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Abstract

Despite the critical role of pesticide management in sustainable agriculture, no prior study has applied the Theory of
Planned Behavior within a Structural Equation Modeling framework to examine pear farmers’ pesticide use in Tiirkiye.
To address this gap, this study investigates factors shaping pear farmers’intentions and behaviors regarding pesticide use
in Bursa Province, a region with high agricultural potential and one of Tiirkiye’s highest pesticide consumption rates.
Data were collected from 290 pear producers through face-to-face surveys and complemented by official statistics. A
quantitative approach was employed, using Structural Equation Modeling to test associations among Theory of Planned
Behavior constructs: attitude, subjective norms, perceived behavioral control, intention, and pesticide use behavior. Re-
sults show that subjective norms exert a significant negative effect on pesticide use intention, whereas perceived behav-
ioral control has a positive and significant influence on intention. Attitudes toward pesticide use were not significantly
associated with pesticide use intention, and neither perceived behavioral control nor intention had a significant direct
effect on pesticide use behavior, indicating a clear intention-behavior gap. These findings highlight that social pressures
and perceived control shape intentions, yet structural, informational, or contextual barriers may prevent intentions from
translating into practice. The study contributes to the literature by integrating the Theory of Planned Behavior with
Structural Equation Modeling in pear production, offering empirical evidence to inform policymakers and agricultural
extension services in designing targeted interventions for sustainable pesticide management. The insights are particular-
ly relevant for regions with high pesticide dependence and for enhancing global pear production sustainability.
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Introduction

Global population growth continues to exert pressure
on agricultural systems, raising urgent concerns about
whether agriculture can generate enough food and raw
materials to satisfy the needs of future populations (FAO
2022a; UN 2022). Increasing productivity per unit area
has therefore become a critical goal, and farmers rely
on various pest and disease control strategies including
chemical, biological, and integrated pest management to

protect crops and sustain yields (Pan et al. 2021; Wang and
Liu 2021; FAO 2022b). Among these, chemical control
through pesticides gained prominence during the Green
Revolution of the 1940s and has since played a vital role in
boosting agricultural productivity (USDA 2022). Howev-
er, while pesticides remain indispensable for food security,
their misuse and overuse continue to pose severe environ-
mental, food safety, and public health risks (Bagheri et al.
2021b; WHO 2022).

The paradox is clear: pesticides protect food supply
but simultaneously threaten human and environmental
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health. Less than 1% of applied pesticides reach their in-
tended targets, with the rest contaminating soil, water, and
air, entering the food chain, and causing diseases such as
cancer and immune suppression (Tariq et al. 2007; Fian-
ko et al. 2011; Gill and Garg 2014). Misuse has been doc-
umented globally, from Europe where over 2,400 food
safety issues linked to pesticide residues were reported
between 2015 and 2020 (RASFF 2020; Pan et al. 2021) to
Africa, where unregulated pesticide use has heightened
risks to human health and food security (Ntow et al. 2006;
Williamson et al. 2008). Fruits and vegetables are especial-
ly affected (Pan et al. 2021). Against this backdrop, the key
research question motivating this paper is: What drives
the intentions and actual behaviors of pear farmers con-
cerning pesticide application in Tiirkiye?

Tiirkiye ranks among the world’s top ten agricultural
producers (FAO 2022c¢) and is a significant pesticide con-
sumer. In 2023, the country used 57,576 tons of pesticides,
ranking 11" globally and accounting for 1.54% of world
pesticide consumption (FAOSTAT 2025). Bursa, along-
side Antalya, Manisa, Adana, and Mersin, is one of the
provinces with the highest pesticide use (Ministry of Ag-
riculture and Forestry 2022a). Although these inputs have
contributed to productivity, misuse and over-application
largely stem from farmers’ decisions about dosage, tim-
ing, and application methods (Tudi et al. 2022). Globally,
scholars have investigated pesticide use behaviors through
various lenses, with many adopting the Theory of Planned
Behavior (TPB) and Structural Equation Modeling (SEM)
to capture the psychological and social determinants of
farmer decisions (Beedell and Rehman 2000; Rezaei et al.
2018; Bagheri et al. 2021a; Lou et al. 2021). The TPB has
been widely applied to explain pro-environmental prac-
tices, including pesticide use and safety. Prior studies con-
sistently demonstrate that attitudes, subjective norms, and
perceived behavioral control (PBC) are central in shaping
farmers’ intentions and behaviors. For example, Asante et
al. (2023) showed that these constructs significantly influ-
enced both intentions and actual pesticide-use behaviors
in Ghana. Similarly, Bagheri et al. (2021b) found that TPB
variables predicted farmers’ intentions toward safe pes-
ticide handling in Iran, which in turn determined actual
practices. In Tiirkiye, Batbay and Kahramanoglu (2024)
confirmed the strong predictive power of attitudes, sub-
jective norms, and PBC on pesticide-use intentions, with
attitudes emerging as the most influential factor. Extend-
ing the framework, Sapkota et al. (2025) demonstrated in
Nepal that the Extended TPB further improves explana-
tory power by incorporating additional psychosocial di-
mensions. Collectively, these studies underscore TPB’s
robustness in agricultural contexts, while also pointing
to the value of model extensions for capturing contextual
variations in farmers’ decision-making. In Tiirkiye, how-
ever, most studies have focused on farmers’ knowledge
and awareness (Isin and Yildirim 2007; Tiryaki and Akar
2018; Erdil and Tiryaki 2020), with only limited research
addressing behavioral drivers directly (Ozkan et al. 2016;
Bayraktar and Boz 2020). To date, no study has applied
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TPB within an SEM framework to systematically analyze
pesticide use behaviors among pear farmers in Tiirkiye.

