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1  Introduction
Agricultural production holds a pivotal position in the socio-economic development of 
Vietnam, supporting the livelihoods of more than 60% of the population engaged in agri-
culture and fisheries. According to the General Statistical Office—[22], the total fishery 
production in 2023 was estimated at approximately 8423 thousand tons. The average 
annual growth rate of fishery production from 1995 to 2023 remained consistently at 8%. 
In 2023, the shrimp farming area covered approximately 736.5 thousand hectares, lead-
ing to a total production of about one million tons.
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The Mekong Delta (MD) serves as a prominent center for aquaculture, with a specific 
focus on brackish water shrimp [22]. In 2022, the brackish water shrimp farming area 
was estimated to encompass about 697.32 thousand hectares with a corresponding total 
export value exceeding 4.3 billion USD. Despite facing challenges in 2023 due to global 
market competition, the total shrimp export turnover for Vietnam is around 3.4 billion 
USD. This underscores the pivotal role of the shrimp sector as a fundamental driver for 
both the Vietnamese economy and the MD.

Previous studies reported that the MD is one of the three deltas in the world most 
affected by climate change [26, 27]. Climate change leads to rising temperatures and 
severe salinity intrusion in the coastal areas [11, 50, 66]. In addition, the volatilities of 
input and output markets have impelled farmers to transform their farming activities 
(including crop diversification, farming calendar changes and shift from extensive to 
intensive farming) inevitably to adapt, especially in coastal areas [7, 13]. However, in 
the context of climate change, disease outbreaks, and market instability, significant risks 
have emerged for agricultural producers [34, 36, 57, 60, 61, 63]. These challenges not 
only threaten food security but also jeopardize the livelihoods of millions reliant on agri-
culture for their income and sustenance. Therefore, examining risk management strate-
gies at the farm level, with a specific focus on insurance for shrimp farmers, is crucial 
for proposing solutions that promote sustainable agricultural production, and climate 
change adaptation.

One of the promising risk management strategies in agriculture is parametric agricul-
tural insurance. It is a type of insurance that pays out benefits based on a predetermined 
index (e.g., rainfall level) for loss of assets and investments, primarily working capital, 
resulting from weather and catastrophic events, rather than indemnifying the actual 
losses incurred by the insured [12, 28, 46]. Climate index-based insurance, which could 
be called weather derivative, parametric insurance, or weather insurance, is particularly 
relevant in agriculture, where traditional insurance models based on assessing and com-
pensating for actual losses can be challenging due to the complex and variable nature 
of agricultural risks. Governments have promoted agricultural insurance through the 
private sector, often with government financial support (public–private partnerships) 
since the 1990s [41]. It has comparative advantages, such as quicker payout times and 
lower administrative costs, and limitations, like the potential mismatch between index 
triggers and actual damages experienced by farmers [59]. It reduces some potential haz-
ards containing traditional damage-based insurance, such as high administrative costs, 
delayed payouts, and complexity and lack of transparency over the insurance process. 
Despite these advantages, the uptake of index-based insurance has been low, primarily 
due to basis risk. This refers to the situation where the payouts from index insurance 
are too low to adequately compensate for the losses farmers incur [12, 29]. In Vietnam, 
for example, farmers participating in some index-based pilot programs have expressed 
dissatisfaction with payouts that were insufficient to cover their losses [52]. The rise 
of parametric agricultural insurance in regions like Southeast Asia, Africa, and Latin 
America presents unique challenges and opportunities. While the model promises effi-
ciency, the low uptake of the insurance remains a critical concern, largely due to basis 
risk. The mechanism behind the uptake of such insurance needs to be understood in 
order to address the reasons behind low participation.
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Furthermore, index-based insurance is urgently needed for specific products that are 
vulnerable to natural catastrophes due to changes in the environment. The global review 
of climate index-based insurance found that the insurance’s main target commodities 
were widely among but limited to cereal crops and protection against drought, but agri-
cultural climate index-based insurance should be available and beneficial in managing 
other commodities and climate risks [1]. Therefore, establishing an index insurance 
targeting a specific commodity and the type of risk for farmers undergoing agriculture 
transformation due to climate change is urgently required. Under the context of climate 
change and agricultural structuring, the farmers have been facing a set of challenges. To 
deal with these risks, it is essential to implement parametric insurance to transfer risks 
and mitigate the risks for farmers in general and shrimp farmers in particular.

The findings of this study identify two distinct segments of shrimp farmers with signif-
icantly different preferences regarding key attributes of index-based insurance, revealing 
pronounced heterogeneity in both attitudes toward risk and WTP. Farmers in Segment 1 
(Training-responsive, price-sensitive farmers with low education) exhibit a strong WTP 
for extended and seasonal coverage, underscoring their heightened concern for long-
term production risks amid growing climate threats in the MD [6, 60]. However, this 
group is less favorable toward weather-based loss assessments and company-assisted 
claims, possibly due to trust or autonomy concerns. In contrast, Segment 2 (Company-
trusting, moderately price-sensitive farmers with higher education) demonstrates a 
lower WTP for extended coverage but shows a strong preference for structured, com-
pany-assisted claim processes and accepts weather-indexed assessments—highlighting 
their desire for procedural clarity and reliability. The identification of training respon-
siveness as a key determinant of insurance adoption potential—particularly among 
lower-education farmers—highlights an actionable pathway for increasing uptake 
through targeted capacity—building. Moreover, the finding that early payout prefer-
ences are segment-specific, rather than uniform across farmers, adds new nuance to the 
discourse on temporal alignment between insurance benefits and production cycles.

These findings yield several novel contributions to the literature on agricultural risk 
management and insurance in transformed aquaculture systems. First, from a meth-
odological perspective, this is one of the first studies in Vietnam—and the broader MD 
region—to apply latent class choice modeling (LCCM) to segment shrimp farmers based 
on their insurance preferences. While choice modeling (CM) has been widely applied 
in consumer research and ecological valuation [8, 10, 20], and has seen increasing use 
in crop insurance contexts [24, 54], its application in aquaculture insurance—espe-
cially in emerging economies—remains limited. In Vietnam, most prior studies on agri-
cultural insurance [33, 34, 57] have relied on contingent valuation or regression-based 
approaches, often assuming homogenous preferences across farmers. This study extends 
methodological frontiers by capturing unobserved heterogeneity in insurance adoption 
behavior using repeated choice sets and utility-based modeling grounded in Lancaster’s 
theory of value [37, 40, 43].

Second, empirically, this research directly addresses the rising vulnerability of trans-
formed shrimp farming systems to climate shocks such as salinity intrusion, temperature 
rise, and disease outbreaks [60, 61]. In this context, insurance remains underdevel-
oped due to issues of asymmetric information, moral hazard, and inappropriate prod-
uct design [14, 30]. The study adds new insights by showing how shrimp farmers’ risk 
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attitudes—shaped by socioeconomic factors and exposure to environmental shocks—
lead to divergent preferences for insurance design features, such as coverage length, 
claim assistance, and loss assessment mechanisms. This empirical heterogeneity under-
scores that a uniform insurance scheme is unlikely to meet the needs of all producers, 
particularly in high-risk, highly diversified agricultural landscapes like the MD.

