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Abstract
Extreme weather events (EWEs) such as hailstorms are an increasing threat to agriculture worldwide.
To develop successful and efficient hailstorm risk management policies, it is important to understand
the composition of farmers’ hailstorm risk perceptions. This study aims to identify the determinants
of these risk perceptions. This is done by collecting pertinent information on the perceptions of risk,
farm traits, adaptive capacity, and various other personal characteristics from farmers’ households in
hailstorm-oriented areas of northern Bangladesh. By analyzing the explanatory power of various risk
factors using the binary logistic regression model, this study reveals that the hailstorm risk perceptions
of farmers are embodied by subjective risk factors, such as their perceived control of hailstorm risk,
and their personal circumstances. Their perceived resources for tackling hailstorm risk are the most
significant predictor variable of hailstorm risk perceptions. Marginal and smallholder farmers are very
vulnerable and perceive more risk than is the case with the medium-holder and large-holder farmers,
owing to the lack of a compensation policy after the occurrence of hailstorms. The relevant authorities
should pay urgent attention to managing hailstorm risks by developing adequate adaptive capacity
among farmers in northern Bangladesh.
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Introduction
The world is facing a multitude of climate change
and environmental issues. Various studies suggest
that climate-related events and natural hazards are
increasing worldwide [1-3]. EWEs, such as droughts,
thunderstorms, hailstorms, and lightning, are increasing
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on a daily basis [4] with impacts that are more visible
[5]. Countries with developing economies are more
vulnerable to the continuously changing climate, owing
to the huge impact on their agricultural sectors caused
by the increasing frequency of EWEs and disasters
[6]. Over the past decade, developing economy-based
countries have faced annual losses of United States
dollars (USD) 35 billion caused by various natural
disasters and, more specifically, EWEs [3]. These losses
in the economic sector have strong linkages in both
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forward and backward directions between and within
socio-economic conditions [7-9].
Hailstorms are natural hazards that are generally
over a small scale; however, regardless of their localized
occurrence, they are considered a major natural hazard
that leads to huge economic losses to the agricultural
sector, property, and livelihoods [5]. Most of the related
existing research demonstrates the climatology of
thunderstorms and hailstorms [10-11], their causes and
consequences [10], and coping strategies [12]. Raihan
et al. (2020) studied the emergence of hailstorm risk
and its potential threats to sustainable agriculture in
Bangladesh [13]. Understanding worldwide was found
to be inadequate in relation to the community risk
analysis of hailstorms, farmers’ adaptive capacity, and
identification of the determinants of risk perceptions
regarding hailstorms.
Bangladesh is very vulnerable to climate change due
to its geographical location and is considered to be one
of the most natural hazard-susceptible countries in the
world [14-15]. It is regularly affected by tidal floods and
flash floods, cyclones, coastal erosion, storm surges, soil
salinity, thunderstorms with or without hail, droughts,
and lightning that cause an enormous loss of life and
property and, very importantly, significantly affect
agricultural productivity [16]. The severity of climate
change and the increase in EWEs ultimately result in
harmful impacts on Bangladesh’s largest gross domestic
product (GDP) earning sector, that is, the agricultural
sector [17]. Rural communities have developed some
coping and adaptive strategies for conventional hazards,
such as droughts, floods, soil salinity, and cyclones,
and the government has a well-established policy to
support victims [16], whereas no explicit policy has
been established to address the issue of hailstorms [13].
However, for most smallholder farmers in Bangladesh,
the successful adoption of different adaptation strategies
and the development of adaptive capacity at the
individual farmer’s level as well as at the community
level are very important to lessen their vulnerability
and reduce the potential risks of all natural hazards
faced [18], with hailstorms no exception.
Accurate risk perception is indispensable when
adopting a high-yielding risk management strategy as it
is believed that the farmer who is unaware of the risk
confronted is unable to manage it practically [19-20].
Effective adaptation measures to minimize the risks
to the agricultural sector rely on risk perception at the
individual level, the ability to control the risks, and
supports or incentives from the relevant authority after
a catastrophic hazard occurrence [21]. Several existing
studies have shown positive relationships between
natural hazard risk perceptions and adaptive capacity
as well as decision making for adaptation behaviour
[18, 22, 23, 24]. With all other natural hazards and, in
this case, hailstorms, understanding farmers’ hailstorm
risk perceptions is also important as this could form
the basis for understanding their potential responses
to hailstorm risk management. Various studies have
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inquired about farmers’ risk perceptions and the
determinants in relation to climate change as a whole
[24], as well as for individual hazards such as floods
[25], droughts [7], cyclones, earthquakes [26], etc. but
the focus on risk factors for hailstorms is almost nil.
Moreover, hailstorms are the most prioritized natural
hazard in northern Bangladesh when considering the
vulnerability of its sustainable agriculture [13]. Northern
Bangladesh is seriously affected by hailstorms, resulting
in a significant impact on the agricultural sector and
rural livelihoods [27]. As hailstorms are acknowledged
as potential hazards in northern Bangladesh [13], it is
necessary to be acquainted with the different factors
that act as determinants for hailstorm risk perceptions
so these hazards can be better managed.
This research aims to measure the determinants
which are the most important contributors to farmers’
hailstorm risk perceptions. Assessment of these
determinants will be helpful in improving the adaptive
capacity of farming communities. Moreover, this could
assist scholars and, most importantly, policy makers
when designing effective hailstorm risk management
policies. This study will also enrich the very limited
existing literature on the determinants that affect
farmers’ hailstorm risk.

