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Introduction
Indiscriminate use of pesticides (Ps) is a growing concern 
in many developing countries where these substances 
are often believed to be effective against destructive 
pests (1). However, less than 1% of the Ps applied in the 
field finally reach the intended target pests, with the rest 
entering the soil, water, and air, leading to environmental 
pollution and concerns about side effects on non-target 
organisms (2). Therefore, Ps residues are now recognized 
as a major environmental and human health threat (3). 
Pesticides exposure can have both acute effects (e.g., mild 
or severe poisoning) and long-term effects on humans, 
including neurological diseases, respiratory diseases, 

genetic disorders, and adverse reproductive effects (4). 
Farmers and farm workers who regularly handle these 
chemicals are the most vulnerable to Ps exposure (5), 
while Ps residues in drinking water or food pose a threat 
to the health of the general population (6). Misuse of 
Ps is responsible for 180 000 deaths among farmers 
and farm workers annually, with about three million 
people experiencing serious poisoning and 25 million 
experiencing mild poisoning each year (7).

To reduce potential risks associated with Ps use, it is 
crucial to understand the factors that govern the likelihood 
of risk, including the characteristics of the population 
being exposed (8). Some experts propose that the first step 
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Abstract
Background: Farmers often use agricultural pesticides (Ps) unsafely, posing significant occupational 
hazards. This study aimed to identify factors associated with behavior in Ps use among farmers using 
an extended version of the theory of planned behavior (TPB).
Methods: This study investigated 326 farmers of Khuzestan using the TPB and an extended version, 
ETPB-P, which included perceived threat and exaggerated risk-related messages as additional variables 
to the original theory. 
Results: All TPB variables, except for subjective norms (β = 0.072, t = 1.303), were significantly 
associated with behavioral intention (BI) to take protective measures in pesticide use (P < 0.05). TPB 
paths could predict 32% (R2 = 0.32) of agricultural pesticide use behaviors, while the ETPB-P paths 
improved predictive ability to 60% (R2 = 0.60). The ETPB-P model demonstrated stronger power in 
predicting farmers’ intention and behavior to use pesticides safely than the original TPB. 
Conclusion: The extended TBP model can serve as a useful framework for designing occupational 
health promotion programs that could improve safety behavior in pesticide use among farmers.
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in reducing the risks of Ps use is to examine the behavior 
of those using pesticides (9). For example, proper disposal 
of Ps waste is one of the fundamental concerns when it 
comes to Ps use. In addition to empty containers, toxic 
substances may remain on containers even after use (10). 
The residue of the spray solution after use, the washing 
places of sprayers, and the washing solutions of sprayers 
are among the main sources of Ps waste that require 
attention (11). Negligent disposal of such waste can be 
hazardous to farmers if proper protective measures are 
disregarded (12). Moreover, it can pose a threat to non-
target organisms, such as beneficial insects and aquatic 
organisms (13). Farmers often use pesticides carelessly, 
especially in developing countries, and do not properly 
dispose of the waste generated (7). A previous study 
conducted in Iran found that 85% of the farmers stored 
chemical pesticides at their place of residence (14).

Farmers may lack awareness regarding the proper 
disposal of residual waste (15). The behavior of farmers 
concerning Ps use indicates that many farmers are 
unaware of the potential dangers of these chemicals, 
which normally occur due to unsafe practices (16). 
Such practices can pose significant risks to the farmers, 
hindering their ability to protect themselves (17). 
Factors that influence farmers’ behavior in this area 
are numerous and often unclear. Previous research has 
shown that attitudes towards occupational health and 
safety measures, awareness of such measures, and self-
efficacy are directly linked to farmers’ adoption of healthy 
practices, collectively accounting for 73% of the variance 
in farmers’ safety behavior (18).

Human behavior is influenced by beliefs and attitudes, 
so without changing beliefs and adopting appropriate 
behaviors, reducing the risk factors associated with Ps 
use in society cannot be guaranteed (19). Therefore, it 
is crucial to investigate farmers’ Ps use behaviors, given 
that it is the primary aspect of handling these hazardous 
substances (20). Limited research has been conducted on 
farmers’ safety behaviors related to Ps use (7). The present 
study focused on safety behavior among farmers in using 
Ps, including proper disposal of spray solution residues, 
use of designated sprayer washing areas, safe disposal of 
detergents, and use of personal protective equipment. 
Although several studies used the theory of planned 
behavior (TPB) (16), there has been little research on this 
topic in Iran, with only a handful of studies applying the 

well-known TPB (2). The TPB is a robust framework for 
understanding both intention and behavior, and it has 
proven effective in explaining various behaviors across 
different contexts (20).

