering default hyperparameters and
utilizing 5-fold cross-validation, the accuracy
of the models was compared, with results
reported in Table 9. Here, the average accuracy
of each algorithm is displayed alongside
accuracies corresponding to different values of
k. Logistic regression achieved an average
accuracy of 88.7%, establishing it as the top-
performing algorithm at this stage.

1- In the study area, it is common practice for an individual, in addition to cultivating land they own, to also rent and

cultivate several other plots if possible.
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Figure 5- Distribution of farmers based on ordinal variables

Table 8- Chi-square test between ordinal and target variables

Chi-square

Variable " P-value Result
statistic
Edu level 2.20 0.53 Accept
IOntime_operation 20.47 3.58 Accept
Inputs_availability 1.45 0.48 Accept
Slope 4.84 0.08 Accept
Weed_control 5.81 0.05 Reject
Pest_damage 5.77 0.12 Accept

Table 9- The comparison of the algorithms based on accuracy statistics

Algorithm K=1 K=2 K=3 K=4 K=5 Average accuracy
LogisticRegression 0.844 0.866 0.933 0.909 0.886 88.7%
SvC 0.822 0.866 0.911 0.886 0.886 87.4%
KNN 0.888 0.822 0.888 0.886 0.909 87.7%
Random Forest 0.800 0.866 0.888 0.954 0.909 88.3%

To further validate the employed algorithms,
they were re-evaluated wusing various
hyperparameters, and optimal parameters for
each algorithm were determined using the
GridSearchCV method. The resulting outcomes
are presented in Table 10. This table includes
the best configurations and the highest accuracy
achieved by each algorithm. Overall, Table 10
highlights  the importance of  proper
hyperparameter  selection in  enhancing

algorithm accuracy and the overall performance
of machine learning models. Each algorithm
yielded different results with its specific
settings, which can aid in selecting the most
suitable algorithm. The Logistic Regression
algorithm, with hyperparameter C=1 and
maximum iterations  (max_iter=10000),
achieved an accuracy of 88.7%, indicating
superior performance compared to the other
algorithms.
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Table 10- GridSearchCV results for determining optimal hyperparameters

Algorithm Highest accuracy  The best hyperparameters
LogisticRegression (max-iter=10000) 0.887 c=1
SvC 0.886 C=5, kernel=sigmoid
KNN 0.879 N_beighbors=5
RandomForestClassifier (random-state=0) 0.883 N_estimators=50

Furthermore, to substantiate the superiority
of the selected algorithm, the confusion matrix
results are presented in Fig. 6. As observed, the
Logistic  Regression algorithm  correctly
classified 26 individuals within the low-
efficiency farmer group as low-efficiency
farmers, misclassifying only 2 individuals into
the high-efficiency farmer group. With regard
to high-efficiency farmers, the algorithm
accurately predicted 15 individuals as high-
efficiency farmers while erroneously assigning
2 individuals to the low-efficiency group. The
Support Vector Machine (SVM) algorithm
misclassified only one individual in the low-
efficiency farmer category, whereas the K-

Confusion Matrix for Logistic Regression
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Figure 6- Confusion matrices from the research algorithms

Class 1

Table 11 presents a comparative analysis of
the prediction performance of various machine

5
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Nearest Neighbors (KNN) algorithm correctly
assigned all 28 individuals to their true low-
efficiency class. However, concerning the high-
efficiency farmer group, both algorithms
exhibited suboptimal performance, each
misclassifying 6 individuals. Finally, the
Random Forest algorithm produced one
misclassification in the low-efficiency group
and four misclassifications in the high-
efficiency group. Overall, analysis of the
confusion matrix corroborates the relative
superiority of the Logistic Regression
algorithm compared to the other evaluated
classifiers.
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learning algorithms, reporting distinct metrics
for each algorithm across the two classes of
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low-efficiency and high-efficiency farmers. To
this end, the evaluation metrics, including
precision, recall, F1-score, accuracy, and
Cohen's Kappa, were computed based on the
confusion matrix. According to the results in

Table 11, the Logistic Regression algorithm
demonstrates superior predictive performance
overall compared to the other algorithms under
consideration.