Literature Review and Construction
of the Conceptual Framework
Today, risk perception is widely used terminology
in climate change risk management and adaptation,
the entrepreneurship decision-making process [28],
and policy making [29]. According to Sjoberg (1998),
the perception of risk is a subjective judgement of the
likelihood of a respective event such as flood, drought,
cyclone, etc. and stakeholders’ subsequent awareness
of its level of damage [30]. The three approaches
used to measure the risk are objective, subjective, and
perceptive [31], with none of these approaches correct
on its own as, using a single approach to solve one risk,
is not possible [32]. In the objective approach, based on
expected utility theory, it is assumed that stakeholders
have sufficient information on the probabilities and
consequences regarding a risky event [23], with this
theory widely used to investigate different extreme
weather events, disaster-induced losses, and adaptation
strategies in the agricultural sector. This theory
suggests that, as farmers have sufficient information
on any natural hazard’s probabilities and impacts, their
risk perceptions are in line with the original risk and
can be perfectly assessed using objective risk factors
[33]. However, most people rely on potential negative
consequences to measure risks [24]. Duinen et al. (2015)
deﬁned objective risk factors are those that determine
a stakeholder’s original risk [7]. He used two objective
risk factors, namely, “exposure” and “sensitivity,” the
same factors used by Patt and Schroter (2008) [34],
Roehl and Fesenmaier (1992) [35], Keil et al. (2000)
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[36], Nosic and Webber (2009) [29], and Hasan and
Kumar (2019) [37]. The term ‘exposure’ indicates the
perceived probability of the occurrence of the hazard,
while the term ‘sensitivity’ relates to its overall negative
consequences [37].
In contrast to the objective approach, the subjective
approach asserts that risk is not always exclusively
objective: rather, it differs based on the stakeholder’s
perception which is influenced by his/her knowledge,
skills, and experiences; perceived control over the risk;
social norms; and personal status. Finally, the perceptive
approach to risk is known as the sum of all negative
impacts that should be plausible to an individual who
has experience of the variations of frequency, impact,
and effects [31]. Pat and Schroter (2008) showed that
behavior-related factors affect farmers’ risk perceptions
to climate change which vary from the expert estimation
of risk [34]. Previous studies on factors that determine
risk perception at different levels demonstrated that
farmers’ perceptions are very much determined by their
socio-economic characteristics and their farms’ features
[38-40]. The differences in risk perception owing to
different socio-economic characteristics are evident
[41], with variations found across different farming
groups [9]. Moreover, several studies included sociodemographic characteristics as predictor variables of
risk perceptions of hazards [42]. Different studies have
shown different directions in the relationship between
socio-demographic variables and risk perceptions to
natural hazards at different levels; thus, no agreed
model has been established for the relationship between
socio-demographic and economic factors, and perceived
risk [43]. However, based on the literature survey and

Fig. 1. Conceptual framework of the study.
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experts’ views, the socio-demographic and economic
characteristics should be selected for further study.
Several studies on risk perceptions revealed that the
perceived ability to control the risk is negatively related
to the individual stakeholder’s own risk perceptions [44].
The perceived feeling of ability to tackle the specified
risks indicates the perceived capability to protect
oneself against those risks [30]. Perceived ability can
also be defined as farmers’ perceptions of their capacity
to adjust to a specific risk, that is, adaptation efficacy;
to minimize potential damage using their self-skills and
knowledge; to cope with the consequences, recognized
as self-efficacy; and to have the resources to manage
the risks involved, also known as adaptation costs [37].
Duinen et al. (2015) measured subjective risk factors
as a set of the individual stakeholder’s personal traits
or socio-demographic and economic variables and the
ability to control the risk, that is, the psychological
variables [7]. These authors also included social
influence as a factor in the risk perception of drought.
However, in our research, we avoided social influence
as the sole risk factor of hailstorm risk perception;
instead, it was considered under policy factors as it is
actually an external factor. The compensation policy
and support or incentives system after the occurrence
of any natural hazard play an important role in risk
management. Evaluation of insurance losses and the
provision of financial support based on the insurance
model in the case of hailstorm occurrences and
losses to the agriculture sector and property are very
common worldwide [45]. However, in Bangladesh,
the government has no explicit policy to address
the hailstorm risk management issue. Moreover,
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Raihan et al. (2020) found that, owing to the lack of
a strong policy, farmers are losing their motivation
for farming and are perceiving increased risks [13].
Thus, our study included farmers’ perceptions of the
policies of the government and non-governmental
organizations (NGOs) in controlling hailstorm risk as
a risk perception factor and modified the framework
developed by Duinen et al. (2015) [7] for use in our
research. The study defines hailstorm risk perceptions
as concerns shown by farmers regarding previous,
present, and future incidents of negative impacts on
crop production and agricultural activities due to the
occurrence of hailstorms.