Theoretical framework and hypothesis development
The theory of planned behavior 
The TPB (Figure 1) has received considerable attention 
in health behavior literature (21). It aims to explain 
behaviors that individuals can control, suggesting 
that their attitudes, subjective norms, and perceived 
behavioral control (PBC) shape their intention and 
engagement in a particular behavior (22). Attitudes refer 
to the evaluation of the positive or negative outcomes of a 
behavior, subjective norms include normative beliefs and 
the appropriate motivation to perform a behavior that 
peers and important people perceive as right, and PBC 
represents the degree to which an individual feels that 
behavior is under their voluntary control (2). Although 
previous studies have shown the TPB’s effectiveness in 
predicting behavior, particularly in predicting farmers’ 
intentions to utilize personal protective equipment, it is 
crucial to extend the theory with additional variables to 
address its limitations (23). This is because the TPB lacks 
comprehensiveness, failing to account for other influential 
factors like moral norms and disregarding indirect effects 
(20). The TPB allows for the inclusion of additional 
predictive variables to enhance its predictive power, with 
potential variables such as normative factors, self-identity, 
anticipated affect, and past behavior identified to improve 
its efficacy. However, it is essential for new variables in 
the TPB to be conceptually independent, applicable to a 
wide range of behaviors, and possess causal relationships 
in determining intention or action (24).

To enhance the predictive ability of the TPB, this 
study proposes an extension of the original model 
by incorporating perceived threat and perceived 
exaggeration of health-related messages from the 
Extended Parallel Process Model (25) (Figure 2). 
Perceived threat, encompassing perceived severity and 
perceived susceptibility, represents an individual’s 
belief regarding the potential harm or danger posed by 
a situation. Perceived exaggeration of health-related 
messages involves the belief that health messages overstate 
the existence of features that do not exist, exaggeratedly 
presenting information beyond reality (26).

Figure 1. The theory of planned behavior (22)
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By incorporating these variables, motivation can be 
integrated into the extended TPB, an important construct 
known to improve the model’s predictive capacity (26). 
Additionally, perceived threat can complement PBC, 
which is already included in the TPB (24), as individuals 
weigh their perceived threat against their perceived 
ability to cope to determine their motivation to form an 
intention (25,26).

Perceived exaggeration of health-related messages, as a 
measure of reactance within the Extended Parallel Process 
Model (25,26), was included in the proposed extended 
version of the TPB framework for this study to address 
individuals’ potential negative motivational responses 
to health-related messages, particularly those related to 
situations such as pesticide use. The addition of perceived 
exaggeration of health-related messages has the potential 
to provide insight into the resistance to the adoption of 
health behaviors in response to health-related messages.

Several recent studies have applied the TPB to explore 
factors influencing pro-environmental behavioral 
intentions (BIs), such as water conservation (27), green 
purchasing (28), and climate change action (29). This 
current study extends the application of the TPB to 
examine health behavior among farmers, contributing 
significantly to the understanding of TPB’s applicability 
in Ps use. Incorporation of perceived threat addresses 
the acknowledged but contentious influence of risk 
perception on safety behavior (30). 

Previous studies have highlighted the benefits of 
integrating or expanding existing models to improve 
their efficacy in practical applications (31). Research 
suggests that adding additional variables to the TPB can 
increase the explanatory power of the model in explaining 
safety behavior (32). Understanding safety behavior has 
implications for the development of effective interventions 
and policies aimed at promoting safe behaviors across 
diverse settings. 

Objective
This study aimed to determine predictors of safety 
behavior among vegetable farmers in Ahvaz, Iran, using 
an extended version of the TPB.

Materials and Methods
Participants and sampling
This study aimed to determine factors related to Ps use 
behavior in the farming community of Khuzestan in 
southwest Iran, from March to June 2022. The sample 
size was determined considering 50% prevalence, 6% 
precision, a two-sided significance level, and 90% power, 
with an estimated dropout rate of 10%. In total, 330 
questionnaires were distributed. The inclusion criteria 
were the ability to read and write in Persian (the official 
Iranian language), informed consent to participate in 
the study, and at least one year of farming experience. 
The exclusion criterion was failure to complete the 
questionnaire. Participants were selected by first preparing 
a list of all farmers. Then, farmers were randomly included 
in the study based on their identification number using 
simple random sampling. Recruitment and data collection 
involved various methods, including email, phone calls, 
and face-to-face interactions. Fewer than 10% of farmers, 
primarily those with higher education levels, requested 
an online questionnaire link. These processes involved 
researchers introducing themselves and explaining the 
research objectives before inviting farmers to participate 
in the research. After explaining the study’s objective 
and obtaining informed consent, a research assistant 
distributed and collected the research questionnaires 
from participants.