This paper makes three contributions. First, it fills a
research gap by applying TPB to the pesticide use behav-
ior of pear farmers, thereby linking socio-psychological
theory with empirical evidence in an agricultural context.
Second, it provides novel data from Bursa Province, a re-
gion that combines high agricultural potential with some
of Tirkiye’s highest pesticide consumption rates, mak-
ing it a critical case for understanding farmer behavior.
Third, by employing SEM, the study rigorously tests the
TPB framework and quantifies the relative influence of at-
titudes, subjective norms, and perceived behavioral con-
trol on farmers’ intentions and behaviors. Together, these
contributions enrich the literature on sustainable pest
management by clarifying the determinants of pesticide
use intention and pesticide use behavior, and they provide
actionable insights for policymakers.

The remainder of this paper is structured as follows.
Section 2 outlines the conceptual framework. Section 3
describes the study area, data collection, and methodol-
ogy. Section 4 presents the empirical findings, while Sec-
tion 5 discusses their theoretical and policy implications.
Section 6 concludes with the key contributions and future
research directions.

Theoretical framework

Numerous theories have been developed to explain human
behavior, yet the TPB proposed by Ajzen (1991) remains
one of the most widely applied frameworks. The TPB
(Fig. 1) has been widely used to predict farmers’ pesticide
use intentions and pesticide use behavior (Damalas et al.
2006; Damalas 2021), providing a structured framework
for understanding why farmers act in particular ways
when making pesticide application decisions (Daxini et al.
2019). According to the theory, behavior is primarily de-
termined by behavioral intention, which is influenced by
three key constructs: attitude toward the behavior, subjec-
tive norms (SN), and perceived behavioral control (PBC)
(Ajzen 1991; Shirahada and Zhang 2022).

Attitude refers to an individual’s favorable or unfavor-
able evaluation of performing a particular behavior (Ajzen
1991). In agricultural contexts, farmers are more likely to
develop positive pesticide use intentions when they per-
ceive appropriate pesticide use behavior as beneficial for
their economic outcomes, health, and environmental sus-
tainability. Subjective norms describe the perceived social
pressure from important others to engage in or avoid spe-
cific behaviors (Ajzen 1991; Aliabadi et al. 2020; Gholam-
rezai et al. 2021; Khan et al. 2021; Pirmoghni et al. 2024).
Individuals often comply with these social expectations to
avoid disapproval or social rejection (Bamberg and Mds-
er 2007). Consequently, farmers’ pesticide use intentions
are likely to strengthen when they perceive that respected
peers or community members support appropriate pesti-
cide use behavior, as social approval reinforces behavioral
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Figure 1. TPB model illustrating pear farmers' pesticide use behavior in Turkiye.

motivation (Daxini et al. 2019; Bagheri et al. 2021b; Gow-
da et al. 2021; Rajeh 2022; Shirahada and Zhang 2022; Sok
et al. 2024; Uikey et al. 2025).

PBC, on the other hand, represents an individual’s per-
ception of how easy or difficult it is to perform a behav-
ior, reflecting both personal capabilities and situational
constraints (Bamberg and Moser 2007). This construct
indicates the degree to which a person feels capable of ex-
ercising volitional control over a given behavior (Fishbe-
in and Ajzen 2011; Mahdavi 2021). Accordingly, farmers’
pesticide use intentions are strengthened when they feel
confident in their ability to perform appropriate pesti-
cide use behavior effectively (Daxini et al. 2019; Despo-
tovi¢ et al. 2019; Rajeh 2022; Sarma 2022; Shirahada and
Zhang 2022; Bhandari et al. 2025; Sharifzadeh et al. 2025;
Sookhtanlou and Khoshnodifar 2025).

Material and method

This study draws on both primary and secondary data
sources. The primary data were obtained through a spe-
cifically designed questionnaire administered via face-to-
face interviews with pear farmers in the study area, while
the secondary data were derived from official statistical
databases and sectoral reports.

Research design, questionnaire, variables, and
scale

This study employed a quantitative approach to examine
pesticide use behaviors among pear farmers within the
framework of the TPB. A structured questionnaire was de-
veloped based on prior research on TPB applications and
pesticide use behavior (Bagheri et al. 2021a, 2021b; Sarma
2022) and was administered between April and May 2023.

The questionnaire captured data on the socio-demo-
graphic characteristics of the pear farmers as well as con-
textual variables related to their pesticide use behaviors.
TPB-related constructs were measured using a 5-point
Likert scale ranging from 1 (strongly disagree) to 5
(strongly agree), in line with previous studies in this field.

To ensure the reliability and validity of the scale, a
reliability analysis was performed. Reliability analysis
evaluates the internal consistency of survey items, pro-
viding a measure of the coherence and dependability of
the collected data (Chan and Idris 2017). In this study,
Cronbach’s Alpha for the thirteen items was 0.648, in-
dicating moderate internal consistency for the overall
scale. Each construct’s reliability was assessed separate-
ly. All CR values exceeded 0.70. AVE values acceptable.
Reliability in survey-based behavioral research is com-
monly evaluated using Cronbach’s Alpha coefficient.
According to established benchmarks, a Cronbach’s
Alpha value below 0.40 indicates that a scale is unre-
liable, values between 0.40 and 0.60 indicate low reli-
ability, values between 0.60 and 0.80 indicate acceptable
reliability, and values above 0.80 indicate high reliability
(Cortina 1993; Ritter 2010). In line with SEM practice,
reliability was assessed separately for each latent con-
struct rather than for the overall scale.