Methodology
Features of the Study Area
This study focuses on farmers in the Panchagarh
district of Bangladesh which is lying between latitudes
26°17’ and 26°29’ north and between longitudes 88°31’
and 88°46’ east. Fifty-six villages under the two Union
council areas of Haribhasa and Hafizabad were chosen
as the study area. This region is among the regions that
are very important in Bangladesh for crop production
owing to its diversified weather pattern, diversity of
crops cultivated, variations in field crop cultivation, big
orchards, and high cropping intensity (205%) [46]. Most
people rely on agriculture and, throughout the year,
face different natural hazards [46]. These two Union
council areas were selected based on the Bangladesh
Department of Agricultural Extension’s reports, and
consultations with local agricultural department
officials and resources personnel on the significance of
crop production and the natural hazard profile. Every
year, severe agricultural droughts occur in Panchagarh
and, as a result, 30-40% of crop loss occurs due to the
scarcity of surface water and limited irrigation facilities
[47]. Hailstorms occur every year, and about 55-75% of
crops are totally destroyed after a catastrophic storm;
thus, this district is prioritized as facing the riskiest
hazards in the region [13]. The map of the study area is
shown in Fig. 2.

Survey Design and Data Collection
This study collected primary data through the
survey conducted from April-May 2019. Data were
collected from farmer households using a structured
questionnaire. The study area had 1,925 farming
households (population), with 320 being the sample size
for the survey (using the survey system calculator, at
95% confidence interval [CI]) [13]. Farmers were chosen
using simple random sampling from the list collected
from the district agriculture office. The questionnaire
comprised questions related to a wide range of
variables, including socio-demographic characteristics,
farm size, economic variables, hailstorm objective and

subjective risk variables, and perception of risk feelings
towards hailstorms. The socio-demographic variables
included were the farmer’s age and education, while the
farm-related variables were farm size and predecessor
farm size. Socio-economic variables comprised annual
family income; household assets (total assets as a
monetary amount); credit received (from both formal
and informal sources); training experience (number
of days attended); organizational affiliation (4-point
rating scale for the categories of executive, executive
committee member, ordinary member, or not at all); and
their extension media contact for access to information
[37]. To measure their extension media contact for farmrelated information, a 4-point rating scale was used to
assess how frequently (not at all, rarely, occasionally,
frequently) a farmer accessed the 12 different farm
information sources. The media sources were: local
leader; local agriculture officer, known as Sub-Assistant
Agriculture Officer (SAAO) or Upazila Agriculture
Officer (UAO) or Agriculture Extension Officer (AEO);
model farmer; Water Development Board officer;
input dealer; participation in group meetings; method
demonstrations and results demonstrations; agricultural
fairs; listening to the agricultural program on radio;
watching the agricultural program on television;
reading leaflets/posters/bulletins/newspapers; and using
a mobile phone or the internet to search for agriculturerelated information [37]. For the convenience of
respondents, all questions were translated into the study
area’s local language.

Dependent Variable
The dependent variable of this study was farmers’
risk feelings towards hailstorms. In the first step of
the data collection, farmers were asked to reply to one
broad question: have you perceived any sort of risk to
your crop production and agricultural activities due to
hailstorm occurrences? The binary responses (yes/no)
were recorded and used in the empirical analysis. In the
second step, respondents who answered ‘yes’ to the first
question were asked to rate their level of hailstorm risk
perception based on a 4-point rating scale (i.e., ‘highly
perceived,’ ‘moderately perceived,’ ‘less perceived,’
and ‘not sure’) [41]. This question in the second step
was asked to gain a better understanding of each
respondent’s risk perception but it had no use in the
empirical analysis.

Analysis of Determinants of Hailstorm
Risk Perception
Binary logistic regression is a predictive analysis
which is used to predict the likelihood that a given
observation, based on one or more dependent variables
that can be either continuous or categorical, falls into
one of two types of a dichotomous dependent variable
[48]. Linear regression estimates the value that Y takes,
but the frequencies of values 0 and 1 are used in logistic
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regression to estimate the likelihood of Y taking a
particular value (Eq. 1) [48].

(1)

Fig. 2. Map of the study area [13].