Measurement and data collection
Data were collected using a questionnaire that was 
developed in alignment with Ajzen’s guidelines (24), 
aiming to measure behavior in Ps use of and related 
factors. The item pool of the questionnaire draft consisted 
of 79 items, including demographic variables (8 items). 
After omitting duplicate items, they were divided into 
7 dimensions, 5 of which (45 items) measured variables 
related to TPB, i.e., attitudes towards Ps use (7 items), 
subjective norms in Ps use (4 items), PBC of Ps use (4 
items, e.g., I can buy and use pesticides as recommended), 
intention to take protective measures in Ps use (e.g., to 
use personal protective equipment during pesticide 
spraying) (5 items), and behavior in Ps use (7 items, e.g., 

Figure 2. The proposed extended theory of planned behavior
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I buy and spray pesticides as recommended on the label 
or by professionals). The other two dimensions of the 
questionnaire were created to measure two additional 
variables: perceived threat (4 items) and perceived 
exaggeration of health-related messages (2 items). All 
items were rated on a five-point Likert-type scale. Refer 
to the supplementary 1 for a breakdown of items and 
examples from the questionnaire for each model. Face 
validity, as assessed by impact score and content validity 
indices (including content validity index and ratio), 
yielded scores of 0.83 and 0.67, 0.89, respectively. The 
intraclass correlation coefficient for indirect items was 
0.89, and Cronbach’s alpha range for the questionnaire 
dimensions was 0.73-0.91.

Data analysis
Statistical description of demographic details of the 
respondents
Data were entered into Microsoft Excel (Microsoft 
Corporation 2018) for conducting statistical analysis of 
data using the Statistical Package for Social Sciences (SPSS 
26) (33). Demographic information of the respondents 
was analyzed, and comparisons of mean intention and 
Ps use behavior among farmers were conducted based 
on demographic variables, employing ANOVA and 
independent t-tests.

Hypothesis testing
Hypotheses were categorized based on Ajzen’s TPB (13), 
examining relationships between TPB variables and their 
connection to BI, as well as testing BI and PBC. Additionally, 
the relationship between new variables (perceived threat 
and perceived exaggeration of health-related messages) 
and Ajzen’s TPB variables (13) was tested. Finally, the 
predictive power of both statistical models derived from the 
hypotheses was compared to determine their effectiveness 
in predicting farmers’ Ps use behavior.

Data analysis approach
Data were analyzed using inferential statistics and 
structural equation modeling (SEM) to examine 
hypotheses and identify predictive factors related to 
farmers Ps use behavior. The least-squares procedure 
was used to substitute for SEM (34), and partial least 
squares SEM (PLS-SEM) was performed using SmartPLS 
3 software (35). PLS-SEM applied the variance-based 
method to concurrently test relationships between 
the baseline model’s constructs (36) and highlighted 
predictions in the statistical model from this study (37).

PLS-SEM was selected for its suitability in the 
context with recommended sample sizes, distributional 
assumptions, and statistical power (37). This method, 
widely used in medical science studies, offers advantages 
in testing conceptual frameworks (38). Given that it does 
not rely on assumptions such as the normal distribution 

of observed variables and large sample size (39), PLS-SEM 
is particularly well-suited for this study.

The analytical approach encompassed reliability analysis, 
convergent and discriminant validity, questionnaire, and 
model reliability. Employing the component-dependent 
method, the software facilitated the measurement of 
validity, reliability, and relations among variables. Two 
systematic methodologies were employed, following Hair 
et al (37) and Herjanto and Amin’s (40) recommendations 
for: 1) the measurement model and 2) the structural model. 
Data quality was ensured by considering several metrics, 
including Cronbach’s alpha (0.6), composite reliability 
(CR) (0.7), rho_A (0.7), average variance extracted (AVE) 
(0.5), and loading factor (0.7) (49-51). Bootstrap and 
t-statistic processes were used to ascertain significant path 
coefficients above 1.96 at the 95% confidence interval (41).

Measurement model
Assessment of the measurement model involved 
calculation of internal consistency reliability, convergent 
validity, and discriminant validity, in line with 
recommendations by Amin et al (42) and Hair et al (37).

Reliability
Both Cronbach’s alpha and CR were utilized to evaluate 
the internal consistency reliability of the measurement 
model. While Cronbach’s alpha values above 0.7 are 
generally considered reliable, sensitivity to the number 
of items in the scale (36) and population differences is 
acknowledged. Therefore, CR was also considered, as 
suggested by Hair et al (36).

Convergent validity
Convergent validity was assessed through standardized 
factor loading, CR, and AVE computations for each 
construct (43).

Discriminant validity
The Fornell-Larcker procedure was employed to 
establish discriminant validity, which states that the 
square root of the AVE for each latent variable should be 
greater than the correlations between that variable and 
other latent variables (44).