Overall, this study makes two critical contributions. It (1) introduces a segmentation-
based analysis of insurance preferences in aquaculture, advancing the methodological 
toolkit for non-market valuation in risk-prone farming sectors, and (2) provides empiri-
cal evidence of preference heterogeneity linked to production realities, supporting the 
case for tailored, farmer-centered insurance designs. These insights are especially rel-
evant for scaling climate-resilient insurance programs under Vietnam’s agricultural 
restructuring strategy and in light of global experiences in adaptive risk management 
[23, 38, 65].

The paper is structured as follows. The next section reviews relevant literature on 
index-based insurance and its role in enhancing resilience within the aquaculture sector, 
particularly shrimp farming. This is followed by a description of the research methodol-
ogy, including survey design, data collection, and the use of latent class choice model-
ing to capture heterogeneity in farmer preferences. The subsequent section presents the 
empirical findings and discusses the key factors influencing farmers’ adoption of index-
based insurance. The final section offers concluding remarks, policy implications for 
strengthening climate resilience through insurance, and suggestions for future research 
in aquaculture risk management.

2  Literature review
2.1  About risks of transformed agricultural production

According to Bernstein et al. [6], the MD is among the three most climate-vulnerable 
deltas globally, alongside the Ganges–Brahmaputra (Bangladesh) and Nile (Egypt). Cli-
mate change and sea level rise scenarios in Table 1 indicate that the MD faces rising tem-
peratures (0.67 °C over 61 years), with projections of a 1.3–1.5 °C increase by 2050 and 
up to 3.5 °C by 2100 under RCP 8.5 [48, 60]. Sea level rise poses serious threats: with a 
100 cm rise, 38.9% of the MD could be inundated, especially coastal provinces like Kien 
Giang (76.9%), Ca Mau (57.7%), and Soc Trang (50.7%). Hau Giang, an inland province, 
is also at high risk (80.6%).

By 2100, the average temperature will increase by 1.7–1.9  °C. According to the RCP 
8.5 scenario, by the end of 2100, the regional temperature will increase by about 3.3–
3.5  °C. Similarly, the maximum and minimum temperatures also tend to increase, on 
average about 1.6–2.7 °C under the RCP 4.5 scenario. Precipitation also tends to increase 
from 5 to 15% under two scenarios by 2050. Salinity intrusion is worsening, notably dur-
ing the 2019–2020 dry season, affecting 10/13 provinces and 42.5% of the MD’s natural 
land. Ca Mau experienced significant damage, with 14,000 ha of crops severely affected. 

Table 1  Predicted effects of salinity intrusion in the MD
No Indicators Projected sea level rise

50 cm 100 cm
1 Population affected (%) 10 35
2 Total land affected (%) 4.48 38.9
3 GDP reduced (%) 10
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Alongside salinity and climate risks, transformed agricultural models in coastal areas 
face additional challenges such as low-quality breeds, disease outbreaks, market instabil-
ity, input price volatility, and limited information access [61].

2.2  About risk management of transformed agricultural production

2.2.1  About risk management strategies

In order to have a basis for proposing risk management strategies, it is necessary to 
learn farmers’ attitudes towards risks, risk magnitude, and risk management strategies. 
According to Walker and Jodha [65], an individual’s attitude towards risk is expressed 
through a prudent attitude in making investment decisions, and using resources for 
production activities. Different individual has different economic, social, environmen-
tal and natural characteristics, so his/her perception of risk is also different from each 
other, resulting in different risk management strategies [55]. Therefore, many previous 
studies have classified households into the following three groups: the risk-averse, the 
risk-taking, and the risk-neutral groups. Risk-averse households often prefer options 
that produce a secured outcome, although the outcome can be much lower than risky 
options [18]. According to Walker and Jodha [65], poor farmers are often afraid of risks 
because they cannot cover their household expenses if they fail in their crops. These 
results suggested that the risk management strategies are different among households. 
Thus, it is required to consider the heterogeneity when designing interventions or pro-
viding support.

According to Harwood [23], Huirne et al. [25], risk management strategies can be 
divided into two groups: (1) the first is on-farm risk management strategies, and (2) the 
second is the strategies to share risks with others. In particular, the on-farm risk man-
agement strategies often include specific activities/solutions such as: (1) collecting more 
information to support the decision-making process, (2) avoiding or reducing exposure 
to risk; (3) choosing less risky technology; (4) diversifying production activities; (5) flex-
ibility in response and adaptation. The strategies to share risks with others include the 
following specific solutions: (1) farm financing; (2) production insurance; (3) contract 
marketing and futures trading.

In this study, production risk management strategies will be considered to incorpo-
rate into one-step estimation of stochastic frontier production function and flexible risk 
function as well as in ordered logit to identify factors affecting the farmer’s level of risk. 
For risk-sharing strategies, farm financing, as well as contract marketing and futures 
trading, have been widely implemented in Vietnam in general and in the MD in particu-
lar. However, regarding agricultural insurance, especially for transforming agriculture, 
there has been no research carried out. Therefore, the study focuses on investigating 
the preferences of transformed farmers on agricultural insurance, from which one can 
design and investigate the feasibility of the attributes as well as characteristics of the 
agricultural insurance by using the CM.

2.2.2  About insurance for agricultural production and transformation

The MD is a key agricultural producer, bearing national food security. However, the cli-
mate change, epidemics and market instability have caused many risks for agricultural 
households [35, 36, 57, 60, 61]. According to Kiet and Phat [31]; Le and Pham [38], farm-
ers are often afraid of risks and will therefore try to avoid or mitigate risks through risk 
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management strategies. Agricultural insurance is considered one of the effective risk 
reduction strategies that many scientists are interested in and promoted the practical 
application [23, 25]. According to Ellis and McGuire [18]; Patil and Veettil [51], risk-
averse farmers are more reluctant or slow to apply new scientific and technical advances 
than other farmers, even though these farmers know that such application can improve 
their productivity and income. Therefore, helping to create a more certain environment 
will help farmers feel secured to invest and then contribute to improving the efficiency 
of production activities.

According to Khoi and Hiep [34], in the undeveloped market of insurance, people’s 
participation in agricultural insurance will be limited and the insurance supply will also 
be limited due to asymmetric information between buyer (farmer) and seller (insur-
ance company). Information asymmetry leads to two major problems in the agricultural 
insurance market, i.e. insurability and moral hazard [14]. Insurability refers to a situation 
in which households with a high level of risk are more likely to participate in insurance, 
leading to the unaffordability of insurance companies and the limited number of compa-
nies entering the insurance market [30]. If the premium is increased to cover compensa-
tion, the number of participants will decrease, and only those with high-risk levels will 
participate. Moral risk is related to changing production behavior in order to increase 
the probability of damage or increase the severity of damage in order to receive compen-
sation, which increases the cost of monitoring, supervision, assessment, and compensa-
tion [14].