P: probability of Y occurring
e: natural logarithm base
b0: interception at the y-axis, a constant term
b1: line gradient
bn: regression co-efficient of Xn
X1: predictor variable X1 predicts the probability of Y.
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The above logit model was used to assess the
contribution of socio-economic factors, objective risk
factors, subjective risk factors, and policy influence in
affecting farmers’ risk perceptions of hailstorms. The
nature of the dependent variable was binary; therefore,
neither the classical linear regression model (CLRM)
nor the simple linear probability model (LPM) were
suitable for this study [33]. Before running the model,
the bivariate Pearson correlation coefficient test was
executed to check the correlations between independent
variables to avoid predictor variables that are highly
dependent and strongly correlated with each other, as
well as to check their relationships with the dependent
variable (e.g., risk perception) [49].
In this study, the independent variables for hailstorm
risk perception were classified into four categories:
socio-demographic and economic factors (age, level
of education, farm size, predecessor farm size, annual
family income, household assets, agricultural training
experience, credit received, extension media contact,
and organizational participation); objective risk
factors (exposure and sensitivity to hailstorms); and
subjective risk factors (adaptation efficacy, self-efficacy,
and adaptation cost). For policy influencing factors,
respondents were meant to be asked two questions.
Whether they perceived the existence of any policy
to provide support after a hailstorm’s occurrence (a
perception factor) was the first question, while the
second question was: did they receive any incentives or
support after a catastrophic hailstorm had occurred? As
all respondents answered that they did not perceive that
any policy was available to support them, the second
question was not asked. Respondents were asked to
score their responses on each of the risk factors and
adaptive capacity factors using a 5-point scale (i.e.,
‘very high,’ ‘high,’ ‘medium,’ ‘low,’ and ‘very low’)
[37, 50]. In this study, we used a dichotomous dummy
variable for the objective and subjective risk factors
[50]. The 5-point rating scale was further coded into
binary responses such as ‘high’ and ‘low.’ The positive
responses (‘very high,’ ‘high,’ and ‘medium’) were
scored 1, and the negative responses (‘low’ and ‘very
low) were given a score of 0 (Table 1) [51] . The model
could not include both objective risk factors and policy
factors as the data for these variables were not normally
distributed. The data were analyzed by IBM SPSS
Statistics package 25.0.

Results
Socio-Demographic Characteristics of Farmers
and Their Risk Perceptions
The salient features of the respondent farmers’
socio-economic and demographic characteristics are
shown in Table 1. The respondents were dominated by
age groups around middle-age (mean = 49.9 years with
standard deviation [SD] = 13.48 years). The respondents

had mostly primary or secondary levels of education.
The largest percentage of the farmers had small-sized
farms. However, this was different for their predecessor
farm size. Most respondents predecessor had mediumsized or large farms or had their own land. The
average annual income of the respondent farmers was
USD 1,300, with the largest percentage of the farmers
having low or medium income. Most farmers had low
household assets, with the mean value being USD 1,450.
The largest percentage of the farmers only had a short
duration of agricultural training exposure, with the
average being almost four days in a year.
Almost all respondent farmers obtained credit from
various banks and NGOs for crop production and farm
management. The average amount of credit was USD
240 in the cropping season. The largest percentage
of the farmers had medium-level information access
to various extension media sources with mediumlevel participation in various agricultural and social
organizations. In all, 94% of the farmers perceived a
high probability of occurrence (exposure) of hailstorms
and almost 95% perceived a high impact (sensitivity)
of hailstorms on agricultural and crop production.
Moreover, the psychological factors, known as adaptive
capacity in this study, in general reflected a scenario
of low adaptive capacity. Most farmers perceived that
they had low adaptation efficacy, and low knowledge
and skills needed to minimize the losses to their
agricultural production caused by hailstorms, as well
as low resources to tackle the risks. All the farmers
expressed the opinion that they did not perceive the
existence of any policy to compensate them after the
occurrence of hailstorms; thus, they did not receive any
incentives when hailstorms caused significant damage
to their crop production. In total, 64% of respondents
felt at risk from hailstorms.

Farmers’ Hailstorm Risk Perceptions
The findings on farmers’ hailstorm risk perceptions
indicated that, of the 64% of total respondents who
perceived hailstorm risk, about 98% had perceived the
risk, whereas 2% were unsure of the extent to which
they had perceived the risk. On the other hand, of the
90% of farmer respondents with a highly perceived
hailstorm risk, 2% perceived hailstorms as being less
of a risk. Moreover, 6% of farmers had a moderately
perceived hailstorm risk to their crop production and
agricultural activities (Fig. 3).