Structural model
Following external model testing, the endogenous model, 
illustrating the relationship between latent variables, 
underwent testing using a 5000 resampling technique. 
Research hypotheses were evaluated at this step, with the 
path coefficient (β) and the t-statistic being calculated 
according to the recommendations by Hair et al (37). 
The β values were used to determine the strength of the 
relationship between each pair of variables. Analysis 
included examination of PLS estimation results for the 
structural model, R2 values for endogenous variables, path 
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coefficients, and item loadings for the research constructs.

Overall model fit assessment
Goodness of fit (GoF) was assessed using two metrics: the 
standardized root mean squared residual (SRMR) and the 
GoF index. SRMR value, which aims to prevent model 
misspecification (45), is typically considered satisfactory 
when it falls below 0.10 or 0.08 (46). Additionally, the 
GoF index (with 0 < GoF < 1), proposed for PLS path 
modeling (47), is calculated as the geometric mean of 
the average communality and average R2 for endogenous 
constructs. Given that in the PLS path modeling 
approach, communality equals AVE, a cutoff value of 0.5 
for communality was used, as recommended by Fornell 
and Larcker (48). Furthermore, based on the effect sizes 
for R2 proposed by Cohen (49) (small: 0.02; medium: 0.13; 
large: 0.26), we derived the following GoF criteria for 
small, medium, and large effect sizes of R2 by substituting 
the minimum average AVE of 0.50 and effect sizes for R2 
as per previous document (50).

Values of GoFsmall = 0.1, GoFmedium = 0.25, and 
GoFlarge = 0.36 are recommended to represent weak, 
moderate, and strong values, respectively, for the overall 
model fit. In this study, the complete model yielded a GoF 
value of 0.471, which shows a strong overall model fit (50).

Results
Demographics
In this study, 330 farmers were invited to participate, 

but four incomplete or corrupted questionnaires were 
excluded, leaving a final sample of 326 participants. 
The sample was diverse in terms of gender, educational 
background, economic situation, and age. Farmers 
with higher education levels had higher mean scores of 
intentions to engage in safety behavior than farmers with 
lower education levels (P = 0.000), except for farmers with 
diplomas (Table 1). There was no significant difference 
in intention between age groups (P = 0.177), whereas the 
mean score of safety behavior was significantly lower 
among farmers aged 30-40 years than that of the farmers 
above 50 years old (P = 0.01). Farmer expertise was not 
associated with differences in the mean score of safety 
behavior (P = 0.510). Additionally, female farmers had 
significantly higher mean scores for safety behaviors than 
male farmers (P = 0.047) (Table 1).

Hypothesis testing with the TPB-P (Model 1)
Two structural equation models were developed to 
forecast behavior in Ps use among vegetable and summer 
labor farmers. The first model (Figure 3) was created to 
test the hypotheses and illustrate factor loading of each 
variable of the TPB-P as a baseline framework. This was 
done to identify factors associated with the safety behavior 
of farmers concerning Ps use.

In the measurement model, latent variables (ovals) were 
linked to their corresponding indicators (rectangles). 
In the structural model, the results of the test of the 
hypotheses of the first group of research are shown 

Table 1. Demographic characteristics of the study participants

Demographic 
variable Group Number of 

respondents (%)
Intention

Mean (SD) P value Behavior
Mean (SD) P value

Education level

Diploma 247 (74.8) 23425 0.000 a 2.2805 (0.68)

0.000 a
Associates degree 40 (12.1) 23200 2.3000 (0.76)

Bachelor 33 (10.0) 18424 1.8009 (0.88)

Master 6 (1.8) 15333 1.5000 (0.47)

Age (year)

 < 30 109 (33.3) 2.2556 (0.73) 0.177 a 2.2632 (0.75)

0.001 a
30-40 99 (30.3) 2.1758 (0.73) 2.0043 (0.69)

41-50 65 (19.9) 2.3169 (0.72) 2.2769 (0.72)

 > 50 54 (16.5) 2.4407 (0.70) 2.4603 (0.67)

Expertise (Year)

 ≤ 5 116 (35.2) 2.2052 (0.71) 0.510 a 2.2180 (0.76)

0.234 a

6-10 72 (21.8) 2.3667 (0.79) 2.1210 (0.71)

11-20 73 (22.1) 2.2603 (0.73) 2.2446 (0.77)

21-30 40 (12.1) 2.3900 (0.69) 2.2071 (0.51)

 > 31 22 (6.7) 2.2273 (0.79) 2.5390 (0.84)

Income

Excellent 21 (6.4) 2.2952 (0.67) 0.958a 2.2177 (0.61)