Agricultural insurance (damage-based) in Vietnam, in general and the MD, in particu-
lar,, has been piloted since 2011 according to Decision No. 315/QĐ-TTg promulgated 
on March 1, 2011, by the former Prime Minister on the implementation of the pilot pro-
gram on agricultural insurance for the period 2011–2013 in 20 provinces. In the MD, 
insurance for rice was implemented in An Giang and Dong Thap provinces and insur-
ance for aquaculture (catfish, tiger shrimp, white-leg shrimp) in Ben Tre, Soc Trang, Tra 
Vinh, Bac Lieu, Ca Mau. To continue the program, the government issued Decree No. 
58/2018/ND-CP on April 18, 2018 on agricultural insurance. The prime minister has 
also issued Decision No. 22/2019/QĐ-TTg on implementing subsidy policies for agri-
cultural insurance, which facilitating farmers to buy agricultural insurance to minimize 
damages due to natural disasters and epidemics.

Although the agricultural insurance program has brought many positive impacts on 
farmers’ income as well as changed farmers’ perceptions of risk management tools, the 
proportion of households participating in insurance is still quite limited. Due to the fact 
that the insurance packages are not close to reality, the process of determining the dam-
ages was not consentaneous between farmers and insurance companies and the proce-
dure for compensation is still quite complicated [33–36, 57]. In addition, there has been 
no insurance package so far designed specifically for transformational farmers, while 
agricultural restructuring programs adapting to climate change have been paid attention 
to and implemented widely.

2.2.3  About application of choice modelling for designing insurance package

In theory, there have been many different approaches to determining farmers’ prefer-
ences and willingness to pay. CM is one of the methods widely employed in many differ-
ent fields to determine the marginal willingness to pay for a product/service that do not 
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have market prices, including tourism and ecological services [8, 20]. Many marketing 
studies also employed this approach to understand the tastes and willingness of consum-
ers to pay for each product’s attributes.

CM is an approach based on stated preference. This method is derived from a com-
bined analysis; the interviewees (farmers in this case study) will be faced with many 
choice sets. From each choice set, the farmer chooses the most preferred option. By 
assigning a price to each alternative, estimates of marginal benefit can be converted into 
monetary values for each change in the attribute’s level [47]. Then, the probability that 
farmer i selects alternative j in a choice set over n alternatives is perceived as the prob-
ability of the utility obtained from alternative j is greater than the probability of the util-
ity from the other alternatives. This method allows multiple choice sets to be selected 
through repeated properties and scenarios (instead of having trade-offs as in the con-
tingent evaluation method—CVM), allowing us to test and the farmers to express their 
“true” preferences. To study the transformed farmers’ preferences on agricultural insur-
ance, especially attributes such as types of damages/diseases covered, rate of compensa-
tion, insured crops, complexity of claim procedures and premium rates, …, the proposed 
study will employ a discrete choice modelling developed by Louviere et al. [40]. This 
method has been widely used to estimate the non-market value of goods [8, 58, 62, 64].

According to Lancaster’s economic theory, a product (insurance package) that a 
farmer is willing to buy includes different attributes [37]. To value these attributes, the 
previous studies put them in the choice sets to be selected by buyers [43]. Such selection 
reflects the indirect utility of farmers for different attributes across different scenarios.

Regarding the application of the CM method to determine people’s preferences on 
insurance, although there have been few previous studies using this approach in Viet-
nam, many international studies have been done, such as Huang et al. [24] studied 
insurance packages for potato farmers, Sibiko et al. [54] studied weather insurance 
for small-scale farmers, Ye et al. [68] considered about the liabilities and supports for 
agricultural insurance, Liesivaara and Myyrä [39] studied willingness to pay for crop 
insurance in northern Europe; Brouwer and Akter [10] studied about micro insurance 
packages to reduce the risk of weather disasters. The domestic studies on agricultural 
insurance mainly employed the CVM approach or logit/probit regression. Such practical 
applications include the studies of [33–36, 57].

3  Method
3.1  Attributes and study design

The selection of insurance attributes in this study is based on key factors influencing 
shrimp farmers’ decision-making regarding index-based insurance, as determined 
through an extensive literature review. To ensure the attributes used in the choice exper-
iment are valid and relevant, the research team conducted key informant interviews and 
focus group discussions with experts, local authorities and shrimp farmer groups. These 
engagements provided valuable insights into farmers’ preferences, particularly their 
strong preference for insurance premiums and coverage based on total revenue losses 
rather than production costs. This preference aligns closely with actual farming prac-
tices and household financial planning, making it highly relevant for index-based insur-
ance. Given that intensive, semi-intensive, and extensive farming systems differ in costs, 
yields, and market prices—leading to significant variation in revenue—we recommend 
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calculating insurance premiums as a percentage of each household’s actual or projected 
revenue. This revenue-based approach promotes fairness and affordability by aligning 
premiums with farmers’ income levels and risk exposure, making it more suitable for 
diverse shrimp farming contexts.

Furthermore, to ensure the attributes are practical and aligned with insurance indus-
try practices, the research team conducted in-depth interviews with Bao Viet Insurance, 
one of leading agricultural insurers in Vietnam. These interviews provided a comprehen-
sive understanding of current practices in claim procedures, loss assessment, and pre-
mium structures. The consultations confirmed that the selected attributes are realistic, 
market-relevant, and reflective of both farmers’ needs and industry standards.

Due to the constraints of discrete choice modeling and the requirements of orthogo-
nal experimental design, the number of attributes included in the final choice sets was 
limited. This trade-off is inherent in choice experiment methodology: while incorporat-
ing more attributes could provide richer preference data, it risks overwhelming respon-
dents, thereby reducing response reliability. Consequently, certain potentially significant 
attributes, such as government subsidies or farmers’ willingness to accept insurance 
under varying support scenarios, were excluded from the choice sets. The research team 
recognizes this limitation and plans to address it through complementary survey com-
ponents or follow-up studies to explore these aspects in greater depth. The attributes 
were carefully selected to address the most critical aspects of risk coverage, financial fea-
sibility, and accessibility, ensuring the proposed insurance product meets the needs and 
constraints of shrimp farmers. The rationale for each attribute is as follows:

Insurance coverage start time
Shrimp farming is highly vulnerable to disease outbreaks and environmental fluc-

tuations, particularly in the early stages of cultivation. Insurance companies often limit 
their coverage to later stages to mitigate excessive risk exposure. Therefore, this attri-
bute examines farmers’ preferences for different coverage start times—40, 50, or 60 days 
after stocking—allowing an assessment of how farmers perceive risk at different growth 
stages and their willingness to adopt delayed insurance coverage [69].

Insurance coverage duration
Shrimp farming cycles vary, with some farmers operating on a seasonal basis while 

others engage in year-round production. To address these variations, two insurance 
package options are considered: seasonal coverage (tailored to individual production 
cycles) and annual coverage (providing long-term risk mitigation). This attribute helps 
determine whether farmers prefer flexibility in short-term protection or a more compre-
hensive long-term insurance plan [19].