Estimation of Multicollinearity between
the Variables
The relationships between the dependent variable
and the independent variables and between the
independent variables were examined using the Pearson
correlation coefficient test. Considering the dependent
variable, that is, hailstorm risk perceptions, we found
significant positive correlations with respondents’ level
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Table 1. Descriptive analysis of variables employed in the study.
Variables

Description

Mean & SD

Independent variables (household’s socio-demographic and economic characteristics)
V1. Age (years)

Continuous

49.90±13.48

V2. Level of education (years of schooling)

Continuous

6.59±3.62

V3. Farm size (hectare [ha])

Dummy receives the value of 1 if a large farm (˃ 1.0 ha), 0 otherwise

0.67±0.44

V4. Predecessor farm size (ha)

Dummy receives the value of 1 if a large farm (˃ 1.0 ha), 0 otherwise

2.66±1.18

V5. Annual family income (USD ‘000)

Dummy receives the value of 1 if a high income (˃ USD 1,500),
0 otherwise

1.30±0.22

V6. Household assets (USD ‘000)

Continuous

1.45±0.50

V7. Agricultural training experience (days)

Continuous

3.69±2.68

V8. Credit received (USD ‘000)

Continuous

0.24±0.10

V9. Extension media contact (total contact
score)

Dummy receives the value of 1 if high level of contact (˃50%),
0 otherwise

12.34±5.41

V10. Organizational participation (total
participation score)

Dummy receives the value of 1 if high participation (˃50%),
0 otherwise

8.25±3.18

Objective risk factors
V11. Exposure to hailstorms

Dummy receives the value of 1 if high probability, and 0 otherwise

0.94±0.23

V12. Sensitivity to hailstorms

Dummy receives the value of 1 if high impact, and 0 otherwise

0.95±0.30

Subjective risk factors
V13. Adaptation efficacy

Dummy receives the value of 1 if high adaptation efficacy, and 0
otherwise

0.47±0.50

V14. Self-efficacy

Dummy receives the value of 1 if high self-efficacy, and 0 otherwise

0.67±0.47

V15. Adaptation cost-carrying capability

Dummy receives the value of 1 if high adaptation cost-carrying capability, and 0 otherwise

0.45±0.50

Policy factors
V16. Policy to provide any incentives after
hailstorm occurrences

Binary receives the value of 1 if any policy is perceived,
and 0 otherwise

0.00±0.00

Dependent variable (Hailstorm risk perceptions)
V0. Any type of feelings of risk due to
hailstorms

Binary receives the value of 1 if any feelings of risk, and 0 otherwise

Fig. 3. Hailstorm risk perceptions of farmers in Panchagarh district.
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of education, exposure, and sensitivity. On the other
hand, we found strong negative correlations with their
age, farm size, annual household income, household
assets, agricultural training, adaptation efficacy, selfefficacy, and adaptation cost. A strong correlation was
observed between age and education; age and annual
family income; age and adaptive capacity; education
and household income; education and perceived impact;
education and adaptive capacity; farm size and annual
household income; farm size and adaptive capacity;
exposure and sensitivity; sensitivity and adaptive
capacity; and exposure and adaptive capacity. None of
the correlation coefficient values were more than 0.7.
However, the correlations expected for all the results are
shown in Table 2. Even though correlations were found
between some variables, due to the study purpose,
all variables showing correlations were taken into the
binary logistic regression model.

Determinants of Hailstorm Risk Perceptions
Binary logistic regression was applied to assess the
contribution of several factors, such as perceived risk
factors, adaptive capacity, and socio-demographic and
economic variables on respondents who felt extreme
risk. The model contained 15 independent variables.
The full model containing all predictor variables was

statistically significant, χ2 (15, N = 320) = 160.82,
p<0.001, indicating that it could differentiate between
respondents who reported risk feelings towards
hailstorms and those who did not report such feelings.
Overall, the model explained between 39.5% (Cox and
Snell R-squared) and 54.0% (Nagelkerke R-squared) of
the variance in risk perceptions, and correctly classified
84.4% of cases. The sensitivity of the model could
be expressed as 90.6% of correct predictions in the
category of interests on risk perceptions. The specificity
of the model could also be revealed as 73.5% of the true
negative. The model fitted well based on Hosmer and
Lemeshow’s test (the goodness-of-fit score was 0.56
which was much higher than the recommended cut-off
value of 0.05).
As shown in Table 3, of the 15 independent
variables, only eight (i.e., age, level of education, farm
size, annual income, agricultural training experience,
adaptation efficacy, self-efficacy, and adaptation cost)
made a unique statistically significant contribution to
the model. The following paragraph presents the factors
that influence hailstorm risk perception.
Respondents’ age contributes to this model, with
this expressed as the higher the age, the lower the risk
perception. Young and middle-aged farmers reported
higher risk than was the case with farmers who were
older. The correlation was negative (statistically

Table 3. Estimates of binary logit regression model for hailstorm risk perceptions.
Factors

B

SE

Wald

df

Sig.