Table 11- Comparing the predictability of machine learning algorithms

Algorithm Class Precision Recall Fl-score Accuracy Cohen's Kappa
Nt om0 08 ow  ow
e “Gcem 0w 0@ o 0¥ 06t
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Additionally, to compare the predictive
power of the algorithms, ROC curves can be
plotted as illustrated in Fig. 7. The horizontal
axis of the plot represents the false positive rate
(FPR), while the vertical axis denotes the true
positive rate (TPR). According to Fig. 7, an
algorithm whose ROC curve approaches the
coordinate (1,1) more closely and exhibits a
higher area under the curve (AUC) possesses
superior predictive capability. The Logistic
Regression algorithm, with an AUC of 0.98,

demonstrates the best performance in
identifying positive cases, thereby
outperforming the other algorithms. The

Support Vector Machine (SVM) algorithm,

with an AUC of 0.95, ranks second, indicating
high accuracy, albeit marginally lower than that
of Logistic Regression.

The K-Nearest Neighbors and Random
Forest algorithms follow in subsequent ranks,
with AUC values of 0.91 and 0.93, respectively.
Finally, the presence of a 45-degree diagonal
line representing random chance underscores
that algorithms exhibiting curves above this
baseline demonstrate superior capability in
identifying positive cases. In this context,
Logistic Regression exhibits notably superior
performance, with its ROC curve positioned
distinctly above the diagonal reference line.

Receiver Operating Characteristic (ROC) Curve

1.0

True Positive Rate

0.0 0.2

0.4

Logistic Regression (AUC = 0.98)
SVC (AUC = 0.95)
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Figure 7- Comparison of the performance of machine learning algorithms using the ROC curve

Table 12 employs the Logistic Regression

algorithm to examine the factors influencing the
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technical efficiency of rain-fed wheat producers
in Ahar County. The table comprises two
principal columns presenting the regression
coefficients and corresponding odds ratios for
each explanatory variable. According to the
results,  variables including  herbicide
application, weed control practices, manure
usage, rental value of wheat cropland, nitrate
fertilizer application, number of farm plots,
pesticide use, farmer age, combined harvesting
method, farming experience, presence of
household members with university education,
seed procurement from the Agricultural Jihad
Organization, and rural residence exert a
positive and statistically significant effect on
technical efficiency levels. Conversely, mixed
ownership status of cropland (personal-rental
combination), seed procurement from personal
sources, and possession of non-farm income
demonstrate negative effects on technical
efficiency.

Given that the estimated coefficients in this
logistic regression model lack direct intuitive
interpretation, odds ratios were computed to
facilitate meaningful inference. For instance,
the odds ratio of 2.927 for herbicide application
indicates that farmers who utilize herbicides are
approximately three times more likely to
achieve improvements in technical efficiency
compared to those who do not. Optimal
herbicide application at various crop growth
stages effectively suppresses weed competition,
thereby reducing resource rivalry with wheat
plants and enhancing both yield quantity and
grain quality. Effective weed management
enables wheat plants to more efficiently absorb
rainfall and soil nutrients, ultimately
contributing to increased productivity and
improved technical efficiency. The application
of manure, as a natural source of essential
nutrients enhances soil structure and fertility,
supporting the nutritional requirements of
wheat throughout its growth cycle. A higher
rental value of wheat cropland may reflect
superior soil quality and greater production
potential, while also enabling the adoption of
modern agronomic and managerial practices
that positively influence technical efficiency.
Nitrate fertilizer application contributes to

elevated soil nitrogen levels, promoting robust
plant growth and higher grain yields.
Furthermore, farmers cultivating multiple land
plots can better mitigate risks associated with
adverse weather conditions or pest outbreaks by
diversifying spatial exposure and implementing
more flexible, optimized strategies for planting
and harvesting operations.

