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ABSTRACT: A better understanding of farmers’ investment strategies associated with climate and weather is crucial to
protecting farming and other climate-exposed sectors from extreme hydrometeorological events. Accordingly, this study
employed a field experiment to investigate the investment decisions under risk and uncertainty by 213 farmers from four
regions of Taiwan. Each was asked 30 questions that paired ‘‘no investment,’’ ‘‘investment with crop insurance,’’ ‘‘investment
with subsidized crop insurance,’’ and ‘‘investment’’ as possible responses. By providing imperfect information and various
probabilities of certain states occurring, the experimental scenarios mimicked various types of weather-forecasting services. As
well as their socioeconomic characteristics, the background information we collected about the participants included their
experiences of natural disasters and what actions they take to protect their crops from weather damage. The sampled farmers
became more conservative in their decision-making as the weather forecasts they received became more precise, except when
increases in risk were associated with high returns. The provision of insurance subsidies also had a conservatizing effect.
However, considerable variation in investment preferences was observed according to the farmers’ crop types. For those
seeking to create comprehensive policies aimed at helping the agricultural sector deal with the costs of damage from extreme
events, this study has important implications. This approach could be extended to research on the perceptions of decisionmakers in other climate-exposed sectors such as the construction industry.
SIGNIFICANCE STATEMENT: While farmers have shown their eagerness to obtain timely weather forecasts and
better forecasting precision, we would like to understand how they respond to an enhanced weather-forecast service. We
observe 213 Taiwanese farmers’ investment preferences using a field experiment involving 30 questions. Two weather
states, good and bad, are used to mimic various types of agricultural harvest environment. The proportion of weather
states indicates the likelihood of states occurring. The unknown state, controlled by providing imperfect information,
implies the accuracy of forecasts. The less that is unknown, the more accurate is the forecast. In addition, we examine
farmers’ decisions in the experiment in accordance with their socioeconomic characteristics and experiences of natural
disasters in the real world. Our findings suggest that, in general, farmers could be more conservative as the weather
forecast became more precise. However, such an effect varies with the farmers’ crop types. Moreover, the provision of
insurance subsidies also has a conservatizing effect. We also provide policy implications not only in relation to enhanced
weather forecasting, but also in regard to crop insurance against natural disasters.
KEYWORDS: Forecast verification/skill; Agriculture; Communications/decision making; Experimental design; Field
experiments; Insurance

1. Background
In recent years, climate change linked to increasing human
activity has led to an increase in the frequency and severity of
extreme weather events, with severe impacts on ecosystems,
human health, and economic and social development. Scher
and Messori (2019) suggested that in a warmer world it will be
harder to make accurate precipitation forecasts, which might
strongly affect both disaster prevention and rainfall-dependent
industries that heavily rely on the accuracy of such forecasts.
Anbarci et al. (2011) found that accurate weather forecasts
have substantial economic value. The demand for more accurate climatological information is, therefore, increasing and is
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spurring efforts to provide a broad slate of services to inform
decision-makers. However, very little scholarly attention has
been paid to how those receiving these enhanced climate-related
services either use or respond to them (Guido et al. 2013).
Agriculture is foremost among the various industries affected
by climate change. Farmers’ decisions strongly depend on both
short-term weather forecasts and long-term climatological information. Fen (2013) reported that farmers were eager to obtain timely forecasts, and to see an increase in forecasting
precision. Because of the huge socioeconomic importance of
accurate weather forecasts, it is essential to know whether climate change adaptation policies need to take into account the
accuracy of weather forecasts. This opens up the highly important question of whether the accuracy of weather forecasts will
affect the behavior of investors in climate-dependent industries.
To the best of our knowledge, however, no studies to date have
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examined the effects of weather-information quality on farmers’
investing behavior. In addition, because most agricultural markets are perfectly competitive, and most farmers use weather
forecasts in their decision-making, this study chooses farmers as
its target group.
To a far greater degree than in other industries, agricultural
production is influenced by variations in weather and climate.
The accuracy of weather and climate information parallels the
probability of a state occurring in the behavioral decision theory literature. In this study, by adopting the widely accepted
definitions in Camerer and Weber (1992), we classify the circumstances facing farmers as risk and ambiguity, depending on
how much is known about the probability of a certain state
occurring. That is, risk represents the possibility of an event
occurring, and can be measured using a probability distribution. Ambiguity, on the other hand, means that the information
available to the decision-maker is insufficient to accurately
calculate the probability (Epstein 1999). The difference between risk and ambiguity is subtle, but nevertheless nontrivial.
The situation is further complicated by the fact that decisionmakers, based on their knowledge and past experience, develop a subjective belief with regard to the probability of
particular events occurring. Since the introduction of the famous Ellsberg Paradox (Ellsberg 1961), risk and ambiguity
aversion have been a popular focus of experimental research.
This has raised important issues to measure ambiguity
(Abdellaoui et al. 2016; Ahn et al. 2014; Baillon et al.
2018a,b; Carbone et al. 2017; van de Kuilen and Wakker
2011). Key topics within this body of empirical and experimental literature include the effects of ambiguity aversion
on individual decision-making, and choices of asset allocation in financial markets, as well as investment in agricultural products (Anantanasuwong et al. 2019; Bianchi and
Tallon 2019; Guidolin and Rinaldi 2012; Potamites and
Zhang 2012). All these studies have indicated that an individual’s attitude toward ambiguous information significantly influences his or her decisions. However, despite
extensive theoretical discussion and experimentation around
this phenomenon, only a few studies to date have found clear
correlations between attitudes toward ambiguity aversion and
real-life risk preferences and decision behavior (Baillon et al.
2018a; Trautmann and van de Kuilen 2015). Thus, part of the
aim of the present study is to help fill that gap.
Under conditions of uncertainty, one can form a belief about
the probability of a state; however, when facing ambiguity, one
cannot. In this paper, we extend this framework to account for
the peculiarities of the information provided by weather
forecasts. In particular, as the quality of weather forecasting
increases, its recipients’ perceptions with regard to the probability of a given state occurring become more accurate and, as
such, that probability shrinks from a broad interval to a more
precise value.
Survey methods have normally been used to study agriculturerelated forecasting issues. For example, Lee et al. (2014) and Chiu
et al. (2014) respectively investigated the public’s preferences for a
new pollen-forecasting system in South Korea and a new type of
weather warning. However, other approaches have recently been
adopted. Ranganathan et al. (2016) use choice experiments to
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estimate farmers’ willingness-to-pay for price insurance for cotton
and rice, and Nyadzi et al. (2019) interviewed rice farmers in
northern Ghana to understand their needs in relation to hydroclimatic information for seasonal climate forecasts. Nevertheless,
those two studies’ respondents answered only hypothetical questions. Without real incentives and verification, respondents may
exhibit different levels of willingness-to-pay than they would in
reality. In other words, it will be vital in future studies involving
experimental economics for researchers to observe the responses
of decision-makers to real incentives.
Research on the effects of information on investment and
insurance-related behavior has been extensive. For example,
Anwar and Zheng (2012) claimed that if sellers face the same
ambiguity as buyers, or a lesser degree of ambiguity, then
buyers will be willing to purchase full insurance. However, if
sellers face more ambiguity than buyers, buyers are—at
most—willing to purchase partial insurance. Besides, DupontCourtade (2012) reported that, in a specific case where insurance is purchased against low probability and highly
ambiguous events, more than 25% of their respondents did
not want to buy insurance. Based on these and other results,
they concluded that people are more likely to purchase insurance and more willing to pay high premiums when risk is
known. Alary et al. (2013) derived a set of simple conditions
such that ambiguity aversion always raises the demand for
self-insurance and insurance coverage but reduces the demand for self-protection.
The experimental approach has been widely used to study
insurance-related behavior. Hogarth and Kunreuther (1989)
designed a series of experiments to verify their ambiguityaversion model in the insurance market and reported that both
buyers and sellers of price insurance dislike ambiguity when
the probability of an event occurring is low. Last, Huang et al.
(2013) investigated the effects of ambiguity aversion and uncertainty on the insurance bargaining game from a different
perspective, and they concluded that more uncertainty led to
higher coverage. Brunette et al. (2013) examined how degrees
of public compensation and ambiguity affected people’s decisions to purchase insurance and found that the presence of
government subsidies lowered their willingness to pay for insurance. The same authors claimed that ambiguity and risk
preference are two independent concepts, while most decisionmakers are risk seekers and ambiguity averse. Desrochers and
Outreville (2013) evaluated the effects of risk preferences on
willingness to participate in a rural environment protection
scheme and found that farmers supported using that scheme
as a tool for risk management.
Unlike laboratory experiments, field experiments have the
advantage of accessing the true targets of the research as participants, rather than university staff and students acting as
proxies, and thus are more likely to yield results relevant to the
research goal. Nevertheless, because of their novelty and research funding constraints, studies with field-experiment approaches are not common. The few relevant examples include
the Warnick et al. (2011) experiment to estimate the magnitude of risk and ambiguity aversion among farmers in rural
Peru. Specifically, they reported that farmers were less likely
to diversify away from safe crops because of risk aversion,
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y
y 1 (1 2 r^)r
y 1 (1 2 r^)r 2 m