OR

95% CI for OR
Lower

Upper

Socio-demographic and economic variables
Age

-0.04

0.02

6.31

1

0.01

0.96

0.94

0.99

Level of education

0.22

0.06

15.44

1

0.00

1.25

1.12

1.39

Farm size

0.97

0.37

7.23

1

0.00

2.68

1.31

5.50

Annual income

0.93

0.36

6.78

1

0.00

2.52

1.26

5.06

Agricultural training

-0.24

0.06

15.28

1

0.00

0.79

0.70

0.89

Subjective risk variables
Adaptation efficacy

1.11

0.32

12.30

1

0.00

3.04

1.63

5.65

Self-efficacy

1.03

0.36

8.08

1

0.00

2.80

1.38

5.69

Adaptation cost

1.18

0.32

13.95

1

0.00

3.26

1.75

6.06

Constant

0.72

1.08

0.45

1

0.50

0.49

-2log likelihood

259.40

Cox & Snell R square,

39.5%

Nagelkerke R square

54%

Hosmer and Lemeshow

χ2 = 6.67, df = 8, p = 0.56

Notes: -B: unstandardized regression weight; SE: standard error; OR: odds ratio; Wald: Wald chi-square value; df: degrees of freedom, Sig.: significance; CI: confidence interval.

266

Raihan M.L., et al.

significant at 1% level) and lay between age and level
of education, with this meaning that the higher the age,
the lower the level of education (Table 2). The odds
ratio (OR) for age was 0.96, with this indicating that,
with every unit of increase in age, the risk perception
decreased 0.96 times. The odds ratio (OR) for the level
of education variable at 1.25 indicated that, for each unit
of increase in the level of education, the risk perception
increased 1.25 times. Farm size was the strongest
socio-economic predictor for reporting an extreme
feeling of risk, recording an odds ratio (OR) of 2.68.
This indicated that smallholder farmer respondents
were 2.68 times more likely to report a feeling of
risk than medium-sized and large farm-holder farmer
respondents, controlling for all other factors in the
model. Annual income significantly contributed to the
model, revealing that the farmers with a lower annual
income reported 2.52 times more risk than the farmers
with a higher income. Agricultural training is very
important for farmers in Bangladesh as a significant
proportion of farmers are illiterate or have only primary
education; therefore, continuous on-farm as well as
off-farm training from the agricultural department to
improve farming and to adapt to the changing climate
are essential. From Table 3, we can see that, for every
unit of increase in agricultural training, the risk
perception decreased 0.79 times.
Overall, the subjective risk factors comprising the
adaptive capacity of the farmers most significantly
contributed to the model. The farmers who perceived
that they had lower adaptation efficacy reported 3.03
times more risk than the farmers who perceived that they
had medium to higher adaptation efficacy. Moreover,
the farmers who perceived that they had lower selfefficacy, meaning a lower level of knowledge and
skills, reported 2.80 times more risk than the farmers
who perceived that they had higher self-efficacy. The
resources to tackle the hazard (i.e., the adaptation cost)
play the most important role in adaptive capacity and
the timeliness of decision making to adopt different
adaptation strategies. The adaptation cost-carrying
capability most significantly contributed to the model
and acted as the strongest predictor variable among the
other variables. The farmers who perceived that they
had lower resources to tackle the risks of hailstorms
reported 3.26 times more risk than the farmers who
perceived that they had higher adaptation cost-carrying
capability.

Discussion
This study has analyzed factors influencing farmers’
hailstorm risk perceptions. The study partially adopted
the conceptual framework developed by Duinen et al.
(2015) [7] and added a new dimension; that is, policy
factors were taken into consideration for the study.
The determinants for farmers’ risk feelings towards
hailstorms, in particular, have not been explored in