0.863 a
Good 150 (45.5) 2.2733 (0.72) 2.2267 (0.74)

Medium 134 (40.6) 2.2597 (0.77) 2.1940 (0.73)

Weak 21 (6.4) 2.3524 (0.60) 2.3401 (0.84)

Gender
Male 256 (77.6) 2.2336 (0.73) 0.054 b 2.1780 (0.74)

0.047 b

Female 70 (21.2) 2.4229 (0.70) 2.3735 (0.66)
a Compares means by ANOVA; b Compares means by t-test.
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in the first model (Figure 3), which confirmed all 
hypotheses, except one (subjective norms and BI). The 
hypothesis based on the relationship between subjective 
norms and BI was rejected. According to these results, 
subjective norms have an indirect relationship through 
attitude and PBC with intention. The other TPB paths 
between variables in the first statistical model were able 
to predict 32% of farmers’ safety behavior in the use of 
agricultural pesticides (R2 = 0.323) (Figure 3). The results 
of the methods related to the measurement model and the 
structural model are presented in Table 2.

Hypothesis testing with the ETPB-P (Model 2)
The second statistical model (Figure 4) aimed to test 

additional hypotheses (Table 3) and illustrate factor 
loading of each variable of ETPB-P as an extended 
framework. The model in Figure 2 is a proposed model 
for creating initial assumptions based on Ajzen’s model 
(1991). The model in Figure 4 is presented as a confirmed 
model based on the results of the hypothesis tests. As 
shown in Figure 4, the inclusion of two new variables 
in the original TPB led to changes in the structure of 
previous variables, and some items were categorized under 
different variables. The Categories of hypotheses based on 
Ajzen’s TPB are shown in Table 2 [The results of testing 
the first hypotheses in TPB-P (Model 1)]. Preliminary 
PBC (i.e., initial perception or belief an individual holds 
regarding their ability to perform a specific behavior), 

Figure 3. Measurement and structural model results of TPB-P (Model 1)

Table 2. The results of testing the first hypothesis in TPB-P (Model 1)

Hypothesis Path coefficient (β) Standard deviation T Statistics (O/SD) P value Result

Attitude - > BI 0.318 0.051 6.240 0.000 **

Attitude - > PBC 0.478 0.049 9.856 0.000 **

BI - > Behavior 0.360 0.061 5.904 0.000 **

PBC - > Behavior 0.272 0.058 4.680 0.000 **

PBC - > BI 0.403 0.053 7.571 0.000 **

Subjective norms - > Attitude 0.411 0.046 8.925 0.000 **

Subjective norms - > BI 0.072 0.055 1.303 0.193 ns

Subjective norms - > PBC 0.213 0.049 4.319 0.000 **

Abbreviations: BI, behavioral intention; PBC, perceived behavioral control.
** Significant at P < 0.01 (confirmed hypotheses); ns: not significant.
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preliminary BI (i.e., initial inclination or predisposition 
of an individual towards engaging in a specific behavior), 
and no to do preparedness behaviors (i.e., intention to 
refrain from engaging in preparedness behaviors).

In the second model (Figure 4), direct paths to intention 
originated from preliminary BI (P < 0.001), attitude 
(P < 0.001), and perceived control (P < 0.001). Subjective 
norms, however, exhibited an indirect path through 

Figure 4. Measurement and structural model results of the ETPB-P (Model 2)

Table 3. The second hypothesis testing extended TPB (ETPB-P) (Model 2)

Hypothesis Path coefficient (β) Standard deviation T statistics (O/SD) P values

Attitude - > BI 0.274 0.049 5.566 0.000a

Attitude - > PBC 0.316 0.058 5.400 0.000a

Attitude - > preliminary BI 0.277 0.054 5.167 0.000a

BI - > Preparedness behaviors 0.404 0.055 7.332 0.000a

Moderating effect of preliminary PBC - > No to do preparedness behaviors 0.242 0.045 5.437 0.000a

No to do preparedness behaviors - > Behavior -0.217 0.035 6.160 0.000b

PBC - > Behavior 0.133 0.041 3.273 0.001a

PBC - > BI 0.305 0.051 5.973 0.000a

PBC - > No to do preparedness behaviors -0.159 0.065 2.461 0.014b

PBC - > Preparedness behaviors 0.215 0.056 3.800 0.000a

Perceived threat - > Attitude 0.642 0.037 17.558 0.000a

Perceived threat - > preliminary PBC 0.500 0.045 11.002 0.000a

Perceived exaggeration - > No to do preparedness behaviors 0.269 0.049 5.515 0.000a