Bad weather state
y
y 2 r^r
y 2 r^r 1

r^
m
(1 2 r^)

and less likely to increase the overall diversity of their crop varieties due to ambiguity aversion. In Ethiopia, Hill and Viceisza
(2012) indicated that insurance had a positive effect on fertilizer
purchases, and that farmers’ willingness to purchase insurance
depended on previous weather conditions. Last, in rural Senegal,
Czura and Dequiedt (2015) indicated that insurance could increase investment, and that the value of agricultural insurance
was greater in the nonflexible decision-making environment
represented by seasonal livestock markets.
In this paper, we establish an agricultural-investment model
and apply several utility functions to predict the effects of risk
and ambiguity aversion on investment preferences. Three investment options, including no investment, investment, and
insured investment, were paired in three treatments. To test
our theoretical prediction, a field experiment is used to investigate farmers’ investment preferences under risk and ambiguity. Together, the collected data allow us to assess their
experience and actual decisions in the field. More specifically,
the purposes of this research can be broken down into two
parts: first, to estimate the effects of an improvement in the
quality of weather information on farmers’ investment behavior; and second, to investigate their experiences of natural
disasters and intentions to purchase natural-disaster insurance.
Accordingly, 213 Taiwanese farmers from four geographically
dispersed local farmers’ organizations were invited to participate in the experiment. In the meantime, a survey was aimed at
capturing participants’ weather-forecasting needs in the real
world. The relationship between participants’ decisions in the
experiment and real life can both help the government as it
prepares guidelines to improve weather-forecasting services,
and as it designs agricultural products insurance.

2. Method
a. Model

fair insurance can be described as (1 2 r)T 5 m. Another
reasonable assumption is that the insurance coverage shall not
exceed the investment reward (T # r). When such coverage is
equal to such a reward (i.e., T 5 r), the insured investment will
be risk-free; and the sum of the investment cost and the premium will also be equal to the reward (c 1 m 5 r). A further
condition prevents the outcome of bad weather from surpassing that of the good weather state.
The probability of weather states under ambiguity is not a
precise number but falls within a range [r, r], where r is the
highest probability and r is the lower bound. In a perfectly
competitive market, it is reasonable to assume that the market
will take the average probability between the highest and the
lowest probabilities, that is, r^ [ (r 1 r)/2. As noted earlier,
however, the perceived probability in a given range is subjective, and is not always equal to the average probability. For a
perfectly competitive market with fair insurance, we use the
average probability of the good weather state r^. Thus, a perfectly competitive market ensures that the expected investment reward will equal the investment cost, r^r 5 c, while fair
insurance ensures that the expected coverage will be equal to
the insurance cost, (1 2 r^)T 5 m.
Since the utility function depends only on own payoffs,
here we simply use the payoffs, so that u(d) 5 df,u, where df,u
is the payoff of strategy f under the u state. From the general model described above, we create four distinct decision
models, each of which is described in its own subsection of
section 3b below.

b. Problems of decision analysis under risk and ambiguity
1) DECISION MODEL 1: SUBJECTIVE EXPECTED UTILITY
A subjective expected utility (SEU) DM selects alternative
f * such that


1

f * 2 arg max
f

å Prf ,u uf ,u


, where

f 5 ni, i, si .