However, Cronbach’s Alpha alone may underestimate
reliability in latent-variable models, particularly when
constructs contain few indicators or unequal factor load-
ings. Therefore, composite reliability (CR) and average
variance extracted (AVE) were also examined to assess in-
ternal consistency and convergent validity. Following the
criteria suggested by Hair et al. (2017), CR values above
0.70 indicate satisfactory reliability, while AVE values
above 0.50 support convergent validity.

Research area

Bursa holds a prominent place in pear production. In
2023, global pear output was 26,507,458.1 tons, of which
Tiirkiye produced 534,513.0 tons (2.01% of global produc-
tion). Bursa alone contributed 247,795 tons, representing
46.36% of Tirkiye’s total pear production (FAOSTAT
2025; TURKSTAT 2025).

Fig. 2 illustrates the geographical location of Tiirkiye
within the world and the position of Bursa Province with-
in Tiirkiye. The figure also provides a detailed representa-
tion of the districts within Bursa. The study area is specifi-
cally focused on the districts of inegdl, Giirsu, and Kestel.
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Figure 2. Geographical location of the study area.

Sampling

According to data obtained from the Bursa Provincial
Directorate of Agriculture and Forestry for the year 2021,
the total number of pear-producing farmers across all dis-
tricts of Bursa Province was reported as 4,340 (Ministry of
Agriculture and Forestry 2022b).

For the second stage, in order to implement stratified
random sampling, data on pear cultivation areas and other
necessary information for all 4,340 farmers were request-
ed from the Bursa Provincial Directorate of Agriculture
and Forestry. However, the request could not be fulfilled
due to the unavailability of these data at the Directorate.
Therefore, proportional sampling was applied based on
the total number of farmers (Equation 1) (Chan et al. 1996;
Chen et al. 2001; Bayraktar and Boz 2020). To determine
the required sample size, proportional sampling based on
population size was applied. The sample size was calcu-
lated using the finite population sampling formula:

N-p-(1-p)

"EWoD 2 (1op) W

where:

o n=required sample size;

o N=population size (4,340 pear-producing farmers);
o p =assumed population proportion;

o 1-p=complementary proportion;

+ 0, = standard error of the population proportion.

Because no prior information on the proportion was
available, p = 0.50 was assumed, which maximizes sam-
pling variance and yields the most conservative sample
size estimate. The standard error of the population pro-
portion was calculated based on the selected confidence
level and margin of error using:

Op = 7 (2)

where d is the margin of error and Z is the Z-value cor-
responding to the confidence level. In this study, a 90%
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confidence level was used (Z = 1.645) and the margin of
error was set at 0.05, resulting in 0,=0.03039.
Substituting the study parameters into Equation (1),
the required sample size was calculated as follows:
4340 x 0.50 x 0.50

= 3
"7 4340 — 1) x (0.03039) + 0.50 x 0.50 3)

First, the numerator was calculated:
4340 x 0.50 x 0.50 = 1085 (4)
Then, the denominator was obtained:
(4340 — 1) x (0.03039)% + 0.25 = 4339 x
0.0009236 + 0.25 = 4.006 + 0.25 = 4.256  (5)

Finally, the required sample size was determined:

1085
n=ors = 254.9 ~ 255 (6)

Thus, the minimum required sample size was calcu-
lated as 255 farmers. To increase statistical reliability and
account for potential non-response or incomplete ques-
tionnaires, 290 valid surveys were ultimately collected and
included in the analysis.

Based on the proportional sampling formula, it was deter-
mined thatatleast 254 pear-producing farmers in Bursa Prov-
ince should be surveyed face-to-face. During the study, a to-
tal of 290 reliable and valid surveys were collected. Therefore,
the research was conducted based on these 290 responses.

The 2021 data from the Bursa Provincial Directorate
of Agriculture and Forestry also provide the number of
pear producers and total pear cultivation areas by district
(Table 1). The three districts with the highest number of
pear producers, representing 61.6% of the total, were In-
egol, Giirsu, and Kestel. In terms of total pear cultivation
area, the leading districts were Karacabey (33.2%), Inegél
(16.2%), Giirsu (15.5%), and Kestel (10.5%). Although
Karacabey ranked first in cultivation area, it was only
11" in terms of the number of producers, indicating that
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Table 1. Distribution of the number of pear producers and total pear cultivation areas by district in Bursa Province,

based on 2021 data.

Districts Number of pear Percentage of total pear Total cultivation area (da) Percentage of total pear cultivation
producers producers in the province (%) area in the province (%)
inegol 1,086 25.00 20,810 16.20
Giirsu 802 18.50 19,912 15.50
Kestel 734 18.10 13,483 10.50
Osmangazi 440 10.1 11,928 9.3
Mustafakemalpasa 280 6.5 4,813 3.8
Yildirim 259 6.0 6,265 4.9
Iznik 216 5.0 1,832 1.4
Niliifer 114 2.6 1,072 0.8
Yenigehir 112 2.5 2,214 1.7
Mudanya 96 22 1,135 0.9
Karacabey 56 1.3 42,583 332
Orhangazi 32 0.8 1,817 1.4
Keles 22 0.5 130 0.1
Orhaneli 21 0.5 197 0.2
Gemlik 20 0.4 103 0.1
Harmancik
Biiyiikorhan
Total 4,340 100.0 128,301 100.0

Source: Bursa Provincial Directorate of Agriculture and Forestry 2021.

large-scale producers operate there. Considering both the
ease of accessing survey participants and the potential in-
fluence of outliers in farm size, Karacabey was excluded
from the study. Consequently, the study focused on Ine-
gol, Giirsu, and Kestel, which ranked among the top three
in producer numbers and the top four in production area.