Loss assessment method
One of the critical challenges in index insurance is defining a transparent and objective 

mechanism for determining losses [15]. Two primary methods are evaluated:

 	– Weather-based assessment, which relies on external climate or environmental 
indicators to trigger payouts.

 	– On-site farm/pond evaluation, which involves direct assessment of shrimp losses at 
the farming site.

This attribute allows an analysis of farmers’ trust in indirect (index-based) assessments 
versus traditional loss verification approaches.
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3.1.1  Claim procedures

The ease of processing insurance claims significantly impacts farmers’ willingness to 
adopt insurance [17, 33]. Two options are examined:

 	– Self-processed claim procedures, where farmers handle documentation 
independently.

 	– Insurance company-assisted procedures, where companies provide guidance and 
support.

This attribute evaluates farmers’ preferences for simplicity and administrative support 
when seeking compensation.

3.1.2  Insurance premium rate

The financial feasibility of insurance is a crucial determinant of participation. The pre-
mium rate is set as a percentage of farmers’ average revenue, with four levels: 0.5%, 1%, 
1.5%, 2%, and 2.5%. This attribute helps assess farmers’ price sensitivity and their will-
ingness to pay for risk protection, providing insights into the optimal pricing structure 
for widespread adoption. The summary of attributes and the levels of each attribute are 
presented in Table 2 below:

We applied an orthogonal design using SPSS® software to generate a minimal set of 25 
discrete profiles for index insurance options in shrimp farming. Given the nature of the 
insurance attributes, a cyclical or foldover design was employed to maintain frequency 
balance across attribute levels [40]. In this approach, the levels of an added attribute 
were systematically adjusted based on the previous alternative within the same choice 
set to ensure statistical efficiency.

To develop the choice sets, key attributes influencing shrimp farmers’ insurance pref-
erences were identified through a survey, ensuring that the selected attributes reflected 
real-world insurance options. These attributes and their levels encompassed various 
features relevant to index-based insurance for shrimp farming (see Table 2). To stream-
line the survey, the 25 choice sets were randomly divided into five versions of the ques-
tionnaire, with each respondent evaluating five choice sets (the example choice set is 

Table 2  Attributes and levels for index insurance package
Attribute Description
Insurance coverage start time To ensure a balanced benefit-sharing approach with insurance companies, 

coverage is only provided after the first 40 days of shrimp stocking due to the 
high risks in the initial stage. This attribute considers three coverage durations:
(1) 40 days after stocking,
(2) 50 days after stocking, and
(3) 60 days after stocking

Insurance coverage duration This attribute includes two options:
(1) Seasonal insurance package and
(2) Annual insurance package

Loss assessment method There are two approaches for determining losses under this attribute:
(1) Loss assessment using weather-based indicators
(2) Loss assessment through on-site farm/pond evaluation

Claim procedures This attribute refers to the process of completing insurance claim documen-
tation and offers two methods:
(1) Self-processed claim procedures
(2) Insurance company-assisted claim procedures

Insurance premium rate The premium is calculated based on the average revenue of the shrimp farm-
ing model, with four levels: 0.5%, 1%, 1.5%, 2%, and 2.5% of total revenue
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presented in Appendix 1). The questionnaires were then randomly distributed to shrimp 
farmers. The study collected responses from a total of 500 participants, resulting in 2500 
recorded individual choices.

3.2  Data collection

The MD comprises eight coastal provinces engaged in shrimp farming, including Long 
An, Tien Giang, Ben Tre, Tra Vinh, Soc Trang, Bac Lieu, Ca Mau, and Kien Giang. 
According to statistical data from the General Statistics Office [22], total shrimp produc-
tion in the region has experienced significant growth over the past two decades (Table 3). 
From a modest 265.76 thousand tons in 2005, shrimp production surged to more than 1 
million tons in 2023, representing an average annual growth rate of 7.64%. Among the 
eight provinces, the four leading shrimp-producing provinces—Soc Trang, Bac Lieu, Ca 
Mau, and Kien Giang—accounted for a combined 75.88% of the Mekong Delta’s total 
shrimp production in 2023. Ca Mau alone contributed the highest share (23.14%), fol-
lowed by Bac Lieu (20.70%), Soc Trang (20.05%), and Kien Giang (11.99%). These prov-
inces have consistently maintained high production levels due to their favorable coastal 
environments, extensive farming areas, and advancements in shrimp farming tech-
nologies. Additionally, Kien Giang exhibited the highest growth rate (10.95%) over the 
period, reflecting its rapid expansion in shrimp farming, while Tra Vinh (9.13%) and Soc 
Trang (8.95%) also demonstrated strong production increases. Despite having smaller 
production volumes, provinces such as Tien Giang and Ben Tre have shown remarkable 
growth rates of 8.82% and 7.28%, respectively, indicating their growing importance in 
the regional shrimp industry. In this study, we focus on Soc Trang, Bac Lieu, Ca Mau, 
and Kien Giang due to their dominant role in shrimp production, their contribution to 
both domestic supply and exports, and their potential for further development in sus-
tainable shrimp farming practices.

The present study employs meticulously designed questionnaires for conducting 
face-to-face interviews with shrimp farmers. These questionnaires are designed to sys-
tematically gather information on three main aspects: (i) household demographic and 
economic characteristics; (ii) risk management strategies employed by shrimp farmers; 
and (iii) farmers’ preferences regarding agricultural insurance utilizing the CM. Eco-
nomic and demographic data are employed to identify factors influencing decision-mak-
ing by shrimp farmers. The dataset on farm risk management strategies is collected to 
elucidate the strategies employed by farmers, assess their effectiveness, and contribute 
to proposing solutions for risk reduction. The final dataset is gathered to capture the 

Table 3  Total shrimp production in the Mekong Delta. Unit: 1000 tons. 
Source: [22]
Province 2005 2010 2015 2020 2023 Share 2023

(%)
Growth rate
(%)

Long An 6.01 6.66 12.06 15.03 18.96 1.90 6.59
Tien Giang 8.00 12.83 20.60 27.68 36.62 3.66 8.82
Ben Tre 25.09 37.53 47.18 76.64 88.83 8.88 7.28
Tra Vinh 19.69 20.94 35.43 72.03 94.85 9.48 9.13
Soc Trang 42.84 60.83 90.66 155.53 200.53 20.05 8.95
Bac Lieu 63.62 69.10 104.11 147.48 206.98 20.70 6.77
Ca Mau 81.10 107.85 146.54 195.50 231.43 23.14 6.00
Kien Giang 18.46 34.77 52.21 98.11 119.91 11.99 10.95
Mekong Delta 265.76 353.20 510.56 789.75 1000.08 100.00% 7.64
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preferences and willingness of farmers to pay for agricultural insurance, utilizing the CM 
model (Fig. 1).