previous studies. Therefore, it is difficult to compare
the current study’s findings with the significant amount
of other hailstorm risk perception-related research
conducted globally as well as in Bangladesh. However,
the current study’s results provide several ideas about
determinants and their level of contribution to hailstorm
risk perceptions of farmers. Farmers’ hailstorm risk
perceptions reflect actual hailstorm risk exposure and
sensitivity, as measured by Raihan et al. (2020) [13].
Many empirical studies can be found that have
assessed the determinants of different natural hazards,
but this is the very first study to link objective and
subjective hailstorm risk factors and farmers’ risk
perceptions. In the prior literature, Duinen et al. (2015)
made a link between objective and subjective risk
factors of drought risk perceptions [7]. The current
study’s findings using bivariate correlations provide
evidence that farmers who perceived more probability
of the occurrence of hailstorms perceived greater
risks. Furthermore, the findings also indicate that
the farmers who were objectively more vulnerable to
hailstorms, which would have higher impact on their
farms, perceived higher risk. Though the empirical
model didn’t demonstrate the explanatory power of
the objective risk factors, still, those are important
as determinants of hailstorm risk perceptions. These
findings were in line with those of Duinen et al.
(2015) who found that the farmers who perceived more
exposure and sensitivity to drought perceived the risks
to be higher [7]. Habiba et al. (2012) [52] and Tang et al.
(2013) [53] had similar findings, revealing that natural
hazard-related objective factors perceived by farmers
had a significant influence on their risk perceptions.
On the other hand, the significant contribution
of several subjective risk factors to the explanation
of farmers’ hailstorm risk perceptions provides an
insight that their risk perceptions differ from the
actual objective hailstorm risk due to differences in
farmers’ personal circumstances. Below et al. (2012)
found that the risk feelings of farmers towards drought
and floods were determined by their socio-economic
characteristics, particularly age, education, income,
knowledge, etc. [54]. We found that farm size or a
farmer having his/her own land, age, level of education,
annual income, and agricultural training were important
determinants. Alam (2014) found that the vulnerability
to, and risks of, drought were determined by farmers’
economic conditions and the size of the farms owned
by them [55]. Halkos (2019) demonstrated that small
and medium sized entrepreneurs are disproportionately
affected by EWEs [56], and Skouloudis et al. (2020)
found that small and medium-sized enterprises are
particularly vulnerable to EWEs which is similar to the
present study that the smallholder farmers face greater
vulnerability to their farms, thus, greater risks [57].
Marginal farmers as well as smallholders typically have
less options for managing the risks of hailstorms [19].
When hailstorms occur and their crops are damaged,
they do not have the option of minimizing their crop
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losses as the land size is smaller and hailstorms are
localized hazards. On the other hand, farmers who
own medium-sized to large farms can, to some extent,
manage the losses if some of their land is not affected
or is less affected.
In the current study, the young and middle-aged
farmers had higher levels of education and, thus, they
were more concerned about risk factors and the existing
policy for hailstorms. Shijin and Dahe (2015) conducted
research on mountain farmers’ risk perceptions
towards natural hazards and found that those who were
younger felt more risks than those who were older,
a similar finding to findings in the current study [58].
Moreover, the younger farmers reported their loss of
motivation for continuing to farm. It is possible that
the older farmers might consider the issue of hailstorm
occurrence and hailstorms’ greater impact on their
farms as being common, and that they had to adapt
to such situations and continue their crop production.
This might be a possible reason for risk perception
differences as farmers’ ages increased. The younger
farmers perceived more risks, with these having very
negative consequences closely linked to sustainable
agriculture. Several other studies have found significant
relationships between age and risk perceptions [52,
59]. Raihan et al. (2020) found that more than 30% of
the farmers could lose their motivation for farming
as a result of the rapid emergence and increasing
risks of hailstorms in northern Bangladesh. This is
a significant issue for sustainable agriculture [13].
Bryan (2009) found that younger farmers perceived
more risks of drought occurrence than was the case
with older farmers [38]. One possible reason might be
their farming experience and knowledge of long-term
farming and climatic variables.
This study found that access to agricultural training
generally leads to increasing farmers’ adaptive capacity
and, most importantly, increasing their self-efficacy
for minimizing losses caused by hailstorms [18]. Thus,
agricultural training acts as a determinant of farmers’
hailstorm risk perceptions. Therefore, it can be predicted
that the provision of more training can increase farmers’
ability to cope with adverse situations caused by
hailstorms and, eventually, that farmers’ feelings of risk
might decrease. This is in line with Zakaria et al. (2020)
who found that farmers’ participation in agricultural
training acted as a significant determinant for climate
change adaptation practices, ultimately leading to risk
perceptions towards climate-induced hazards [39].
Moreover, it seems that subjective factors related
to psychological variables are more substantial risk
perception factors than socio-demographic and
economic variables such as age, education, annual
income, etc. This is the most important finding
of the current study, indicating that the influence
of psychological factors on risk perception is the
most significant and powerful determinant. Farmers
perceived that they had a low level of ability to tackle
hailstorm risk; low knowledge and skills for managing
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losses caused by hailstorms; and, most importantly,
‘low’ capability for bearing the adaptation cost to
manage hailstorm risks. However, successful adoption
of the best-suited adaptation strategies would depend
on farmers’ self-efficacy and adaptation cost-carrying
capability [18, 60]. Some probable reasons for the above
perceptions of farmers could be fewer resources, smaller
farm size, continuing land fragmentation, installation
of factories and tea industries in the study area (i.e.,
selling their land to large companies); shortage of liquid
money to manage adaptation strategies; temporary
vulnerability to poverty; and indifferent attitudes to
risk management. Many researchers have found that
farmers with less adaptive capacity perceived more
risks. Islam et al. (2020) [19], Habiba (2012) [52], Ajzen
(2002) [42], Slovic et al. (2004) [61], and Barnes et al.
(2013) [62] had similar results, indicating that subjective
psychological variables related to the perceived ability
or adaptive capacity to minimize impacts have a
significant contribution to risk perceptions and acted as
the most important determinants of risk perceptions.
The current study’s conceptual framework (Fig. 1)
stated that objective and subjective risk factors might
make a significant contribution to farmers’ hailstorm
risk perceptions, with the study finding that subjective
factors were significant determinants. The objective
risk factors, namely, exposure and sensitivity, could
not contribute to the empirical model as both these
variables were not normally distributed and about 95%
of farmers expressed the same views about higher
exposure and sensitivity. But it can be assumed that
farmers felt risk to hailstorms due to their higher
exposure and sensitivity. The objective risk factors are
the recessive factors of risk perception. Moreover, as no
compensation policy was in place for implementation
after a severe hailstorm occurrence, the policy factor
served as a recessive factor which was significant
regardless of whether or not farmers perceived the risks
of hailstorms. Raihan et al. (2020) found that the policy
factor played the most important role in increasing
community risk perceptions of hailstorms [13]. Finally,
the current study argues that subjective risk perception
factors hold their interpretive power in a hailstorm
risk perception model, and that farmers depend on
their long-term farming experience to shape their
hailstorm risk assessment in a rational way. Moreover,
the adaptive capacity of farmers is the main concern
in relation to their hailstorm risk perceptions; thus,
appropriate measures to enhance their adaptive capacity
could be helpful to minimize the hailstorm risks faced
by farming communities.