Preparedness behaviors - > Behavior 0.619 0.041 15.049 0.000a

Subjective norms - > Attitude 0.197 0.041 4.808 0.000a

Subjective norms - > preliminary BI 0.283 0.053 5.353 0.000a

Preliminary BI - > BI 0.338 0.046 7.292 0.000a

Preliminary PBC - > No to do preparedness behaviors -0.207 0.069 3.018 0.003b

Preliminary PBC - > PBC 0.454 0.058 7.758 0.000a

Abbreviations: BI, behavioral intention; PBC, perceived behavioral control.
a Positive and Significant; b Negative and significant.
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attitude (P < 0.001) and preliminary BI (P < 0.001). 
Together, these constructs can predict approximately 
54% of the intention to engage in Ps use safety behavior 
(R2 = 0.543) (Figure 4). All causal relationships in the 
visual model (Figure 4) were verified and confirmed. The 
lines between variables in this model represent significant 
relationships (P < 0.01).

The study confirmed hypotheses that there are 
relationships between perceived threat or perceived 
exaggeration of health-related messages and constructs of 
the TPB. A standardized regression coefficient β, which 
estimates the number of standard deviations of change 
in the outcome variable for a one standard deviation unit 
change in the predictor variable while controlling for other 
predictors (51), was used to quantify this relationship. 
The effect size of a coefficient β is categorized as small 
for effect sizes between 0.10-0.29, medium for effect 
sizes between 0.30-0.49, and large for effect sizes of 0.50 
or greater (49,52). The beta coefficient values of the two 
relationships mentioned above were found to be large.

Behavioral intention path
A more concise model was developed by combining 
perceived threat and perceived exaggeration of health-
related messages into the TPB, which maintained the 
previous relationships and confirmed the previous 
hypotheses (Figure 4). The results showed positive and 
significant relationships between all variables (Table 3), 
except for preliminary PBC to no to do preparedness 
behaviors (β = -0.207, t = 3.018), PBC to no to do 
preparedness behaviors (β = -0.159, t = 2.461), and no to do 
preparedness behaviors to behavior (β = -0.217, t = 6.160) 
were negative and significant (Table 3). Together, these 
variables in the ETPB-P model predicted approximately 
60% of farmers’ safety behavior in Ps use (R2 = 0.607).

All indirect paths in model 2 had significant specific 
indirect effects, except for the second indirect path 

(Subjective norms to attitude to PBC to no to do 
preparedness behaviors to behavior), which was not 
significant. 

Measurement model and path model analysis
For consistency reliability, Cronbach’s alpha was calculated 
to be 0.748, and average rho_A was 0.753. Only one item 
had a value below 0.6 for Cronbach’s alpha and rho_A, 
while the other items were above 0.7. Factor loading for 
each construct was analyzed, and the average of reflective 
indicators was 0.723. One indicator had a value below 
0.6, 18 were between 0.6 and 0.7, and 32 were above 0.7. 
Average CR was 0.842, and the constructs ranged from 
0.762 to 0.912. The AVE was 0.552, with only four of 
them having an average of 0.461, which were between 0.4 
and 0.5, while the others were above 0.5. Despite some 
variables having a loading value below the threshold, 
according to Shrestha, the convergent validity of the 
construct is still adequate when the AVE was less than 0.5, 
and CR was higher than 0.6. Due to this reason and the fact 
that the panel of experts emphasized the existence of these 
variables, it was decided to keep them (53).

ETPB-P structural model
Table 3 and Figure 4 display the test results and 
coefficients for the second hypothesis tests. Additionally, 
Table 4 presents β and t-statistics. Based on the t-statistic 
and path coefficients, all hypotheses were confirmed. PLS 
estimation results for the structural model, including the 
R2 values for the endogenous variables, path coefficient 
values, and item loadings for the research constructs, are 
illustrated in Figure 4.

ETPB-P discriminant validity
Discriminant validity was accepted with the Fornell-
Larcker criterion (except for two very close cases) (48), as 
shown in Table 4.

Table 4. Discriminant validity values of ETPB-P using Fornell-Larcker criterion

 A B C D E F G H I J K L

Attitude 0.697            

Perceived threat 0.705 0.756           

Behavior 0.477 0.354 0.715          

Preparedness behaviors 0.447 0.328 0.732 0.644         

BI 0.578 0.481 0.524 0.536 0.742        

Moderating effect of preliminary PBC -0.183 -0.131 -0.188 -0.221 -0.134 0.575       

No to do preparedness behaviors -0.396 -0.311 -0.407 -0.236 -0.269 0.258 0.78      

PBC 0.564 0.433 0.491 0.463 0.613 -0.032 -0.331 0.791     

Perceived exaggeration -0.196 -0.259 -0.105 -0.101 -0.193 0.071 0.345 -0.124 0.916    