To ensure that all shirmp farmers clearly understood the choice sets and how to 
make their selections, interviewers spent approximately 5–7 min explaining the three 
options—A, B, and C (status quo)—within each set. Additionally, the cheap talk script 
provided in Appendix 1 was clearly read and explained to respondents prior to the first 
choice task. Respondents were also provided with color-printed cards illustrating the 
choice sets to facilitate visualization and comparison during the decision-making pro-
cess. To minimize bias, the choice sets were carefully designed using realistic scenarios 
and familiar terminology. The inclusion of a status quo option aimed to reflect actual 
decision-making constraints and to allow for opt-out behavior. Additionally, to ensure 
the reliability of farmers’ responses regarding their willingness to purchase insurance 
packages or the options they selected, a 10-point Likert scale was used to measure their 
certainty after completing all choice sets. Only those respondents who reported a cer-
tainty level between 7 and 10 were included in the dataset for analysis.

Socio-demographics of shrimp farmers
Understanding the demographic characteristics of shrimp farmers is crucial for assess-

ing their decision-making processes, access to resources, and potential adoption of 
new policies or technologies. Table 4 shows that shrimp farming in the Mekong Delta 
is predominantly male-dominated, with the highest male participation in Soc Trang 
(94%). Farmers have an aging demographic, with Bac Lieu having the oldest average age 
(55.71 years), while experience varies significantly, being highest in Ca Mau (18.26 years) 
and lowest in Soc Trang (9.97 years). Education levels remain low across all provinces, 
averaging between 6.76 and 7.93 years. Household sizes are relatively uniform, around 

Fig. 1  The map of Mekong Delta and study sites
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four persons per household. Cooperative participation is more common in Kien Giang 
(41%) and Bac Lieu (40%) than in Soc Trang (19%) and Ca Mau (18%).

There is a clear regional distinction in shrimp species and farming methods: Soc Trang 
focuses exclusively on intensive white leg shrimp farming (100%), while Kien Giang 
(95%), Ca Mau (73%), and Bac Lieu (77%) favor extensive tiger shrimp systems. Access to 
training and credit remains limited, with training participation highest in Ca Mau (24%) 
and lowest in Kien Giang (10%), while Soc Trang has the highest credit access (26%). 
Farm infrastructure varies significantly, with Kien Giang having the largest pond areas 
(1.57 ha) and Ca Mau the highest number of water outlets (7.32), essential for effective 
water management in extensive farming. Water treatment usage is most prevalent in Ca 
Mau (93%) and lowest in Bac Lieu (65%), reflecting possible environmental concerns. 
Overall, regional disparities in farming systems, infrastructure, and resource access 
highlight the need for targeted interventions to enhance sustainability and profitability 
in shrimp production.

3.3  Data analysis

3.3.1  Multinomial logit model

Following McFadden [43], the choices made by respondents—specifically the farmers in 
this study—represent their perceived indirect utility for different attributes across vari-
ous scenarios. The indirect utility function (Uij) is expressed as follows:

Uij = Vij + eij = βX ′
ij + δZ ′

ij + eij � (1)

In this formulation, Vij  represents the deterministic component of the latent utility for 
respondent ith associated with alternative jth (j = 1, . . . , C) within a given choice set. The 
parameter β is to be estimated, while eij  accounts for the error component. Addition-
ally, X ′

ij  and Z ′
ij  capture the attributes of agricultural insurance and the socio-economic 

Table 4  Socio-demographic characteristics of shrimp farmers. 
Source: Author’s estimates based on survey data from 2023, n = 500
Indicators Ca Mau Soc Trang Kien Giang Bac Lieu

Mean S.D Mean S.D Mean S.D Mean S.D
Gender (1 = male) 0.83 0.37 0.94 0.24 0.82 0.38 0.82 0.38
Age (years) 52.41 10.70 50.04 10.60 49.73 11.70 55.71 10.93
Family size (person) 4.35 1.51 3.86 1.07 4.34 1.25 4.23 1.50
Education (years) 7.35 3.21 7.09 3.40 7.93 3.68 6.76 3.58
Experience (years) 18.26 6.31 9.97 4.49 11.01 4.76 18.11 8.41
Cooperative (1 = yes) 0.18 0.39 0.19 0.39 0.41 0.49 0.40 0.49
Tiger shrimp (1 = yes) 0.73 0.44 0.00 0.00 1.00 0.00 0.80 0.39
White leg shrimp (1 = yes) 0.24 0.43 1.00 0.00 0.00 0.00 0.19 0.39
Extensive (1 = yes) 0.73 0.44 0.00 0.00 0.95 0.21 0.77 0.42
Intensive (1 = yes) 0.23 0.42 1.00 0.00 0.16 0.13 0.18 0.39
Semi-intensive (1 = yes) 0.03 0.16 0.00 0.00 0.03 0.18 0.04 0.19
Standard (1 = yes) 0.03 0.16 0.00 0.00 0.00 0.00 0.03 0.16
Training (1 = yes) 0.24 0.42 0.13 0.34 0.10 0.30 0.21 0.41
Credit access (1 = yes) 0.18 0.38 0.26 0.44 0.13 0.33 0.13 0.34
Pond area (ha) 0.97 0.97 0.31 0.16 1.57 0.75 0.85 10.82
Number of ponds 1.51 1.96 1.96 1.23 1.33 0.64 2.81 2.75
Water outlet 7.32 4.59 2.60 0.70 3.74 4.45 4.55 4.40
Water treatment 0.93 0.26 0.81 0.39 0.77 0.42 0.65 0.48
Data available upon reasonable request
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characteristics of respondent ith. Consequently, the probabilistic response function for 
alternative j is expressed as follows:

π (j) = exp(βX ′
ij + δZ ′

ij)/
∑
JϵC

exp(βX ′
ij + δZ ′

ij)� (2)

Assuming that the distribution of eij  is independently and identically distributed (iid) 
and follows an extreme value Type I distribution implies that the multinomial logit 
model (MNL) adheres to the independence of irrelevant alternatives (IIA) property. This 
property states that the probability ratio of choosing between any two options in a choice 
set remains unchanged regardless of the addition or removal of other alternatives. The 
IIA assumption can be evaluated using the Hausman and McFadden test. If this assump-
tion is violated, alternative models such as the conditional logit model, random param-
eter logit model, or latent class model may be more appropriate. In this study, the latent 
class model is preferred as it allows for a deeper understanding of consumer behavior 
and market segmentation among shrimp farmers, offering valuable insights beyond what 
standard multinomial logit models can provide [32, 67].

Using Eqs. (1) and (2), the implicit price or marginal willingness to pay (MWTP) for 
each attribute of agricultural insurance can be estimated based on the following expres-
sions for shrimp farmers.

MWTP = − ∂vij/∂βi

∂vij/∂βma

= − βi

βma
� (3)

where βi represents the coefficient of the attribute of interest, and βma denotes the coef-
ficient of the monetary attribute.