The application of pesticides enables
farmers to mitigate pest damage to crops,
thereby enhancing agricultural productivity.
Nevertheless, to ensure long-term
sustainability,  adopting  environmentally
conscious approaches, such as Integrated Pest
Management (IPM), is essential to minimize
adverse ecological impacts while maintaining
effective pest control.

Farmer age can serve as a proxy for
accumulated  agricultural  experience in
cultivation and farm management practices.
Older farmers typically possess greater
experiential  knowledge in  managing
agricultural operations and selecting effective
agronomic techniques, which may contribute to
enhanced technical efficiency. Agricultural
experience enables farmers to make more
informed decisions regarding optimal farming
practices and to utilize resources more
efficiently. Experienced farmers tend to adopt
superior strategies for addressing agronomic
challenges such as adapting to variable climatic
conditions, optimizing input allocation, and
implementing timely interventions, thereby
fostering improvements in technical efficiency.
This accumulated practical knowledge,
developed over years of engagement with
farming systems, represents a valuable
intangible asset that positively influences
production  outcomes and  operational
performance.

The adoption of combined harvesting
methods can enhance efficiency throughout the
crop harvesting process. Such approaches
enable farmers to optimize the utilization of
time and resources, resulting in greater crop
recovery and elevated technical efficiency. The
presence of university-educated household
members within  farming families can
contribute to the advancement of agricultural
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management knowledge and skills. These
individuals, leveraging their formal education
and expertise, can assist in refining farming
strategies and decision-making processes,
thereby fostering improvements in technical
efficiency. Procurement of seeds from
reputable agricultural institutions, such as the
Agricultural Jihad Organization, facilitates
access to high-quality, pest-resistant seed
varieties. This practice directly contributes to
enhanced crop performance and yield stability
through improved genetic traits and reduced
vulnerability to biotic stresses. Residence in
rural areas serves as a significant enabler for the
timely execution of agronomic operations.
Proximity to farmland allows farmers to
respond promptly to critical cultivation
windows, while also facilitating greater
accessibility to local resources, extension
services, and emerging agricultural
technologies, all of which collectively support
the enhancement of technical efficiency in
farming systems.

Regarding factors exerting  negative
influences on technical efficiency, mixed land
ownership (personal and rental) warrants
particular attention. Under this arrangement,
farmers may exhibit diminished motivation to

invest in long-term land improvement or
optimize resource utilization. This disincentive
can lead to reduced adoption of modern
cultivation practices and insufficient attention
to proper land stewardship, ultimately exerting
an adverse effect on technical efficiency. Seed
procurement from personal or informal local
sources often results in the use of low-quality
seeds that are more susceptible to pests and
diseases. Such suboptimal genetic material
typically yields lower productivity and
compromises  crop  resilience, thereby
contributing to diminished output and reduced
technical efficiency. Possession of non-farm
income sources may divert farmers' focus away
from agricultural  activities, potentially
reducing their commitment to farming
operations and limiting investment in
agronomic  improvements. Farmers with
supplementary income streams may, due to
reduced reliance on agricultural earnings,
demonstrate lower motivation to optimize
production processes or adopt innovative
farming  techniques.  This  diminished
engagement can consequently lead to
suboptimal resource allocation and a decline in
technical efficiency within wheat production
systems.

Table 12- Factors affecting the technical efficiency of farmers producing rainfed wheat in Ahar County

Feature Coefficient Odds ratio Feature Coefficient Odds ratio
herb 1.074 2.927 Harvest_method combinatorial 0.156 1.169
Weed_control 0.895 2.448 Experience 0.142 1.153
Manure 0.827 2.286 Fam_mem_edu 0.096 1.101
Rental_value 0.505 1.658 Seed_purchase_score_jahad 0.088 1.092
Nitro 0.440 1.554 Residence_village 0.034 1.035
Farm_plots 0.380 1.462 Ownership_both -0.251 0.777
Pest 0.263 1.301 Seed_purchase_source_self_farm -0.306 0.736
Age 0.162 1.176 Nonfarm_income -0.856 0.424