(1)

u50

The utility of a risk-neutral SEU DM from options can be listed
as follows:
UniSEU (Prni,1 5 r) 5 y ,

(2)

UiSEU (Pri,1 5 r) 5 Pri [y 1 (1 2 r^)r] 1 (1 2 Pri )(y 2 r^r), and
(3)

An agricultural decision-maker (DM) is given three options:
no investment (ni), investment (i), and insured investment (si).
Table 1 shows the payoffs for all possible outcomes. The DM
obtains a sure endowment y for no investment. A fixed investment cost c is required if the DM decides to invest. The
investment return r $ 0 depends on the weather state u 2 {0, 1},
which has unknown probabilities. In the good weather state
u 5 1, the investor earns the return; in the bad weather state
u 5 0, the investor earns nothing. The probability that u 5 1 is
r, and the probability that u 5 0 is therefore 1 2 r.
Here we consider a fair insurance policy for which the premiums paid will be equal to the expected value of the compensation received. Given that the insurance premium is
denoted by m and the coverage is denoted by T, an actuarially

UsiSEU (Prsi,1 5 r) 5 Prsi [y 1 (1 2 r^)r 2 m]


r^
m .
1 (1 2 Prsi ) y 2 r^r 1
(1 2 r^)

(4)

The perceived subjective probability of good weather r
does not always coincide with the average probability. Hence
the preference relations depend on subjective preferences.
If the subjective probability is higher than the average
probability, the relation is i _ si _ ni, and if the subjective
probability is lower, the relation is ni _ si _ i. If the DM
has a subjective probability that is the same as the average
probability, then the DM is indifferent in regard to the three
alternatives.
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When the perceived probability is unknown and different
from the average probability, the preference relation depends
on the perception of probability. When the average probability
is low, optimistic DMs would prefer both investment options to no investment, but pessimistic DMs would prefer
no investment to the other two options. In other words,
despite their beliefs, the insured option will not be taken by
an SEU DM.

2) DECISION MODEL 2: MEAN VARIANCE
A DM who uses mean variance (MV) selects alternative f *
such that
f * 2 arg maxfm 2 ds2 g,
f

where

f 5 ni, i, si ,

(5)

where d indicates their attitude toward investment risk. The
mean of the payoff is calculated as the SEU utility,
1
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variance. A risk-seeking DM (d , 0), on the other hand, will
be attracted by the investment variance. In the MV model,
then, risk makes the investment option the worst one, and
the insured-investment option the second best. Furthermore,
higher risk aversion will lower the utilities of both these
options.
The utility levels in both the SEU and MV models are
determined by the subjective and average probabilities
of a good weather state prevailing. In both these models,
the range of ambiguity does not affect utility or preferences, which in light of prior theoretical and empirical
findings is not convincing. Our third and fourth models are
therefore informed by one of the new theories of behavior,
which it is hoped will account for the impact of the range of
ambiguity.

3) DECISION MODEL 3: MAXMIN EXPECTED
UTILITY AND a-MEU
A DM who opts for MaxMin expected utility (MEU) selects
alternative f * such that

m 5 å Prf ,u df ,u 5 rdf 1 1 (1 2 r)df 0 ,
u50

(

f * 2 arg max minPrf ,u uf ,u

and the variance is calculated as

)

f

1

s2 5

å Prf ,u (df ,u 2 m)2 5 r(df 1 2 m)2 1 (1 2 r)(df 0 2 m)2 .

u50

Since the expected investment reward is equal to the investment cost (^
rr 5 c), and the expected insurance coverage is equal to the insurance cost [(1 2 r^)T 5 m], all
three options have the same expected payoffs y. The
variance of the no-investment option is 0 since the payoffs
are the same in both states. The variance of the investment
option is
s2 (i, r, d) 5 (r 1 3r2 2 8r^
r 1 4^
r2 )r2 ,
and the variance of the insured-investment option is
s2 (si, r, d) 5 [m/(1 2 r^)]2 [(r 2 r^)2 1 r2 (1 2 r)]
2 [2r(1 2 r)^
rrm/(1 2 r^)] 1 rr2 (1 2 r)
1 rm[m 2 2(1 2 r)r] .
Thus the utility of a MV DM from options can be listed as
follows:
UniMV (r, d) 5 y,
UiMV (r, d) 5 y 1 (r 2 r^)r 2 d(r 1 3r2

(6)

2 8r^
r 1 4^
r )r , and (7)


m
UsiMV (r, d) 5 y 1 (r 2 r^) r 2
1 2 r^


 m 2
2r(1 2 r)^
rrm
[(r 2 r^)2 1 r2 (1 2 r)] 2
2d
1 2 r^
1 2 r^
2

2

1 rr2 (1 2 r) 1 rm[m 2 2(1 2 r)r] .
(8)
The preference relation depends on the risk attitude d and
subjective probability r. In other words, a risk-averse DM
(d . 0) will avoid making any investment to avoid the

where

f 5 ni, i, si .

(9)

The utility of a risk-neutral MEU DM from options can be
listed as follows:
UniMEU (r, r) 5 (r 1 1 2 r)y,
UiMEU (r, r) 5 (r 1 1 2 r)y 1 [r 2 r^(r 1 1 2 r)]r,

(10)
and
(11)

UsiMEU (r, r) 5 (r 1 1 2 r)y 1 [r 2 r^(r 1 1 2 r)]r


(1 2 r)
r^ m .
1 2r 1
(1 2 r^)

(12)

The DM works with a set of possible probabilities (r, r). We
assume that this set comprises all possible probabilities, defined by their lower bounds, so that åu Prf ,u [ (r 1 1 2 r) # 1.
The DM maximizes the minimal expected utility, where the
minimum is taken over the priors in the set. In other words, this
is the worst expected payoff. MEU theory postulates that the
objective function of the DM is to choose the allocation that
maximizes the minimum expected utility over this set of possible
probabilities. We can see that the perceived probability is the
lowest probability; that is, that the outcome of MEU is the worst
expectation. Therefore, when the perceived probability is known,
we obtain the same outcome as we do from the SEU decision
model; and when the probability is unknown, the utility level
depends on the range of probability distribution and the individual’s attitude to risk. If the situation is more ambiguous—that is,
it features a larger gap between the lowest and highest probabilities of a good weather state prevailing—the DM could be indifferent in regard to the three alternatives. In an extreme case, when
the probability distribution is fully unknown, the utility levels of
the three alternatives are exactly equal, that is, zero.
However, while the MEU decision model considers the
factor of ambiguity, it does not explain the relationship
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between individual perception and the probability distribution. Therefore, the a-MEU decision model has been
created. This variant of the MEU decision model maximizes
the weighted average of the minimum and maximum expected utility. More precisely, an a-MEU DM selects alternative f * such that

a[ru(df 1 ) 1 (1 2 r)u(df 0 )] 1 (1 2 a)[ru(df 1 ) 1 (1 2 r)u(df 0 )],
where the utility function u() can be set as the payoff and a is
the preference weight. Hence, the utility of a risk-neutral
a-MEU DM from options can be listed as follows:
UniaMEU (a, r, r) 5 [a(r 1 1 2 r) 1 (1 2 a)(r 1 1 2 r)]y ,

f * 2 arg maxfa(Prf ,u uf ,u ) 1 (1 2 a)(Prf ,u uf ,u )g,

UiaMEU (a, r, r) 5 [a(r 1 1 2 r) 1 (1 2 a)(r 1 1 2 r)]y

f

where

f 5 ni, i, si .