Conclusion
This study’s findings reflect the perceptions of
farmers in selected areas of northern Bangladesh
and have wider implications for natural hazardprone developing countries, particularly those prone
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to hailstorms and based on agriculture. This study
is crucial considering the recent increasing trend of
hailstorms and vulnerability to the agriculture sector
of Bangladesh. Moreover, this is the first attempt
of exploring the determinants of hailstorm risk
perceptions, which have several practical implications to
the concerned sectors. The findings show that personal
circumstances and socio-economic characteristics
made a significant contribution to farmers’ risk
perceptions. One of the important findings of this
study is the contribution of age and level of education
to the risk perception where young farmers who have
comparatively higher education are perceiving greater
risks, which have potential implications for policy
planners and most importantly extension agents. If
the young farmers perceive more risks and lose the
motivation of farming, it will produce a greater threat
to sustainable agriculture. So, necessary steps should
be taken to reduce the risk feelings of the young
farmers, particularly by compensating for the losses
of hailstorms in agricultural sectors. More agricultural
training for effective adaptation measures can enhance
the adaptive capacity of farmers, thus, reduce the
risk feelings. Moreover, subjective factors related to
adaptive capacity were the most significant factors in
farmers’ risk perceptions. Farmers depended on their
personal experiences for objective measurement as well
as their adaptive capacity to judge hailstorm risk; thus,
subjective factors played an important role in hailstorm
risk perceptions.
These results have implications for policy makers
in the formulation of the hailstorm risk management
policy. Moreover, the adaptive capacity of farmers
against hailstorms should be enhanced. Like all other
EWEs and natural disasters, a compensation policy,
incentives or the availability of crop insurance after
hailstorm occurrences could be helpful in reducing
farmers’ feelings of risk. This study recommends that
a continuous capacity development program should
be implemented to improve the adaptive capacity
of farmers by covering larger training facilities,
establishing structural and non-structural risk reduction
measures of hailstorms, and providing logistic support
to adopt appropriate adaptation practices. In relation
to further research, it is essential to know the extent
of hailstorm risk, as estimated by concerned experts,
so this can be compared with farmers’ perceptions.
If farmers appear to have unsubstantiated and unreal
hailstorm risk perceptions, this could ultimately affect
their adaptation behavior, and the sustainability of
their agriculture would be questioned. Subsequent
research could also elaborate on farmers’ expectations
for incentives, crop insurance or a compensation policy
after a severe hailstorm occurrence, thus seeking to
minimize their perceptions of hailstorm risk. Similarly,
further investigation could be conducted on the
possible role of providing adaptation costs, increasing
adaptation skills and knowledge through training and,
overall, increasing farmers’ adaptation efficacy to
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minimize their risk. In terms of replicability, future
studies can refer to the approach of this study. Required
information may include the data on subjective and
objective risk factors, socio-demographic and economic
factors including the social and policy influences for
the particular natural hazard. However, the result may
differ due to the perception-based approach this study
is using. If there are enough number of cases, there is
a strong possibility to do a comparative study (crossregion, cross countries, etc.). Also, there is another
possibility to implement a similar approach in other
sectors, for example, business and natural disaster risk
reduction and management. To do so, those studies
should be developed on perception-centred topics. The
important limitation of this study lies in its assessment
of hailstorm risk perceptions. This research used crosssectional survey data at a given time and at a given
location; however, risk perceptions are not static but are
instead dynamic and can differ with time and location.
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