Although Karacabey district accounts for a substantial
share of total pear cultivation area in Bursa Province, it
was excluded from the sampling frame due to its markedly
different farm structure. Official statistics show that Ka-
racabey is characterized by a small number of very large-
scale commercial producers, whereas the selected districts
(Inegdl, Giirsu, and Kestel) consist predominantly of small
and medium-scale family farms. Including Karacabey in
the sample would therefore have introduced substantial
structural heterogeneity in farm size, production organi-
zation, and pesticide management practices.

Since Structural Equation Modeling assumes a rela-
tively homogeneous population in terms of behavioral
mechanisms, combining large-scale commercial farms
with smallholder producers could have biased parameter
estimates and obscured the behavioral relationships un-
der investigation. The study therefore focused on districts
that represent the majority of pear farmers in terms of
producer numbers and typical farm structures, ensuring a
more internally consistent sample for behavioral analysis.

Based on this, the allocation of the 254 surveys ac-
cording to the number of pear producers in each district
is presented in Table 2. Within the study, a minimum of
103 surveys were planned for inegdl, 76 for Giirsu, and 75
for Kestel. In practice, a total of 290 reliable surveys were
collected. The actual distribution of these 290 surveys by
district is also shown in Table 2, with 107 surveys in Ine-
gol, 95 in Kestel, and 88 in Giirsu.

Since the data obtained from the Bursa Provincial Di-
rectorate of Agriculture and Forestry pertain to 2021 and
the study was conducted in 2023, updated data were re-
quested from the District Agriculture Directorates and
Chambers of Agriculture for Inegé')l, Giirsu, and Kestel.
Accordingly, the distribution of the number of pear pro-
ducers and cultivation areas by village in Inegdl district is
presented in Table 3.

The distribution of the number of pear producers and
cultivation areas by village in Giirsu district is presented
in Table 4. Surveys were planned for the four villages with
the highest number of pear producers, and the allocation
of surveys by village is also provided in Table 4.

The distribution of the number of pear producers and
cultivation areas by village in Kestel district is presented
in Table 5. Surveys were planned for the four villages with
the highest number of pear producers, and the allocation
of surveys by village is also shown in Table 5.

Table 2. Proportional distribution (%) of surveys planned for the districts with the highest number of pear producers

in Bursa Province.

Districts Number of pear producers Percentage of total producers  Planned number of surveys Actual number of surveys
(%) based on percentage conducted
Inegol 1,086 40.6 103 107
Giirsu 802 30.0 76 88
Kestel 784 29.4 75 95
Total 2,672 100.0 254 290
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Table 3. Number of pear producers and pear cultivation areas in inegdl district, Bursa Province.

Village name Total number of pear producers in the village

Total pear cultivation area in the village (da) Number of surveys conducted

Deydinler 86
Siile 75
Akincilar 64
Kayapinar 58
Edebey 56
Isadren 56
Turgutalp 54
Celtikei 53
Yenicekdy 52
Pagadren 45
Other 614
Total 1,213

1,026.77 15
1,381.89 13
608,55 11
871.04 10
625.91 10
472.98 10
963.55 10
671.49 10
604.61 9
384.29 9

6,240.13

13,851.21 107

Source: Inegl District Directorate of Agriculture and Forestry 2021.

Table 4. Number of pear producers and pear cultivation areas in Gursu district.

Village name Number of pear producers

Cultivation area (da)

Number of surveys conducted

Adakoy 174
Kazikli 150
Karahidir 140
Hasankoy 138
Other 602
Total 1,116

4,400 25
3,300 22
3,000 21
2,600 20
13,300 0
22,884 88

Source: Giirsu District Directorate of Agriculture and Forestry 2021.

Table 5. Number of pear producers, cultivation areas, and planned surveys in Kestel district.

Village name Number of pear producers

Cultivation area (da)

Number of surveys conducted

Serme 179
Babasultan 164
Barakfakih 162
Goleiik 149
Other 565
Total 1,219

2,032,507 26
1,172,399 24
1,772,407 23
1,610,152 22
4,465,851 0
11,053,316 95

Source: Kestel Chamber of Agriculture 2021.

Structural equation modelling

This study investigates the pesticide use behaviors of pear
farmers in Bursa, Tiirkiye’s leading pear-producing region,
by employing SEM within the framework of the TPB.

SEM is a robust statistical approach that allows for the
simultaneous examination of causal and reciprocal rela-
tionships among both observed and latent variables. Unlike
traditional regression techniques, SEM accounts for mea-
surement errors and interdependencies among constructs,
providing a more precise and comprehensive evaluation
of theoretical models (Hair et al. 2017). SEM is composed
of two key components: the measurement model and the
structural model. The measurement model links observed
indicators to latent constructs, enabling the estimation of un-
derlying variables. The structural model, on the other hand,
assesses the directional relationships among latent variables.

In this study, SEM was utilized to test the following
hypotheses (H —H,) concerning the determinants of pes-
ticide use intentions and behaviors among pear farmers
within the TPB framework.

Emirates Journal of Food and Agriculture

Attitude represents an individual’s positive or nega-
tive evaluation of pesticide use behavior. In agricultur-
al settings, farmers evaluate pesticide use in terms of
crop risk, production costs, environmental impacts, and
long-term farm sustainability. Studies applying the TPB
in pesticide contexts show that more favorable attitudes
toward appropriate pesticide use behavior strengthen
farmers’ pesticide use intentions (Bagheri et al. 2021b;
Damalas 2021). Therefore:

H : Pear farmers’ attitudes influence their pesticide use
intentions.