Subjective norms 0.401 0.318 0.324 0.399 0.363 -0.086 -0.201 0.403 -0.107 0.668   

Preliminary BI 0.391 0.311 0.375 0.396 0.584 -0.098 -0.161 0.455 -0.203 0.395 0.723  

Preliminary PBC 0.548 0.5 0.365 0.318 0.503 0.089 -0.334 0.627 -0.183 0.461 0.423 0.705

Abbreviations: BI, behavioral intention; PBC, perceived behavioral control.
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Overall model fit
The SRMR value for this model was 0.072, which is 
considered a good fit as the value is less than 0.10 or even 
0.08. The GoF value obtained for the complete model was 
0.471, exceeding the cut-off value of 0.36 for large effect 
sizes of R2. This indicates that the model performed well 
compared to the baseline values defined earlier.

Discussion
The objective of this study was to investigate the 
factors associated with the Ps use among farmers in 
Khuzestan, Iran. The TPB by Ajzen (22) was employed 
as the theoretical framework to examine the relationship 
between TPB variables and BI. All TPB variables, except 
for subjective norms, were significantly associated with 
BI. The TPB model accounted for 32% of the variance in 
Ps use behavior.

Furthermore, perceived threat and perceived 
exaggeration of health-related messages were identified 
as significant factors related to the TPB constructs. 
Therefore, to enhance the predictive power of the TPB 
model concerning farmers’ intention and behavior in Ps 
use, these two variables could be integrated to develop 
an improved version of the TPB, called ETPB-P. The 
ETPB-P model showed stronger predictive power than 
the original TPB in predicting intention and behavior 
in Ps use among farmers, confirming the findings 
of previous studies and highlighting the benefits of 
expanding existing models to improve their efficacy in 
practical applications (18,31). For example, adding new 
constructs has been found to increase the explanatory 
power of the TPB in explaining safety behavior (7,18), 
which is consistent with the results of this study. Based 
on the findings of the present study, future research on 
Ps use behavior could integrate the ETPB-P variables, i.e., 
perceived threat and perceived exaggeration of health-
related messages, to provide a more comprehensive 
understanding of the determinants of Ps use behavior 
among farmers.

TPB model
The TPB construct of subjective norms had an indirect 
relationship with BI through attitude and PBC. This 
finding is in line with previous research done in Iran on 
Ps use behavior of farmers, which found that subjective 
norms did not predict intentions (2). The weak relationship 
between subjective norms and intentions is a well-known 
limitation of the TPB (54). This is because intentions are 
heavily influenced by personal factors such as attitudes and 
PBC (55) and because the construct of subjective norms 
needs expansion into a multidimensional construct (56). 
The incorporation of new variables, as suggested in this 
study, can increase the explanatory power of the original 
TPB model, emphasizing the need for additional research 
to explain the Ps use behavior among farmers.

TPB-P and ETPB-P model
The two models, TPB-P and ETPB-P, exhibited satisfactory 
validity criteria, which is consistent with previous studies 
that have used TPB or other health behavior theories 
and models to assess health behavior and environmental 
health education and promotion (57-59).

In the TPB-P model, attitude was found to be the 
strongest predictor of PBC. According to this model, the 
performance of a behavior is influenced by the availability 
of resources and the ability to overcome barriers. 
Individuals who perceive more resources and fewer 
obstacles tend to have a higher PBC, leading to stronger 
intentions to perform a specific behavior. However, 
individuals may intend to change their health behaviors, 
but their daily environment may not facilitate these 
behaviors (60). Recent studies have suggested that an 
individual’s intentions to engage in behavior are lower if 
they perceive little control over that behavior, even if they 
have a positive attitude (29). This finding is consistent 
with the argument that PBC plays a more significant role 
than attitudes in predicting intentions. Understanding 
this mechanism will facilitate the implementation of 
policies and educational instructions to promote farmers’ 
healthy behavior.

In the ETPB-P model, perceived threat was found to 
be the strongest predictor of attitude. This means that 
to achieve the desired attitude, more emphasis should 
be placed on perceived threat. Numerous studies have 
reported that perceived threat is an essential factor in 
influencing protective behavior (61). Health risk messages 
typically focus on making individuals think about actual 
threats to their health (25). Therefore, if farmers perceive 
themselves to be vulnerable to the risks of pesticides, they 
become fearful and motivated to act. Thus, the greater 
the perceived threat, the stronger the motivation to take 
action (25).

Model differences
This study aimed to investigate the predictability of 
farmers’ occupational behavior in Ps use using an extended 
version of the TPB. The extended TPB of the present study 
could predict 60% of the variance in farmers’ occupational 
behavior. In contrast, Bagheri et al (2) found that the three 
constructs of the TPB (i.e., attitudes, subjective norms, 
and PBC) explained 81.9% of the variance in farmers’ 
behavior in safe Ps use. These differences in findings in 
the explanatory power of the TPB may be influenced by 
factors such as geographical and cultural differences, as 
well as the type of crop cultivated.