Fig. 8 presents a ranking of the relative
influence exerted by each explanatory variable
within the logistic regression model developed
to analyze the technical efficiency of rain-fed
wheat producers. The horizontal axis represents
the magnitude and direction of the estimated
coefficients, with positive values indicating
factors that enhance efficiency, and negative
values denoting those that diminish it. The
vertical axis enumerates the various
determinants of farmer efficiency. The length

of each bar extending horizontally from the
central axis reflects the strength of a given
variable's impact on technical efficiency: longer
bars to the right signify stronger positive
influences, whereas longer bars to the left
indicate more pronounced negative effects. As
illustrated in the figure, herbicide application
demonstrates the strongest positive effect on
technical efficiency, while rural residence
exhibits the weakest positive influence among
the favorable factors. Conversely, mixed land
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ownership status (combining personal and
rental plots) exerts the most substantial negative
impact, whereas the presence of non-farm

income sources displays the least detrimental,
though still negative effect on technical
efficiency.

Feature Coefficients for Logistic Regression
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Figure 8- Examining the importance of variables that affect farmers' technical efficiency

Conclusion

This study was conducted with the objective
of applying data mining techniques to analyze
factors influencing the classification of rain-fed
wheat producers in Ahar County based on their
technical efficiency. The principal innovation
of this research lay in the implementation and
comparison of various machine learning
algorithms to address an agricultural economics
problem. The study demonstrated that
integrating Data Envelopment Analysis (DEA)
with machine learning algorithms can provide a
powerful analytical framework for efficiency-
related issues in the agricultural sector.

Subsequently, to predict farmers' efficiency
and analyze its determinants, statistical
methods were first employed to identify
variables exhibiting significant associations
with the target variable. Following the
identification of these variables, machine
learning algorithms, including  Logistic
Regression, Support Vector Machine, K-

Nearest Neighbors, and Random Forest, were
utilized to predict farmers' technical efficiency.
Comparison of these algorithms through
various performance evaluation metrics
revealed that each method possesses distinct
strengths and limitations in analyzing
agricultural data. Model estimation and
examination of results derived from the
confusion matrix, accuracy, and error
evaluation metrics, and ROC curves indicated
that the Logistic Regression algorithm
demonstrates superior predictive capability for
farmers' efficiency compared to the other
algorithms. This advantage primarily stems
from its  simpler  structure,  higher
interpretability, and favorable performance
with datasets of limited sample size.

Results obtained from the Logistic
Regression algorithm indicated that the
technical efficiency of rain-fed wheat producers
in Ahar County is influenced by two principal
groups of factors: those exerting positive effects
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and those exerting negative effects. Variables
with  positive impacts include herbicide
application, weed control practices, manure
usage, rental value of wheat cropland, nitrate
fertilizer application, number of farm plots,
pesticide use, farmer age, combined harvesting
method, farming experience, presence of
household members with university education,
seed procurement from the Agricultural Jihad
Organization, and rural residence. The second
group comprises variables with negative
effects, namely mixed ownership status of
cropland (personal-rental combination), seed
procurement from personal sources, and
possession of non-farm income.

Findings showed that both positive and
negative influences of various factors on the
technical efficiency of rain-fed wheat producers
in Ahar County, and given the efficacy of data
mining techniques in identifying these
determinants, several comprehensive and
actionable management recommendations can
be proposed. In particular, the optimal
application of herbicides, pesticides, and
appropriate fertilizers such as manure and
nitrate fertilizer can significantly enhance
farmers' technical efficiency. This finding is
consistent with the results reported by Aryan et
al. (2024). Therefore, it is recommended that
educational and extension programs be
implemented for farmers to enhance their
knowledge and promote the optimal utilization
of these agricultural inputs. In this context, data
mining-based decision support systems can
further assist farmers in selecting the optimal
input combinations. The obtained results are
consistent with the findings of Tanursaz et al.
(2021) and Ghasemi et al. (2023). Additionally,
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