Subjective norms reflect perceived social pressure from
peers, extension agents, input suppliers, buyers, and fami-
ly members. In many agricultural communities, pesticide
application practices are shaped by local production cul-
ture and peer expectations. Farmers may feel compelled
to spray more frequently to meet market standards or to
conform to dominant farming practices (Beedell and Reh-
man 2000; Bagheri et al. 2019). Thus:
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H,: Pear farmers’ subjective norms influence their pes-
ticide use intentions.

PBC reflects farmers’ perception of their capacity to
manage pesticide use behavior given their knowledge,
financial resources, pest pressure, and access to available
pest-control options. Prior research shows that farmers
with greater confidence in their ability to manage pests ef-
fectively are more likely to develop stronger pesticide use
intentions (Daxini et al. 2019). Accordingly:

H,: Pear farmers’ perceived behavioral control influ-
ences their pesticide use intentions.

H,: Pear farmers’ perceived behavioral control influ-
ences their pesticide use behaviors.

Within the TPB, behavioral intention is the most im-
mediate predictor of behavior. Farmers with stronger pes-
ticide use intentions are expected to exhibit correspond-
ing pesticide use behavior in their application decisions.
However, structural constraints such as pest outbreaks,
market requirements, or financial pressures may weaken
this relationship. Therefore:

H,: Pear farmers’ intentions regarding pesticide use in-
fluence their actual pesticide use behaviors.

Within the SEM framework based on the TPB, factors
expected to exert direct or indirect effects on both pesti-
cide use intentions and behaviors were included (Rezaei
et al. 2018; Bagheri et al. 2019; Despotovi¢ et al. 2019; Fa-
rani et al. 2019; Rezaei et al. 2019a, 2019b; Yazdanpanah
et al. 2019). First, the intention construct within the TPB
framework was calculated using the following formula:

I=wy-A+wgy- SN+ wppe - PBC (7)

The calculation of the three basic factors in the formula

is as follows: .
A= b,—e,—
2 ®

SN = Znimi (9)
i—1
PBC =) cip; (10)
i=1

Behavior is defined by the formula below. The effect of
intention and PBC variables on the behavior variable is
tested in this way.

B = w;I + wppcPBC (11)
b, n, ¢ represent the strength of each item related to a spe-
cific outcome or attribute;

m, p denote the evaluation of the outcome and the cor-
responding attribute.

B stands for behaviors, I for intentions, A for atti-
tudes, SN for subjective norms, and PBC for perceived
behavioral control, w is an empirically derived coefficient,
as suggested in prior studies (Ajzen 1991; Ajzen 2002;
Damalas 2021; Govindharaj et al. 2021; Lou et al. 2021).

Results
Demographics

The demographic characteristics of 290 pear producers
are summarized in Table 6. Most (57.9%) are aged 41-60,
showing that production is dominated by middle-aged and
older farmers. Education levels are low, with 36.2% prima-
ry and only 3.5% university graduates. A majority (74.5%)
are covered by Bag-Kur, while 3.1% lack social security.
Households commonly have 3-4 members. Producers av-
erage 31.8 years in farming and 30.3 years in pear produc-
tion, though nearly 60% fall below the average. Farming
is the primary occupation for 98.6%, but 27.9% also earn
non-agricultural income, mainly pensions or secondary
jobs. Cooperative membership reaches 59.3%, mostly
in agricultural development cooperatives, while 36.9%
participate in associations, largely irrigation-related. Av-
erage annual agricultural income is 888,482.8 TL, with
661,620.7 TL from pears, though most earn less. Expendi-
tures average 407,310.3 TL in agriculture and 303,344.8
TL in pear production, again with most below the mean.

Structural equation modelling

SEM was conducted using LISREL 11.2 to validate the
measurement model and to test the hypothesized struc-
tural relationships.

Measurement model

First, the relationships between the measurement model,
the latent variables, and their observed indicators were ex-
amined. The results of the measurement model are present-
ed in Table 7. The model was evaluated in terms of reliability
and validity. Convergent validity was assessed using Com-
posite Reliability (CR), and Average Variance Extracted
(AVE). According to Hair et al. (2017), convergent validity
is supported when AVE values exceed 0.55 and CR values
exceed 0.70. The results of the measurement model met
these criteria (Table 7). As shown in Table 7, all constructs
met these thresholds, confirming the adequacy of the meas-
urement model despite some moderate factor loadings. In-
dicators with loadings slightly below 0.50 were retained due
to their theoretical relevance and because construct-level
CR and AVE statistics remained within acceptable limits, a
practice considered acceptable in exploratory agricultural
behavior research (Rezaei et al. 2018; Bagheri et al. 2021a;
Lou et al. 2021). Although several observed indicators ex-
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Table 6. Demographic characteristics of the pear producers in the study.