3.3.2  Latent class choice model

The latent class model, originally developed by Swait [56], is widely used to analyze 
choice experiment data, particularly when the assumption of the independence of irrele-
vant alternatives (IIA) is violated. Also known as a finite mixture model, this approach is 
advantageous as it identifies and accounts for heterogeneous preferences among respon-
dents by segmenting them into distinct groups with relatively similar choices. Research 
highlights the importance of incorporating latent individual characteristics in discrete 
choice analysis to better understand decision-making processes [5, 32, 44, 45]. Studies 
further suggest that preference heterogeneity is particularly prevalent in market analysis, 
especially in developing countries [16, 32, 67]. The latent class model assumes that indi-
viduals can be categorized into two or more distinct segments based on their attitudinal 
and socio-demographic characteristics, allowing for a more precise examination of con-
sumer behavior.

According to and Swait [56], Louviere et al. [40], Boxall and Adamowicz [9], the latent 
class model represents the composite utility function as follows:

Uij/s = βsX ′
ji + eij/s� (4)

Equation (4) represents the utility of the ith respondent within a specific class or segment 
s when selecting alternative j in a given choice set C. The likelihood that a respondent 
opts for alternative j within segment s in the choice set can be expressed as:
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Pij/s = exp(βsX ′
ji)/

∑
kϵC

exp(βsX ′
ki)� (5)

Let Pis represent the probability that a consumer is assigned to one of the predefined 
latent segments. Based on the methodology introduced by and Swait [56], Ben-Akiva et 
al. [4], the probability of consumer i being classified into segment s is determined using 
the following expression.

Pjs = exp(δsZ ′
i)/

∑
JϵC

exp(δkZ ′
i)� (6)

Here, Z ′
i represents the socio-demographic, attitudinal, and perceptual characteristics 

of the ith respondent, while δk denotes the parameters to be estimated. The latent class 
model, which incorporates both choice behavior and segment membership, can be for-
mulated by jointly estimating the probabilities from Eqs.  (5) and (6). Let Pijs represent 
the joint probability that respondent i belongs to segment s and selects alternative j. This 
relationship can be expressed as follows:

Pijs = (P ij/s)(P
js

) =

[
exp(βsX ′

ji)/
∑
kϵC

exp(βsX ′
ki)

] [
exp(δsZ ′

i)/
∑
JϵC

exp(δkZ ′
i)

]
� (7)

It is important to note that when the number of segments becomes comparable to the 
sample size, the use of a random parameter mixed logit model is recommended [21]. 
Additionally, if the constraints δs = 0 and βs = β are applied, the model described in 
Eq. (7) simplifies to a standard multinomial logit model, implying that respondent pref-
erences are homogeneous [32].

Several indicators have been proposed to determine the optimal number of segments 
S (S ≤ N) [3, 40, 67]. This study utilizes three key criteria: the minimum Bayesian Infor-
mation Criterion1 (BIC), the minimum Bozdogan Akaike Information Criterion2 (AIC3) 
and the maximum Akaike Likelihood Ratio Index3 (ρ2).

4  Results and discussions
Before conducting the latent class choice model analysis, the study tested for multicol-
linearity among the variables. The results showed that no multicollinearity was present. 
Initially, the multinomial logit model was used as a benchmark to test the assumption 
of homogeneity, specifically the Independence of Irrelevant Alternatives (IIA) property. 
However, the Hausman and McFadden test indicated a violation of the IIA assumption, 
leading to its rejection. This suggests that consumer choices are heterogeneous, and 
therefore, the estimates from the multinomial logit model are likely biased. As a result, 
the latent class model, conditional logit model (CLM) and mixed logit model (MXL) 
were employed to better capture this heterogeneity in consumer preferences.

During the choice model estimation process, attempts were made to fit 3-class, 4-class, 
and 5-class latent class models to better capture preference heterogeneity among shrimp 
farmers. However, these models failed to converge due to computational limitations, 

1 BIC = −LL + [((SKβ + (S − 1) Kδ) /2) ln(N)].
2 AIC3 = −2LL + 3 (SKβ + (S − 1) Kδ).
3 ρ2 = 1 − [(−2LL + (SKβ + (S − 1) Kδ)) /2LL(0)].
where Kβ  and Kδ  are the number of parameters in β and δ, respectively.
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which we primarily attribute to the high frequency of status quo choices in the dataset. 
Importantly, this pattern should be interpreted in the broader context of respondents’ 
real-world experiences and perceptions, rather than as a flaw in the experimental design. 
Notably, empirical findings reveal that 133 farmers—despite having a clear understand-
ing of agricultural insurance—deliberately chose not to purchase due to a lack of trust in 
the system. In-depth discussions with farmers using open-ended questions also revealed 
that farmers’ reluctance primarily stemmed from past negative experiences and a lack 
of trust, often rooted in perceived failures of previous pilot insurance programs. These 
individuals were not unfamiliar with the principles or functioning of insurance; rather, 
their repeated selection of the status quo reflects a rational and informed rejection, 
motivated by skepticism about the effectiveness and fairness of the system. The relatively 
high proportion of respondents selecting the status quo also suggests a meaningful level 
of engagement and indicates that responses were grounded in real-world considerations.

This finding aligns with evidence from previous studies, which highlight the erosion 
of farmer confidence following unsuccessful pilot phases of agricultural insurance [34, 
35, 52]. Thus, the observed behavior should be understood not as confusion or disen-
gagement with the survey, but as a considered response shaped by accumulated practical 
experience. Given these results, the analysis focused on evaluating the 1-Class Model 
and 2-Class Model using several statistical criteria, including Log Likelihood, BIC, AIC3, 
and McFadden’s Pseudo R2 (ρ ̅2). These metrics assess the balance between model fit and 
complexity, ensuring that the selected model effectively captures preference heterogene-
ity without overfitting.

Based on the model evaluation criteria in Table 5, the 2-Class Model has a lower BIC 
and AIC3 compared to the 1-Class Model. This suggests that the 2-Class Model provides 
a better fit for the data while balancing complexity. Additionally, McFadden’s Pseudo R2 
(ρ̅2) is higher for the 2-Class Model, indicating better explanatory power. Therefore, the 
2-Class Model is recommended as the preferred model for capturing heterogeneity in 
farmers’ insurance preferences.

Understanding the factors influencing shrimp farmers’ willingness to pay for index 
insurance requires examining the heterogeneity in their preferences and decision-mak-
ing. By applying a latent class choice model, we can identify distinct farmer segments 
with varying levels of risk perception, price sensitivity, and preference for different 
insurance attributes. This segmentation helps explain why some farmers are more likely 
to adopt index insurance while others remain hesitant. The application of the latent class 
model not only confirms the presence of such heterogeneity in a new empirical con-
text but also serves to inform more targeted policy interventions, particularly in Viet-
nam, where agricultural insurance markets remain underdeveloped and adoption rates 
are low. Table 6 shows the estimated coefficients from the latent class choice model, 

Table 5  Criteria for determining optimal number of latent segments
Criteria 1-class model 2-class model
Log likelihood (LL) − 2104.04 − 2043.14
Number of parameters (K) 7 29
BIC 2262.22 2131.43
AIC3 4254.29 4229.09
McFadden’s pseudo R2 (ρ̅2) 1.9806 1.9979
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emphasizing the key factors that distinguish the farmer groups and their likelihood of 
purchasing index insurance.