(14)

(13)

The a-MEU decision model’s objective function Ha can be
expressed as

1 [a(r 2 r^r 2 r^ 1 r^r)
1 (1 2 a)(r 1 r^r 2 r^ 2 r^r)]r,

UsiaMEU (a, r, r) 5 [a(r 1 1 2 r) 1 (1 2 a)(r 1 1 2 r)]y 1 [a(r 2 r^r 2 r^ 1 r^r) 1 (1 2 a)(r 1 r^r 2 r^ 2 r^r)]r
(
2
3)


(1 2 r)
(1 2 r)
r^ 1 (1 2 a)42r 1
r^5 m.
1 a 2r 1
(1 2 r^)
(1 2 r^)

In a-MEU, a implies the DM’s position on a pessimism/optimism
scale from 0 to 1, on which values of 0.5 or higher imply a pessimistic attitude, and those lower than 0.5 imply an optimistic one.
The a-MEU framework therefore considers not only the influence of ambiguity, but also of subjective perception, on outcomes.

4) DECISION MODEL 4: THE SAFETY FIRST RULE
Last, the safety first (SF) decision model is a simple rule in
the decision-making process. First, a lower bound v is set as the
minimum payoff requirement. Any payoff lower than that
bound will be ruled out. Then, the highest payoff among the
rest will be selected. The bound v can be evaluated within
the model. That is, once we know the lowest payoff y 2 r^r and
the second-lowest payoff y 2 r^r 1 [^
r/(1 2 r^)]m, we can obtain the preference relation as follows. If v is lower than the
lowest payoff, then i _ si _ ni; if v is higher than the lowest
payoff, then si _ ni _ i; and if v is higher than the secondlowest payoff, then ni _ si ; i.

5) HYPOTHESES
On the basis of the models above, this study will test three
hypotheses (H1–H3).

(i) H1: When information is more ambiguous, a
conservative investment will be preferred
Epstein (1999) reported macroeconomic ambiguity to be
associated negatively with capital investment and positively
with cash holdings and claimed that ambiguity reduces the
value of investment opportunities whereas risk increases their
value. From the MEU and a-MEU decision models, we presume DMs would prefer a conservative investment when they
have ambiguous information. In other words, under conditions
of high ambiguity, no investment would be preferred over

and

(15)

(16)

insured investment, and an insured investment would be preferred over a noninsured investment.

(ii) H2: When the payoff gap is larger, a conservative
investment will be preferred
From the MV decision model, we expect that a conservative
alternative will be preferred when the payoff gaps between two
states are smaller.

(iii) H3: Under ambiguity, loss will be avoided before
profit is pursued
Roy (1952) and Berger and Kunreuther (1994) found that
most investors and insurers are relatively conservative and
follow the SF rule when the probability of loss is ambiguous.
The results of our SF decision model confirm this, at least in
cases where the worst payoff is below the lower bound.

c. Experimental design
To evaluate the impacts of risk and ambiguity on agricultural
investors’ investment preferences, we conducted a field experiment in rural areas of Taiwan, the design of which follows
the model described in section 2a. With the help of four regional
farmers’ associations: Meinung (south), Zhutang (central), Qionglin
(north), and Jian (east), 213 farmers were recruited, of which between 11 and 36 participated in a given session. Figure 1 indicates
the locations of four farmers’ associations in Taiwan. The data were
categorized on the basis of the main agricultural products actually
grown by the subjects, whose geographical distribution and socioeconomic backgrounds are presented in Table 2. Figure 2 indicates
the percentage distribution of subjects’ backgrounds in four survey
sessions and overall in this study. In comparison with the national
statistics from the 2018 Farming Household Survey (Agriculture
and Food Agency 2019b), there are no distinct differences between
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FIG. 1. The survey locations in this study. Photograph source: National Space Organization
(NSPO). The four stars in the photo indicate the survey locations in this study.

the overall result and the national data. In all, there were
eight of these sessions, held in four different locations in
Taiwan during July and August 2019, which varied in length
from about 1.5 to about 2.5 hours. In addition to a store voucher
worth TWD 50 (USD 1.70) for agreeing to participate, each
subject received variable rewards based on his or her own withinexperiment investment results, as is fully explained below.
Since some subjects grew more than one major crop, the
sums of the main crop types shown in Table 2 are greater than
the total number of subjects. According to the Food Statistics
Book published by the Agriculture and Food Agency (2019b),
rice accounts for 33.5% of crop cultivation in Taiwan by area,
with fruits, fruit vegetables, and leafy vegetables accounting for

an additional 22.9%, 6.7%, and 5%, respectively. From this
point of view, this study’s sample was very representative.
Our overall sample was 66% male—that is, less male than the
74% cited for all agricultural employment reported by Council of
Agriculture (2018), but the male–female ratio varied markedly
across crops, as shown in Table 2. The average age of the subjects
in this study was 61, with an average of 26.9 years of farming
experience, despite people aged 65 and older accounting for just
18.3% of Taiwan’s total agricultural workforce. The average age
of our subjects could have been so high because young farmers
faced greater work demands than their older counterparts.
Part-time farming is common in Taiwan. According to the
Agriculture, Forestry, Fishery, and Animal Husbandry Census
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TABLE 2. The socioeconomic and agricultural background of the subjects. The four farmers’ associations and their corresponding regions
are Meinung (south), Zhutang (central), Qionglin (north), and Jian (east).
Total
sample
No. of subjects in the sample
Proportion of total sample (%)
Sex (%)
Male
Female
Region (%)
North
Central
South
East
Avg age
Avg years of farming
Farming income as the main source of income (%)
Ratio of agricultural income to household income (%)
Estimated income per year (TWD)
Education level (%)
Illiterate
Self-study
Elementary school
Middle school
High school
College/university
Graduate school or higher