Demographic characteristics n % Demographic characteristics n %
Age Social Security Status
22-30 years 10 3.4 Bagkur (self-employed) 216 74.5
31-40 years 60 20.7 SSK (wage earners) 62 21.4
41-50 years 94 324 No social security 9 3.1
51-60 years 74 25.5 Pension fund 3 1
61 years and above 52 17.9 Total 290 100
Total 290 100 Membership in agricultural cooperatives
Education Level Member 172 59.3
Did not complete primary school 6 2 Non member 118 40.7
Primary school graduate 105 36.2 Total 290 100
Secondary school graduate 69 23.8 Type of cooperative joined
High school graduate 100 345 Agricultural development 88 51.2
University graduate 10 3.5 Development & Credit 54 31.4
Total 290 100 Credit 30 17.4
Household Size Total 172 100
1-2 persons 22 7.6 Membership in agricultural associations
3—4 persons 127 43.8 Member 107 36.9
5-6 persons 95 32.8 Non member 183 63.1
7 or more persons 46 15.9 Total 290 100
Total 290 100 Type of association joined
Agricultural Experience (Avg: 31.8 years) Irrigation only 88 82.2
Avg. & below 162 55.9 Irrigation & sugar beet/fruit 19 17.8
Avg. & above avg. 128 44.1 growers
Total 290 100 Total 107 100
Pear production experience (Avg: 30.3 years) Main occupation
Avg. & below 173 59.7 Farmer 286 98.6
Avg. & above avg. 117 40.3 Other 4 1.4
Total 290 100 Total 290 100
Non-agricultural income status Sources of non-agricultural income
Yes 81 27.9 Pension 39 48.2
No 209 72.1 Rent 2 2.5
Total 290 100 Secondary job 40 49.3
Non-agricultural income level (Avg.: 97,222.2 TL) Total 81 100
Avg. & below 46 56.8 Agricultural expenditure (Avg: 407,310.3 TL)
Above avg. 35 432 Avg. & below 205 70.7
Total 81 100 Above avg. 85 29.3
Agricultural income level (Avg: 888,482.8 TL) Total 290 100
Avg. & below 190 65.5 Income from pear production (Avg: 661.620,7 TL)
Above avg. 100 345 Avg. & below 197 67.9
Total 290 100 Above avg. 93 32.1
Expenditure on pear production (Avg: 303,344.8 TL) Total 290 100
Avg. & below 202 69.7
Above avg. 88 30.3
Total 290 100

Note: The exchange rate on May 15,2023, was 1 USD = 19.6386 TRY (Central Bank of the Republic of Tiirkiye 2025).

hibited factor loadings slightly below the commonly recom-
mended threshold of 0.50 (B1, I2, and PBC1), these items
were retained for both theoretical and methodological rea-
sons. First, each of these indicators represents a conceptu-
ally important dimension of the respective latent construct.
Removing them would have reduced the content validity of
the constructs and potentially narrowed their conceptual
coverage within the TPB framework. Second, in covari-
ance-based SEM, factor loadings between 0.40 and 0.50 may
be considered acceptable when composite reliability (CR)
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and average variance extracted (AVE) values remain within
recommended thresholds (Hair et al. 2017). In the present
study, all constructs demonstrated satisfactory CR (> 0.70)
and AVE (> 0.50), indicating adequate internal consistency
and convergent validity despite moderate individual load-
ings. Third, given the applied and field-based nature of ag-
ricultural behavioral research, slight deviations from ideal
loading thresholds are not uncommon due to contextual
heterogeneity among farmers. A model refinement proce-
dure was considered. However, removing the lower-loading
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Table 7. Outcomes of the measurement model.

Variables of measurement model Factor loadings T-values
Pesticide Use Behavior (B) (CR = 0.746 AVE = 0.610)
B1. I use pesticides frequently and in large quantities when cultivating pears. 0.46 2.70
B2. Regardless of their hazard level, I must use the most effective pesticides available on the market when 0.61 2.77
cultivating pears.
Pesticide Use Intention (I) (CR = 0.728 AVE = 0.576)
I1. I would prefer to cultivate pears using smaller quantities of pesticides. 0.69 2.43
12. I would prefer to cultivate pears using less hazardous pesticides that cause the least harm to nature. 0.43 2.10
Attitudes (A) (CR = 0.955 AVE = 0.877)
Al. I feel guilty when I use more pesticides than necessary. 0.88 18.93
A2. 1 feel a moral obligation regarding the overuse of pesticides nowadays. 0.92 20.18
A3. 1 feel a moral obligation regarding the overuse of pesticides for the sake of future generations. 0.94 21
Subjective Norms (SN) (CR = 0.883 AVE = 0.716)
SN1. Farmers around me try to use fewer pesticides. 0.89 16.12
SN2. Farmers around me think that I should reduce my pesticide use. 0. 89 16.11
SN3. I care about the opinions of farmers around me regarding excessive pesticide use. 0.51 8.84
Perceived Behavioral Control (PBC) (CR = 0.779 AVE = 0.544)
PBCI. I believe I can reduce my pesticide use in pears if [ want to. 0.41 5.97
PBC2. I have sufficient knowledge and skills to use fewer pesticides. 0.88 9.62
PBC3. I can manage to use exactly the amount of pesticide that the pears need (neither more nor less). 0.53 7.25

References: Bagheri et al. 2021a, 2021b; Sarma 2022.

indicators did not substantially improve model fit indices or
construct reliability, and therefore the theoretically ground-
ed measurement structure was retained. Together, these
findings provide strong evidence that the measurement
model possesses acceptable convergent and discriminant
validity, supporting the robustness of the SEM results.

Structural model

Following the assessment of the measurement model, the
analysis proceeded to the structural model to examine the
pesticide use behavior of pear producers. In the structur-
al model, the latent variables behavior and intention were
treated as endogenous constructs, while attitudes, SN, and
PBC were considered exogenous constructs. Initially, the
observed indicators corresponding to the exogenous latent
variables were entered into the path diagram and linked
to their respective latent constructs. Subsequently, the en-
dogenous latent variables were added, and unidirectional
paths were specified to establish the hypothesized relation-
ships. According to the TPB, attitudes, subjective norms,
and PBC are expected to influence intention, which in turn
affects behavior. In addition to the effect of PBC on inten-
tion, its direct effect on behavior was also tested. The struc-
tural model was therefore specified in accordance with
these theoretical expectations. The overall model fit was
first assessed using goodness-of-fit indices to determine
its adequacy (Table 8). As shown in Table 8, the structur-
al model demonstrated acceptable fit according to multi-
ple indices, including CFI, GFI, NFI, RMSEA, and RMR.
Moreover, other fit statistics also supported the model’s
adequacy (* = 88.55, df = 57, p = 0.00469, x*/df = 1.6).
After establishing the adequacy of the model based on
goodness-of-fit indices, the detailed results of the structural

Table 8. Goodness-of-fit indices for the structural model.