To better understand shrimp farmers’ willingness to pay for index insurance, the latent 
class choice model was estimated, identifying two distinct segments with differing pref-
erences and decision-making behaviors. The results suggest that segment 1 consists of 
farmers with lower levels of education, smaller household sizes, and a heavy reliance 
on labor for shrimp farming. They are highly responsive to training programs, suggest-
ing strong potential for behavioral change when appropriate support is available. These 
farmers are open to innovative insurance designs, particularly those that offer early pay-
outs (40–50 days after stocking) and align with seasonal farming cycles. However, they 
are highly price-sensitive and tend to be skeptical of company involvement in insurance 
provision. Therefore, this segment is labeled “Training-responsive, price-sensitive farm-
ers with low education”. In contrast, Segment 2 includes farmers who are more edu-
cated, less reliant on shrimp labor, and less influenced by training. They prefer insurance 
options involving company participation, indicating greater trust in formal institutions. 
While still price-sensitive, they are more accepting of the status quo and show moderate 

Table 6  Estimated coefficients from latent class choice model. 
Source: Author’s estimates based on survey data from 2023, n = 500
Variables Segment 1

Training-responsive, price-sensitive 
farmers with low education 

Segment 2
Company-trusting, moderately 
price-sensitive farmers with 
higher education

Coef S.E Coef S.E
Utility function coefficients
ASC − 2.534*** 0.427 − 0.948*** 0.163
DAY40 0.646* 0.336 0.191* 0.113
DAY50 0.775** 0.340 − 0.178 0.117
SEASON 0.881*** 0.286 0.185** 0.089
WEATHER − 0.095 0.238 0.033 0.086
COMPANY − 0.559* 0.288 0.325*** 0.092
PRICE − 0.474** 0.186 − 0.218*** 0.069
Segment function coefficients
CONSTANT − 16.558 20,328.240 –
FAMILY SIZE − 3.775** 1.720 –
SHRIMP LABOR 0.687*** 0.234 –
EDUCATION − 1.248** 0.579 –
COOPERATIVE 0.008 0.074 –
TIGER SHRIMP − 2.708* 1.466 –
WHITE LEG SHRIMP − 21.190 13,407.970 –
EXTENSIVE FARMING 20.693 20,328.240 –
INTENSIVE FARMING 39.750 24,351.820 –
STANDARD 0.407 1.509 –
TRAINING 4.082* 2.457 –
CREDIT − 73.902 0.142 × 108 –
Class probabilities 37.90% 62.10%
Model parameters
  Log likelihood function − 2031.378
  McFadden Pseudo R2 0.260
  Observations 2500
Data available upon reasonable request

*, ** and *** indicate the significant levels of 10%, 5% and 1%, respectively
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interest in early payouts and seasonal coverage. This segment is labeled “Company-trust-
ing, moderately price-sensitive farmers with higher education”.

The model’s pseudo R2 of 0.260 indicates a reasonable fit, providing valuable insights 
into the heterogeneity of shrimp farmers’ preferences. To enhance the robustness of our 
findings and address the observed dominance of the status quo option, we supplemented 
the LCCM with two additional models: the CLM, with results presented in Appendix 2, 
and the MXL, with results shown in Appendix 3. While the LCCM captures preference 
heterogeneity through distinct segments, the CLM assumes homogeneous preferences 
across all respondents, and the MXL accounts for continuous heterogeneity in prefer-
ences. Table 7 presents the detailed estimated WTP values for each insurance attribute 
across the LCCM, CLM, and MXL models.

*, ** and *** indicate the significant levels of 10%, 5% and 1%, respectively
The estimated WTP values reveal significant differences between the two farmer seg-

ments in their preferences for index insurance attributes. Segment 1 farmers show a 
strong preference for extended insurance coverage, with a WTP of 1.36% of total rev-
enue for coverage starting at 40 days and 1.64% of total revenue for coverage at 50 days, 
suggesting they perceive greater risks and value longer protection. In contrast, Segment 
2 is willing to pay 0.88% of total revenue for 40-day coverage but has a negative WTP 
(− 0.82) for 50-day coverage, indicating they do not favor later-stage insurance. Seasonal 
insurance is preferred by both segments, though Segment 1 values it higher (1.86% of 
total revenue) compared to Segment 2 (0.85% of total revenue Regarding loss assess-
ment, Segment 1 has a slightly negative WTP (− 0.20% of total revenue) for weather-
based assessment, suggesting concerns about reliability, while Segment 2 has a positive 
WTP (0.15% of total revenue), showing more trust in this method. The most striking 
difference is in claim procedures: Segment 1 strongly dislikes company-assisted claims 
(− 1.18% of total revenue), preferring self-processed claims, while Segment 2 has a WTP 
of 1.49% of total revenue for company-assisted claims, indicating they value administra-
tive support.

Table 7 also shows that the estimation results from the LCCM, CLM, and MXL high-
light consistent patterns and confirm preference heterogeneity among shrimp farmers. 
The CLM, assuming homogenous preferences, yields average WTP values that typically 
fall between the two LCCM segments—for example, a WTP of 1.21% for 40-day cover-
age aligns more with Segment 1. Seasonal insurance is positively valued across all mod-
els, indicating broad farmer support. However, differences emerge for other attributes: 
CLM shows a positive WTP (0.67%) for company-assisted claims, contrary to Segment 

Table 7  Estimated willingness to pay for insurance attributes. 
Source: Author’s estimates based on survey data from 2023, n = 500. Data available upon reasonable 
request
Attribute Latent class Conditonal logit 

WTP (%)
Mixed 
logit 
WTP 
(%)

Segment 1 
WTP (%)

Segment 2 
WTP (%)

Insurance coverage start Time (40 days) 1.36* 0.88* 1.21*** − 0.13
Insurance coverage start Time (50 days) 1.64** − 0.82 0.08 − 1.83***
Insurance coverage duration (seasonal) 1.86*** 0.85** 1.22*** 0.78***
Loss assessment method (Weather-based) − 0.20 0.15 0.05 − 5.62***
Claim procedures (Company-assisted) − 1.18* 1.49*** 0.67** − 0.32***
1USD = 25,600 VND
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1’s rejection of this option in LCCM. MXL further reveals significant heterogeneity, with 
extreme values such as a large negative WTP (–5.62%) for weather-based loss assess-
ment. These results suggest that farmers are generally unwilling to pay for weather-based 
agricultural insurance. This reluctance may stem from a lack of trust in the monitoring 
systems and past failures of pilot programs. Farmers may feel the need to be actively 
involved in the damage assessment process. However, there is substantial variation 
across households—specifically, the statistically significant coefficient for NsWEATHER 
in the “Distributions of Random Parameters” indicates that farmers exhibit diverse pref-
erences regarding this damage assessment attribute. Similarly, for the attribute “50 days 
after stocking”, farmers’ willingness to pay also tends to be lower compared to the 60-day 
mark. This may be because, at 50  days, both the investment value and the economic 
value of the shrimp are still relatively low. Additionally, ponds may not yet be heavily 
affected by pollution, leading farmers to perceive a lower risk of potential losses at this 
stage. However, the results also indicate heterogeneity in farmers’ preferences for this 
attribute, as evidenced by the statistically significant coefficient of NsDAY50.