Rice

Tomatoes

Tangerines

Chayote
leaves

Papayas

Other
crops

213

70
33

25
12

28
13

15
7

14
7

46
22

66
34

76
24

58
42

86
14

73
27

50
50

51
49

29
29
31
12
61
26.9
77
76.9
634,267

26
61
9
4
63
31.9
76
78.4
520,470

15
3
73
10
55
16.4
98
90
549,466

100
0
0
0
70
39.9
66
70.7
366,717

0
0
0
100
60
25.3
100
98.7
643,947

0
0
100
0
62
28.5
100
94.3
1,850,571

21
36
34
9
58
21.2
57
55.7
668,701

2
0
23
22
32
19
2

0
0
24
30
27
17
1

0
0
10
18
55
16
3

0
0
41
21
24
13
0

7
0
27
33
20
13
0

7
0
21
29
43
0
0

4
0
19
11
26
34
6

(Directorate-General of Budget, Accounting and Statistics 2015),
68.4% of national farm households that engaged in agriculture
had nonagricultural income as their main income source.
However, nearly 80% of farming household claimed their
farming income as the main source of income in this study, indicating that they were professional and probably full-time
farmers. The 2018 average income from major crops in the nation was TWD 569,164 (USD 19,012), which was close to the
average income in this study (TWD 634,267; USD 21,188).
Around 80% of the subjects had an educational level of less than
high school or vocational school, although some variation in
education was observed across the different types of crops grown.
At the beginning of each session, the subjects were asked to
complete a questionnaire covering their socioeconomic backgrounds, experiences of natural disasters, disaster-mitigation
strategies, and uptake of natural-disaster insurance. Before
proceeding with the experiment itself, an experimenter explained
its rules, which were also made available in the form of printouts
on the participants’ desks. Those subjects who fully understood a
set of ten control questions were allowed to continue. During the
experiment, six–eight assistants helped those subjects who had
difficulty reading, although the subjects’ answer sheets remained
private in all cases. They were also forbidden from having conversations with each other during the session.
A total of 30 questions were presented on a large screen and
read out by the experimenters; that is, all subjects received the
same information. The aim of all questions was to capture the
subjects’ preferences related to risk and ambiguity. We used a box
containing 20 balls of two different colors, orange and white, respectively indicating the states of good and bad weather. Subjects

were offered either partial or complete information about the
color distribution in the box. Partial information represented the
ambiguity of weather forecasts and of the climate itself. For example, the subjects could be told that a given box of 20 balls
contained at least 6 orange balls and at least 9 white balls. This
would mean that 5 balls were of an unknown color.
The payoffs depended both on the alternatives selected by
the subjects and the state of the weather. Four alternatives
were used in the experiment: ‘‘no investment,’’ ‘‘investment,’’
‘‘investment with crop insurance,’’ and ‘‘investment with subsidized crop insurance.’’ Given the assumption of a perfectly
competitive market and fair insurance, the first three of these
four alternatives all had the same expected payoff. The subsidy
for the fourth alternative consisted of 50% of the premium, and
so its expected payoff was higher than that of each of the other
three. Endowments, rewards, and multiplier parameters varied
by question but not by individual. Thus, from the information
provided for each problem, possible economic outcomes
ranged from TWD 13 to 1,043 (USD 0.40–35).
We offered the subjects actual economic incentives, by
paying for the outcome of only one of the choices they made,
selected at random from those they made during the session.
Such an approach has been found to help avoid wealth effects,
hedging, and bankruptcy considerations (Charness et al. 2016).
For administrative reasons, subjects were paid in vouchers, valid
at more than 4000 branches of a convenience store in Taiwan,
equivalent in value to whichever of their payoffs was randomly
selected. Once all subjects had answered a given question, the
experimenter would withdraw one ball from the assigned box
and announce its color. This color, representing either good or
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FIG. 2. Subjects’ background in the four survey sessions and overall in this study, as well as
the national statistics (%). The data come from this study and the Farming Household Survey
(Agriculture and Food Agency 2019b).

bad weather, then governed all subjects’ payoffs related to that
question.
Subjects made each of their decisions by choosing one of
three options within a two-minute time limit. For any given
question, the first two of these three possible answers consisted
of one of the following three pairs: 1) ‘‘no investment’’ and
‘‘pure investment,’’ 2) ‘‘pure investment’’ and ‘‘investment
with crop insurance,’’ and 3) ‘‘pure investment’’ and ‘‘investment
with subsidized crop insurance.’’ The third option, consisting of a
random draw by the experimenter, was offered only if subjects
complained that they could not decide between the first two options, or failed to make any decision or complaint within the time
limit. All investment-related content for alternative answers was
removed. Because of the time and space constraints, six opaque
boxes were used in turn without informing subjects of their order.
These design elements were adopted for two reasons: first, to
reduce content bias that might be caused by investment-related
content; and second, to minimize learning effects from the previous problems by displaying the treatments in an irregular pattern. To increase the trustworthiness of the experiment, the

process of the lottery draw was video-recorded with the subjects’
permission, and they were allowed to examine the boxes after the
session ended.

3. Results and analyses
a. Experimental results
Table 3 lists the subjects’ experiences of natural disasters.
For their most recent such experience, most cited ‘‘torrential
rain’’ followed by ‘‘typhoon.’’ Figure 3 shows the number of
natural disasters happened in four survey regions in this study
and the nationwide data from Taiwan’s Agriculture and Food
Agency (2019a). However, it is important to note that different
natural disasters have different impacts on different crops. For
example, tangerines are mostly damaged by extremely cold
weather, while chayote leaves suffer mostly from drought. The
subjects’ average self-reported loss in the previous year due to
natural disasters was TWD 100,291 (USD 3,350), but it varied
significantly across crops. For rice, for example, it was about
TWD 52,263, while for papayas it was nearly 5 times that
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TABLE 3. The subjects’ experiences of natural disasters.
Total
sample

No. of subjects sampled
Proportion of total sample (%)

213

Rice

Tomatoes Tangerines

70
33

Chayote
leaves

Papayas Other crops

25
12

28
13

15
7

14
7

46
22

Variables
Most recent natural disaster (%)
Typhoon
Extreme cold weather
Torrential rains
Drought
None/other
Avg damage loss (TWD)
Received government subsidies as a result of (%)
Typhoon
Extreme cold weather
Torrential rains
Drought
None/other
Measures when facing natural disasters (%)
Do nothing
Early harvesting to mitigate the loss
Take mitigation or protection measures
Other
Made investments to mitigate natural disasters
Yes (%)
Avg investment amount (TWD)