FitIndex Value Recommended Threshold Interpretation
CFI 0.97 >0.95 Excellent fit
GFI 0.95 >0.95 Excellent fit
NFI 0.93 >0.90 Acceptable fit
IFI 0.97 >0.95 Excellent fit
RMSEA 0.04 <0.05 Excellent fit
RMR 0.05 <0.05 Excellent fit

Note: CFI = Comparative Fit Index; GFI = Goodness-of-Fit Index;
NFI = Normed Fit Index; IFI = Incremental Fit Index; RMSEA = Root
Mean Square Error of Approximation; RMR = Root Mean Square
Residual. Values indicate the overall adequacy of the structural model.

model are presented. Table 9 summarizes the significance
of the relationships among latent variables and the cor-
responding hypotheses for pesticide use behavior among
pear producers. Variables were considered significant if the
p-value was below 0.05 and the t-value exceeded 2.0. Key
findings from Table 9 can be summarized as follows:
Subjective norms significantly influenced pear pro-
ducers’ pesticide use intention (t = 3.53, p < 0.001)
with a negative path coeflicient, indicating that per-
ceived social pressure may weaken farmers’ pesticide
use intentions. Perceived behavioral control (PBC) had
a significant positive effect on pesticide use intention
(t =2.022, p = 0.044), suggesting that farmers who per-
ceive greater control over their actions are more willing
to adopt appropriate pesticide use behavior. Attitudes
toward pesticide use were not significantly associated
with intention, indicating that current attitudes of pear
producers do not translate into pesticide use intentions.
PBC did not have a significant direct effect on pesticide
use behavior, and pesticide use intention likewise did
not translate into observable changes in pesticide use
behavior, revealing a clear intention-behavior gap.

Emirates Journal of Food and Agriculture
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Table 9. Structural model results.

Hypothesis Regression path Path coefficient t-statistics p-Value Interpretation
H, A-->1 -0.031 0.516 0.606 Not supported
H, SN -->1 -0.183 3.53 0.000* Supported
H, PBC -->1 0.183 2.022 0.044%* Supported
H, PBC -->B -0.135 1.787 0.075 Not supported
H, I-->B 0.031 0.405 0.686 Not supported

5

Note: Significance levels are indicated as follows: *p < 0.01, ** p < 0.05. Variables with t-values greater than 2.0 and p-values below 0.05 are considered

statistically significant.

Figure 3. Visual results of SEM.

These findings suggest that, while social norms and
perceived control play a role in shaping intentions, the
translation of intentions into actual behavioral change is
limited among pear producers. This highlights a potential
intention-behavior gap in pesticide management practic-
es, which may be influenced by structural, informational,
or contextual constraints.

The visual representation of the estimated SEM is pre-
sented in Fig. 3. The path coefficients among latent vari-
ables, reported in Table 9, are depicted schematically. Ad-
ditionally, the factor loadings of the observed indicators
that define the latent constructs, as reported in Table 7, are
also illustrated in the diagram.

Discussion

This study situates its findings within the literature by
comparing results with four key TPB-based studies
(Bagheri et al. 2019; Damalas 2021; Govindharaj et al.
2021; Wang et al. 2018). Bagheri et al. (2019) extended
the TPB with additional contextual factors and found that
subjective norms and perceived behavioral control (PBC)
strongly influenced pesticide-use intentions. Damalas
(2021) incorporated risk perception, showing that subjec-
tive norms, PBC, and attitudes significantly shaped inten-
tions, which were central to pesticide reduction. Similar-
ly, Govindharaj et al. (2021) highlighted the influence of
subjective norms and PBC among rice farmers, while atti-
tudes were mediated by socio-economic and environmen-
tal conditions. Wang et al. (2018) confirmed the relevance
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of attitudes, subjective norms, and PBC as determinants of
pesticide application in China.

The present study on pear producers reveals patterns
both consistent with and divergent from previous research.
In line with earlier findings, subjective norms and perceived
behavioral control significantly influenced pesticide use
intention, underscoring the importance of social expecta-
tions and farmers’ perceived capacity to manage pesticide
use behavior. An unexpected result, however, is the nega-
tive effect of subjective norms on pesticide use intention.
Within the framework of the Theory of Planned Behavior,
subjective norms are typically expected to strengthen be-
havioral intention by reflecting perceived social approval.
In agricultural production systems characterized by strong
performance expectations and risk aversion, however, so-
cial pressure may operate in the opposite direction.

In the pear-producing regions of Bursa, farmers are
embedded in tightly connected local production networks
where yield stability, visual crop quality, and market accep-
tance are highly valued. Peer farmers, input suppliers, and
local traders often emphasize preventing pest-related loss-
es, which may implicitly encourage intensive pesticide use
behavior. Under such conditions, subjective norms may re-
inforce conventional spraying practices rather than encour-
age change, especially when farmers perceive that deviating
from established practices could result in lower yields, rep-
utational risk, or economic loss. This pattern is consistent
with agricultural sociology research showing that produc-
tion culture and peer influence can sustain high-input prac-
tices even when farmers are personally motivated to adopt
more responsible pesticide use behavior. Farmers may
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experience normative pressure not only from neighbors
and family members but also from market intermediaries,
pesticide retailers, and extension agents who prioritize crop
appearance and short-term productivity. The negative coef-
ficient may also reflect farmers’ perceived responsibility for
maintaining family income and farm continuity, suggesting
that subjective norms may align with economic survival
rather than environmental sustainability.