Despite methodological differences, both LCCM and MXL consistently capture 
diverging views on coverage duration and claim procedures, emphasizing the need for 
flexible, tailored insurance designs that address diverse farmer needs and perceptions.

By combining the class membership results with the estimated willingness to pay for 
each attribute, the findings highlight the need for insurance providers to tailor prod-
ucts to the distinct characteristics of each farmer segment to improve adoption rates. 
For Segment 1 (low-education, training-responsive farmers), insurers should focus on 
offering early payout and seasonal coverage options, which align with this group’s pref-
erences. Given their skepticism toward company involvement, it is important to build 
trust through ongoing training and extension services, which this group responds well 
to. Additionally, incorporating more flexible and transparent claim processes, such as 
self-assessment or participatory damage verification, may help overcome distrust and 
encourage participation. These findings align with studies highlighting the importance 
of tailoring insurance products to address the specific needs of different farmer seg-
ments. For instance, a study on Vietnamese shrimp farmers found that farmers’ risk 
management strategies and willingness to pay are influenced by their experiences and 
perceptions of insurance reliability [2]. Regarding to Segment 2 (higher-education, com-
pany-trusting farmers), insurance providers can leverage this group’s greater acceptance 
of company involvement by offering products with clearly defined institutional roles and 
streamlined processes. While they are still price-sensitive, their moderate willingness 
to pay suggests potential for adopting more structured or bundled insurance packages, 
especially when paired with transparent pricing and reliable service. Since this group is 
less influenced by training, outreach efforts should focus on highlighting the credibil-
ity and efficiency of insurance providers, rather than capacity-building. Emphasizing 
the role of trusted organizations may further enhance uptake within this segment. This 
segment’s preferences are consistent with findings from other studies, which suggest 
that ease of access and convenience are significant factors influencing insurance uptake 
among farmers. For example, research on small-scale Vietnamese shrimp farmers indi-
cates that preferences for good aquaculture practices and proactive development poli-
cies are influenced by the perceived benefits and convenience of adoption [42, 53]. The 
identification of these segments through latent class analysis contributes to a nuanced 
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understanding of farmer behaviors, which is crucial for developing effective risk man-
agement strategies. Recognizing that a one-size-fits-all approach is ineffective, policy-
makers and insurers can leverage these insights to craft policies that resonate with the 
diverse needs of the farming community, thereby enhancing the sustainability and effec-
tiveness of agricultural insurance schemes [49].

5  Conclusions
The analysis highlights clear differences in insurance preferences between the two seg-
ments, emphasizing the need for tailored approaches. Segment 1—training-responsive, 
price-sensitive farmers with low education—prefers seasonal and extended coverage 
but is skeptical of company involvement and weather-based assessments. Their strong 
responses to training and high price sensitivity suggest a need for capacity-building 
and financial support. In contrast, Segment 2—company-trusting, moderately price-
sensitive farmers with higher education—prefers company-assisted claims and weather-
based assessments, reflecting greater trust in formal systems. For this group, strategies 
should focus on credibility, clear procedures, and efficient service delivery. The estima-
tion results from the LCCM and MXL highlight consistent patterns and confirm prefer-
ence heterogeneity among shrimp farmers. These findings suggest that a one-size-fits-all 
approach may not be effective in promoting index insurance adoption among shrimp 
farmers. Instead, insurance providers should develop customized policy options that 
align with the distinct needs of each segment. Offering flexible claim procedures, mul-
tiple coverage durations, and transparent loss assessment methods can enhance the 
appeal of index insurance and encourage broader participation. By addressing these var-
ied preferences, policymakers and insurers can design more effective and sustainable 
risk management solutions for shrimp farmers, ultimately improving their resilience to 
production uncertainties.

While this study offers valuable insights into shrimp farmers’ willingness to pay for 
index insurance, several limitations should be acknowledged. First, the analysis is based 
on stated preference data derived from a discrete choice experiment, which may not 
fully reflect actual purchasing behavior in real-world contexts. Second, although the 
study focuses on a set of key insurance attributes, there is an inherent trade-off between 
including a comprehensive range of attributes and maintaining the cognitive simplicity 
and statistical efficiency of the experimental design. Due to constraints in construct-
ing an orthogonal and manageable design, certain potentially important factors—such 
as government subsidies, peer influence, coverage caps, or prior experience with insur-
ance—were not incorporated. Future research should explore these additional dimen-
sions to provide a more comprehensive understanding of farmers’ insurance adoption 
behavior and to inform more nuanced policy design.

Appendix 1: An example choice set for index insurance
Before you begin the choice tasks regarding agricultural insurance packages, we would 
like you to consider the following: In previous surveys, some farmers tended to choose 
options that sounded “ideal” or “desirable” rather than the ones they would realistically 
choose if they actually had to pay for them. In reality, farmers make careful decisions 
based on their farming, perceived risks, and the actual value of the insurance. So we 
kindly ask you to answer this survey as if you were really deciding whether to pay for 
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each insurance option using your own money. Please consider each choice carefully, just 
as you would if this were a real-life decision.
Attribute Insurance package A Insurance package B No agri-

cultural 
insurance

Insurance coverage start time 40 days after stocking 50 days after stocking
Insurance coverage duration Annual insurance package Seasonal insurance package
Loss assessment method Weather-based assessment On-site farm assessment
Claim procedures Company-assisted process Self-processed claims
Insurance premium rate 1.5% of total revenue 2% of total revenue
I will choose: (Select only one 
option)

□
Insurance package A

□
Insurance package B

□
I will not 
purchase

Appendix 2: Estimated coefficients from conditional logit model

Variables Coefficients Standard error z Prob|z| >Z
ASC − 1.433*** 0.120 − 11.920 0.000
DAY40 0.301*** 0.091 3.320 0.001
DAY50 0.019 0.091 0.210 0.837
SEASON 0.303*** 0.073 4.140 0.000
WEATHER 0.013 0.072 0.180 0.854
COMPANY 0.166** 0.072 2.310 0.021
PRICE − 0.248*** 0.055 − 4.510 0.000

Appendix 3: Estimated coefficients from mixed logit model

Variables Coefficients Standard error z Prob|z| >Z
Random parameters in utility functions
DAY50 − 1.779*** 0.609 − 2.920 0.004
WEATHER − 5.455*** 1.914 − 2.850 0.004
Nonrandom parameters in utility functions
DAY40 − 0.127 0.116 − 1.090 0.274
SEASON 0.757*** 0.160 4.720 0.000
COMPANY − 0.312*** 0.111 − 2.800 0.005
PRICE − 0.971*** 0.079 − 12.240 0.000
Distributions of random parameters
NsDAY50 2.508*** 0.785 3.190 0.001
NsWEATHER 7.487*** 2.196 3.410 0.001
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