32
8
44
7
11
100,291

46
1
36
3
15
52,263

25
5
63
5
3
156,026

28
52
3
7
10
95,759

33
0
7
47
14
146,000

43
0
57
0
0
239,750

17
0
72
2
9
68,138

51
19
18
5
31

49
3
7
1
45

65
38
30
10
13

17
79
3
7
14

87
0
7
7
13

79
7
71
7
0

40
2
19
2
51

23
27
49
1

33
26
40
1

8
48
43
3

45
10
45
0

20
27
53
0

7
7
86
0

13
28
60
0

23
484,102

7
160,000

30
223,750

14
61,500

7
60,000

71
1,239,500

38
419,167

amount. The ratio of disaster damage to annual agricultural income was lowest for rice (10%) and highest for tomatoes (28.4%).
When we asked our subjects if they had ever received government subsidies due to natural disasters, nearly half of them said
that they had received subsidies because of typhoons. Notably,
this group did not include any tangerine growers, because the
harvest season for tangerines is in winter, which is outside the
typhoon season. Since tomatoes can be harvested all year round,
the tomato farmers were impacted by typhoons, cold weather, and
torrential rains. In general, the damage from natural disasters, and

thus the participants’ receipt of government subsidies, varied
widely across both crop types and growing areas.
More than 40% of the subjects said they took mitigation or
protective measures against natural disasters. The most enthusiastic adopters of such measures were the papaya farmers,
whereas those who grew tomatoes, rice or chayote leaves
tended to enact only one strategy for loss avoidance, that is,
early harvesting. The two-thirds of the sample who did nothing
included 45% of the tangerine growers and 33% of the rice
growers. Only 23% of the subjects indicated that they had

FIG. 3. Numbers of natural disasters in the survey regions. Source: Agriculture and Food
Agency (2019a).
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TABLE 4. The subjects’ knowledge and preference for agricultural natural-disaster insurance.
Total
sample
No. of subjects in sample
Proportion of total sample (%)

213

Rice Tomatoes Tangerines
70
33

Chayote
leaves

Papayas Other crops

25
12

28
13

15
7

14
7

46
22

Variables
Heard of agricultural natural-disaster insurance (%)
Yes
Insured agricultural natural-disaster insurance (%)
Yes
Ratio of insured amount to agricultural income (%)
No
Have intention to buy insurance (%)
Yes
Where do you want to buy insurance? (%)
Farmers’ association or cooperation
Private insurance company
Either one
No
Reasons (%)
Costs too much
Have little knowledge about the insurance
Do not trust the insurance company
Already obtained government subsidies for the
natural disaster
Other reasons

74

80

75

55

73

100

68

8
25
92

14
15
86

0

0

100

100

7
30
93

21
45
79

6
20
94

54

43

75

38

71

82

66

72
0
28
46

69
0
31
57

63
0
33
25

91
0
9
62

50
0
50
29

100
0
0
18

69
0
28
34

22
28
5
9

34
31
6
3

20
30
0
0

17
28
0
28

50
0
25
0

0
100
0
0

7
13
7
7

36

23

50

28

25

0

67

made investments to mitigate natural disasters, such as in rain
shelters and greenhouses and, of those, most were tomato and
papaya growers. The by-crop average amounts invested in such
projects ranged widely: from a low of just TWD 60,000
(USD 2,007) for the chayote leaf growers to a high of TWD
1.24 million (USD 41,468) for the papaya growers. Such investment was connected to the damage loss, and we can see
that high investment resulted in less damage loss.
Table 4 summarizes the subjects’ knowledge about and
preferences for crop-specific natural-disaster insurance. Nearly
three-quarters of the sampled farmers had heard of this type of
insurance, including all the papaya growers, but only half of the
tangerine growers. However, when we asked them if they actually had such insurance, only 21 papaya farmers, 14 rice
farmers, 7 chayote leaves growers and 6 of the subjects growing
‘‘other crops’’ answered in the affirmative. Of those who had
policies, papaya growers had the highest ratio of insured
amount to agricultural income (45%). Among the subjects that
were not insured at the time of the experiment, more than half
expressed an intention to become insured, with papaya, tomato, and chayote leaf growers reporting the strongest intentions to do so. Of particular note, these high-intention farmers
had all suffered large amounts of damage due to natural disasters. These clear findings that farmers cultivating different
crops had differential needs for natural-disaster insurance are
consistent with those of previous studies, for example,
Ranganathan et al. (2016). The results of our questionnaire
also indicated that, among those uninsured respondents who
were willing to buy insurance, nearly three-quarters were
willing to buy insurance from their respective farmers’ associations, while the rest were willing to buy it either from

such associations or from private insurance companies.
Among those who said they had no intention of buying
natural-disaster insurance, the most-cited reasons were ‘‘I
have little knowledge of this insurance’’ (28%) and ‘‘It costs
too much’’ (22%). In addition, a high proportion of tangerine growers said that the current government subsidies
for natural disasters were sufficient, and that there was
therefore no need for them to purchase natural-disaster
insurance.
Table 5 summarizes the experimental data and results.
Table 6 lists the treatments, the announced information, the
payoffs for each option, and the numbers/proportions of subjects
who chose each option in each round. Different treatments had
different research implications. Specifically, treatment 1 compared ‘‘no investment (option 1)’’ with ‘‘investment (option 2),’’
treatment 2 compared ‘‘investment (option 1)’’ with ‘‘investment
with crop insurance (option 2),’’ and treatment 3 compared
‘‘investment (option 1)’’ with ‘‘investment with subsidized crop
insurance (option 2).’’

b. Data analysis
The three treatments helped us to analyze the subjects’ investment decisions across multiple scenarios. Table 6 lists the
descriptive statistics of the subjects’ choices within each
treatment. The conservative choice in treatment 1 was ‘‘no
investment (option 1)’’ while the conservative choices in
treatments 2 and 3 were ‘‘investment with crop insurance
(option 2)’’ and ‘‘investment with subsidized crop insurance
(option 2),’’ respectively.
In treatment 1, 63% of the subjects chose not to invest. In
treatment 2, however, their selection of the conservative
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TABLE 5. Experiment information and outcomes of each round.
Announced
information