While subjective norms and PBC influenced pesti-
cide use intention, attitudes were not a significant pre-
dictor, contrasting with some earlier studies. Moreover,
pesticide use intention did not translate into pesticide
use behavior, revealing a clear intention-behavior gap.
Within the Theory of Planned Behavior, such gaps often
emerge when structural constraints limit individuals’
ability to act on their intentions.

Several contextual factors may explain this discrepancy
in Bursas pear-growing systems. First, market dependen-
cy plays a critical role. Farmers frequently operate under
contracts or informal agreements that prioritize visual crop
quality and yield stability, encouraging intensive pesticide
use behavior to secure market access. Second, pest risk un-
certainty discourages changes in pesticide use behavior, as
unpredictable outbreaks lead farmers to rely on preventive
spraying. Third, extension and advisory services may be
insufficient or inconsistent, leaving farmers without prac-
tical guidance for alternative pest-management strategies.
Fourth, input supplier influence is substantial, since pes-
ticide retailers often serve as primary information sources
and may emphasize product use rather than integrated pest
management. Fifth, economic pressures including rising in-
put costs, price volatility, and limited insurance coverage en-
courage risk-averse pesticide use behavior. Finally, regulato-
ry enforcement gaps may weaken incentives for behavioral
change when monitoring and penalties are inconsistent.

Taken together, these structural constraints explain
why pesticide use intention does not automatically trans-
late into pesticide use behavior. Effective policy interven-
tions should therefore go beyond awareness campaigns
and address systemic barriers by strengthening extension
services, improving pest monitoring systems, regulating
input advisory practices, supporting market incentives
aligned with recommended pesticide use behavior, and
enhancing enforcement mechanisms.

Overall, the results reaffirm the central role of sub-
jective norms and PBC in shaping farmers’ intentions
while highlighting two critical nuances: the limited role
of attitudes in this context and the disjunction between
intentions and behavior. These findings contribute to
TPB-based agricultural research by emphasizing the need
to examine contextual factors that may hinder the realiza-
tion of intended sustainable practices.

Conclusions

This study modeled pear farmers’ pesticide use behavior
in Bursa, one of Tiirkiye’s leading production regions,
using the Theory of Planned Behavior framework. The

results indicate that, despite extensive farming experience,
farmers rely heavily on pesticides, often applying them
preventively and with limited attention to safety and envi-
ronmental risks. Improper disposal practices further high-
light important public health and ecological concerns.

The structural model revealed that subjective norms
negatively influence farmers’ pesticide use intention, sug-
gesting that social pressure within farming communities
may reinforce conventional high-input pesticide use be-
havior rather than more responsible practices. Peer ex-
pectations, market quality standards, and the perceived
responsibility to secure farm income appear to discour-
age deviation from intensive spraying regimes. Perceived
behavioral control, on the other hand, positively affected
pesticide use intention, indicating that farmers who feel
capable of managing pest risks are more willing to adjust
their pesticide use behavior. However, pesticide use inten-
tion rarely translated into pesticide use behavior, revealing
a clear intention-behavior gap. Farmers attitudes were
not significant predictors of intention, underscoring the
importance of structural and social constraints in pesti-
cide-related decision making.

The observed gap between pesticide use intention and
pesticide use behavior suggests that changing pesticide
practices requires addressing systemic barriers rather than
relying solely on individual awareness. Market dependen-
cy on cosmetically perfect produce, uncertainty about pest
outbreaks, limited access to effective extension services,
strong influence from input suppliers, economic pressures,
and gaps in regulatory enforcement all constrain farmers’
ability to act on their intentions. Policies aimed solely at
raising awareness are therefore unlikely to be sufficient.

More concrete policy measures are needed. First, com-
munity-based extension programs, demonstration or-
chards, and farmer field schools can help reshape social
norms by visibly demonstrating successful low-pesticide
practices. Second, strengthening pest monitoring systems
and providing localized IPM decision-support tools can
reduce uncertainty and improve farmers’ perceived be-
havioral control. Third, market incentives such as price
premiums, certification schemes for low-residue produce,
and public procurement standards can align economic
rewards with safer practices. Fourth, improved oversight
and training for input suppliers can ensure balanced ad-
visory services that promote integrated pest management
rather than routine pesticide use. Finally, targeted subsi-
dies, crop insurance mechanisms, and consistent residue
monitoring and enforcement can reduce financial risks
and reinforce behavioral change.

This study should be interpreted in light of certain
limitations related to sampling and external validity. The
empirical analysis is based primarily on small and medi-
um-scale pear producers located in Inegél, Giirsu, and
Kestel districts of Bursa. Although these districts repre-
sent the dominant production structure in the region,
large-scale commercial farms, particularly those concen-
trated in districts such as Karacabey, were not included
due to structural differences in production organization
and market integration. Therefore, the findings are most
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appropriately generalized to small and medium-scale pear
farmers in Bursa Province and similar agricultural con-
texts. Future research should compare behavioral deter-
minants across different farm-size categories and examine
how institutional and market conditions shape pesti-
cide-related decision making.

Overall, the study demonstrates that changing pesticide
use behavior requires more than individual awareness. It
requires coordinated interventions that reshape social
norms, reduce economic and informational barriers, and
align market and policy incentives with recommended
pesticide use practices.
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