Geographical location has a profound impact on 
culture, attitudes, beliefs, and behavior (62). Cultural 
differences, defined as how norms and values of a society 
differ from those of other societies (63), may also affect 
farmers’ behavior. Normative influence has been shown 
to consistently affect perceptions and actions (64), and 
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behavior can be affected by cultural factors, including 
norms and beliefs.

The type of crop cultivated may also have an impact 
on the predictability of farmers’ occupational behavior. 
This study included only vegetable farmers, while the 
study of Bagheri et al (2) included all types of farmers. 
As different crops require different numbers of pesticide 
applications with different pesticides in terms of toxicity, 
the type of crop cultivated may affect the behavior in Ps 
use (65).

Taken together, these findings suggest that spatial 
components and the type of cultivated crop may influence 
the predictability of farmers’ occupational behavior by the 
TPB model. It is important to note that training can be a 
valuable intervention for reducing farmers’ exposure to Ps, 
which highlights the need for designing and implementing 
effective training programs in this field (65).

The ETPB-P model demonstrated stronger predictability 
of farmers’ Ps use behavior compared to the TPB-P 
model, suggesting the need to incorporate variables such 
as perceived threat and perceived exaggeration of health-
related messages in the original TPB. These variables 
have been shown to increase the explanatory power of the 
original model in explaining safety behavior, as suggested 
in previous literature (7,18).

The inclusion of perceived threat in the model aligns 
with previous literature, as it has been shown to predict 
attitudes and PBC (66). Such findings support the notion 
that increasing perceived threat and PBC can positively 
affect farmers’ intentions and engagement in protective 
behaviors when using pesticides (67).

Additionally, the study confirmed prior research that 
perceived exaggeration of health-related messages is 
associated with reduced intentions to engage in safety 
behaviors (68). The incorporation of these constructs 
can further improve the design and implementation of 
interventions aimed at addressing farmers’ use of Ps.

Implications
Several recent studies have applied the TPB to investigate 
factors influencing pro-environmental BI, such as water 
conservation (27), green purchasing (28), and climate 
change action (29). The present study expands the use of 
TPB to examine health behavior among farmers, making a 
significant contribution to the knowledge base regarding 
the application of TPB to the use of Ps.

The findings of this study offer practical suggestions 
for policymakers and practitioners in managing farmers’ 
behavior in Ps use in agriculture. Specifically, combining 
perceived threat and perceived exaggeration of health-
related messages with TPB may be a more effective 
approach to promoting healthy BI among farmers. It is 
important to consider the strongest predictors in tailoring 
media messages and designing and implementing 
educational programs in this area.

Strengths and limitations of the study
To the best of the authors’ knowledge, no prior study has 
examined the Ps use behavior among farmers using the 
ETPB-P model. The TPB-P model and ETPB-P model 
proposed in this study can serve as a framework for 
planning, implementing, and evaluating occupational 
health education and promotion programs. However, this 
study has certain limitations. The cross-sectional nature 
of the data analysis prevents causal inference. Future 
studies are recommended to use longitudinal surveys or 
experimental designs to establish causality. Additionally, 
some variables had loadings below the designated 
threshold levels, indicating the need for further evaluation 
of the measurement model using more restrict criteria. 
Lastly, as this study focused only on vegetable farmers, the 
results may not be generalizable to all farmers. Therefore, 
additional research on other agricultural products is 
recommended.

Conclusion
This study aimed to identify factors associated with 
behavior in Ps use among farmers of Khuzestan using 
the TPB framework and an extended version of the TPB, 
called ETPB-P, which included perceived threat and 
perceived exaggeration of health-related messages as 
additional variables to the original model. Both models 
exhibited favorable validation criteria. The ETPB-P 
demonstrated higher explanatory power of intention 
and behavior related to Ps use compared to the TPB-P 
model. Perceived threat was found to be the strongest 
predictor of attitude in the ETPB-P model. The study 
makes a valuable contribution to existing research by 
incorporating new variables, i.e., perceived threat and 
perceived exaggeration of health-related messages, into 
the TPB to better understand farmers’ behavior in Ps 
use. The extended TBP (ETPB-P) model can serve as a 
useful framework for designing relevant occupational 
health promotion programs that could improve the 
safety behavior of farmers in Ps use. These should focus 
on safe pesticide handling training, personal protective 
equipment access, and fostering collaboration between 
researchers, policymakers, and agricultural communities. 
Future research should explore ETPB-P’s effectiveness 
in guiding interventions for sustainable agricultural 
practices.
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