Round Treatment
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

Min no.
of
orange
balls

1
2
3
2
3
1
2
1
3
1
1
3
3
3
1
3
3
2
3
3
2
1
2
1
2
3
3
2
1
3

0
7
12
0
8
14
1
9
15
1
12
14
1
6
13
4
13
16
1
9
15
2
12
16
1
9
16
4
13
18

Option 1

Min no.
of
Payoffs of
white
orange
balls
balls (TWD)
13
7
3
15
7
0
15
8
1
16
4
2
16
10
4
12
5
1
17
10
3
15
7
2
19
11
4
16
7
2

100
300
383
563
148
200
285
400
690
300
100
480
275
440
300
930
260
675
370
715
720
300
313
400
960
840
720
780
300
660

Payoffs of
white
balls
(TWD)

Option 2
No. of subjects
Payoffs of
choosing option
orange
1 (% choosing) balls (TWD)

100
100
83
263
48
200
185
400
90
300
100
80
75
40
300
30
60
75
70
115
120
300
13
400
160
40
120
180
300
60

option decreased to 50%. Furthermore, in treatment 3, the
conservative choice (option 2) was selected by 60% of them.
Since the expected payoffs of both options in treatments 1 and
2 were the same, the experiment outcomes indicated that, as a
group, the subjects were risk-averse in general. In addition,
because of government subsidies, the payoff from making the
conservative choice in treatment 3 was higher than it was in
treatment 2, and this appears to have boosted the subjects’
intention to choose the conservative option in treatment 3.

107 (50%)
106 (50%)
86 (40%)
64 (30%)
111 (52%)
153 (72%)
52 (24%)
142 (67%)
78 (37%)
77 (36%)
156 (73%)
87 (41%)
115 (54%)
86 (40%)
158 (74%)
104 (49%)
71 (33%)
60 (28%)
106 (50%)
114 (54%)
74 (35%)
80 (38%)
84 (39%)
169 (79%)
85 (40%)
76 (36%)
94 (44%)
56 (26%)
170 (80%)
84 (39%)

Payoffs of
white
balls
(TWD)

No. of subjects
choosing option
2 (% choosing)

83
180
241
305
70
30
200
190
430
225
30
240
78
67
83
81
153
515
74
151
510
143
73
60
183
105
360
233
40
780

80 (38%)
81 (38%)
111 (52%)
135 (63%)
80 (38%)
50 (24%)
152 (71%)
63 (30%)
128 (60%)
130 (61%)
50 (24%)
116 (55%)
81 (38%)
107 (50%)
52 (24%)
93 (44%)
134 (63%)
147 (69%)
88 (41%)
88 (41%)
132 (62%)
126 (59%)
115 (54%)
42 (20%)
118 (55%)
129 (61%)
116 (55%)
145 (68%)
38 (18%)
128 (60%)

183
260
323
503
128
230
265
590
630
825
130
440
255
400
383
810
220
635
330
675
660
1043
293
460
920
760
660
720
440
580

We employ multinomial logit models that are typically utilized to reveal DMs’ preferences among multiple investment
portfolios, and are estimated using the maximum likelihood
method, with the dependent variable being the probability
that a certain investment option will be chosen. Under the
assumption of rational behavior, the DM will choose the
portfolio that maximizes the utility function. Table 7 lists
the definitions of the variables used in our empirical model, and
Table 8 summarizes the empirical results for each treatment.

TABLE 6. Descriptive statistics for the three treatments. The investment options (in italics) were implicit to participants.
Observations from choosing
Treatment

Total obs

Mean (Std dev)

Option 1 (percentage)

Option 2 (percentage)

Option 3 (percentage)

1

1917

1.411 (0.56)

2

2769

1.62 (0.59)

3

1704

1.72 (0.56)

No investment
1212 (63%)
Investment
1212 (44%)
Investment
581 (34%)

Investment
631 (33%)
Insured investment
1399 (50%)
Insured investment with subsidy
1025 (60%)

Indifference
74 (4%)
Indifference
158 (6%)
Indifference
98 (6%)
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TABLE 7. Definitions of the independent variables.

Variables
Risks
Ambiguity
Payoff_high
Payoff_low
Gap_good
Gap_bad

Definitions
Risk level: the avg probabilities of loss, with max
value 5 1 and min value 5 0
The ambiguity of information: the proportion of
balls with unknown color
The payoff of the investment option when in the
good weather state
The payoff of the investment option when in the
bad weather state
The absolute value of the payoff gap between
option 1 and option 2 in the good weather state
The absolute value of the payoff gap between
option 1 and option 2 in the bad weather state

As Table 8 shows, when the information became more ambiguous, the DMs were more likely to choose the ‘‘investment’’
option. This was especially evident from the treatment 3 data.
This overturns our first research hypothesis: When the information is more ambiguous, a conservative investment will be
preferred. From this perspective, the empirical results pertaining to treatment 3 indicate that more accurate information
would help the Taiwanese government’s promotion of subsidized crop insurance. In addition, the higher the risk level, the
more likely it was that the DM would choose the ‘‘investment’’
option. This indicates that individual subjects could become
less risk-averse as potential rewards increase.
The overall results also show that when there was an increase in the value of the variable payoff_low (i.e., the payoff
level in a state of bad weather), the subjects were more likely to
choose the ‘‘investment’’ option. This confirms our third hypothesis: Under ambiguity, loss will be avoided before profit is
pursued, since when the worst payoff increases, DMs are more
likely to choose the ‘‘investment’’ option. However, our third
hypothesis is not supported by the results of treatment 3. In
addition, the treatment 1 results show that, when the gap
between the payoffs of ‘‘investment’’ and ‘‘no investment’’

VOLUME 13

increased, the subjects preferred the ‘‘investment’’ option. This
result does not support our second hypothesis: When the payoff
gap is larger, a conservative investment will be preferred. In
other words, as the relative size of the payoffs for the ‘‘investment’’
option rose, the DMs chose to invest even when the probability of
reaping a profit was low.
With regard to the possibility that subjects who specialized in
growing different crops might make different investment decisions, we recategorized the data into four groups based on the
Industry Standard Classifications of Taiwan’s Accounting Office,
which are ‘‘rice,’’ ‘‘vegetables,’’ ‘‘fruits,’’ and ‘‘other crops.’’ In our
case, the vegetables group included growers of tomatoes, chayote
leaves, radishes, taro, and beans; the fruit group, growers of papayas, bananas, tangerines, and dragon fruit.
The crop-group results for treatment 1 (Table 9) indicate
that the subjects’ general tendency to choose the ‘‘investment’’
option when weather information was more ambiguous was
especially prevalent among the vegetable growers. The same
group was also more likely to invest when facing higher risks
where more rewards in good weather status. While factors affecting fruit farming were not statistically significant, rice
growers’ investment decisions were more closely related to the
gap between option 1 and option 2 in a good-weather state.
That is, as that gap became larger, the rice farmers were more
likely to invest.
The crop-group results for treatment 2 (Table 10) show that
all but the growers of other crops reduced their intention to
invest in insurance when the average probability of a goodweather state occurring decreased. This means that most
farmers, including rice, vegetable, and fruit farmers, became
less conservative when the risk increased, and is contrary to the
received wisdom that the farmers’ financial behavior is conservative. Though a greater risk comes with a higher best
payoff in a perfect competitive market, the highest reward has
insignificant effect on decisions. In addition, the worst payoff
had a positive impact on the vegetable growers’ investment
intentions. If the worst payoff increased, the vegetable growers
were less conservative. This means that, unlike other grower

TABLE 8. The empirical results of a multinomial logit model. One, two, and three asterisks denote 10%, 5%, and 1% levels of significance, respectively. The values in the parentheses are the standard errors. Option 3 was offered for subjects who could not distinguish
between the first two options or failed to make a decision within the time constraint. The subject received the outcome from a random
draw by the experimenter, which could have been either option 1 or option 2. Treatment 1 compares ‘‘no investment (option 1)’’ with
‘‘investment (option 2).’’ Treatment 2 compares ‘‘investment (option 1)’’ with ‘‘investment with crop insurance (option 2).’’ Treatment 3
compares ‘‘investment (option 1)’’ with ‘‘investment with subsidized crop insurance (option 2).’’
Treatment 1

Treatment 2

Independent
variables

Option 2
(investment)

Option 3

Risks
Ambiguity
Payoff_high
Payoff_low
Gap_good
Gap_bad
Constant
Obs
Log likelihood

0.55 (0.47)
1.80** (0.86)
20.001 (0.001)
0.003* (0.002)
0.003** (0.001)

1.92* (1.00)
4.69** (2.18)
20.000 (0.003)
20.001 (0.005)
20.000 (0.001)

0.69 (0.53)
22.08 (1.39)
1917
21374.44

Option 1
(investment)

Treatment 3
Option 3

1.29*** (0.25)
1.28** (0.56)
1.35** (0.57)
4.86*** (1.47)
0.000 (0.000)
20.000 (0.001)
0.005** (0.002)
0.004 (0.005)
20.002 (0.004)
20.001 (0.008)
0.001 (0.0004) 20.002* (0.001)
1.33*** (0.50)
2.70** (1.23)
2769
22359.19

Option 1
(investment)

Option 3

21.06 (3.30)
2.08 (6.30)
4.92*** (1.03)
5.13** (2.03)
0.002 (0.002)
0.00 (0.00)
20.007 (0.007)
20.02 (0.01)
0.008 (0.017)
0.04 (0.03)
20.004 (0.004)
20.002 (0.008)
3.21* (1.80)
3.63 (3.25)
1704
21388.36
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Rice
Option 3

Fruits
Option 2
(investment)
Option 3

20.87 (0.84)
1.15 (1.72)
0.94 (0.93)
2.48 (2.16)
20.21 (1.43)
2.28 (3.78)
2.65 (1.72)
20.23 (4.85)
20.003 (0.002) 20.002 (0.004) 20.001 (0.00) 20.006 (0.006)
0.004 (0.003) 0.0001 (0.007)
0.004 (0.004)
0.007 (0.009)
0.005** (0.002)
0.002 (0.005)
0.003 (0.003)
0.004 (0.006)
21.47 (1.11)
0.14 (2.23)
1.46 (1.25)
20.88 (2.98)
630
504
2470.79
2346.79

Option 2
(investment)

Option 3

Other Crops
Option 2
(investment)

1.26* (0.73)
1.22 (2.76) 21.85 (2.81)
20.70 (3.47)
2.68** (1.33)
18.1** (7.89)
3.60 (5.21)
4.48 (5.71)
0.0001 (0.002)
0.002 (0.009) 20.01 (0.007)
0.001 (0.008)
0.001 (0.002)
0.004 (0.01)
0.01 (0.01) 20.001 (0.013)
0.001 (0.002) 20.000 (0.01)
0.01 (0.01) 20.000 (0.009)
1.70* (0.97)
10.1 (4.46)
2.42 (3.69)
2.09 (4.63)
810
63
2536.42
259.01

Option 3

Vegetables
Option 2
(investment)

Risks
Ambiguity
Payoff_high
Payoff_low
Gap_good
Gap_bad
Constant
Obs
Log
likelihood

Independent
variables

All
Option 3

Rice
Option 1
(investment)
Option 3

Fruits
Option 1
(investment)

Option 3

1.29*** (0.25)
1.28** (0.56) 1.43*** (0.45)
1.14 (0.83) 1.68*** (0.49)
1.42 (1.70)
1.35** (0.57)
4.86*** (1.47)
0.68 (0.95) 24.21** (2.02)
1.76 (1.13)
3.28 (4.03)
0.000 (0.000)
20.000 (0.001) 20.00 (0.00)
20.00 (0.00) 20.000 (0.001) 20.002 (0.003)
0.005** (0.002)
0.004 (0.005)
0.00 (0.00)
0.00 (0.01)
0.005 (0.004)
0.02 (0.01)
20.002 (0.004)
20.001 (0.008) 20.00 (0.01)
20.01 (0.01) 20.000 (0.007)
0.017 (0.024)
0.001 (0.0004) 20.002* (0.001)
0.00 (0.00)
20.00 (0.00)
0.001 (0.001) 20.01 (0.008)
1.33*** (0.50)
2.70** (1.23)
0.46 (0.37) 21.51** (0.76)
1.81 (1.00)
0.36 (3.40)
2769
910
728
22359.19
2827.47
2568.75

Option 1
(investment)

Option 3

Option 3

Other Crops
Option 1
(investment)

0.97** (0.38)
1.56 (1.34) 21.56 (1.53)
21.76 (1.88)
1.72 (0.86)
9.35 (4.07)
1.45 (3.59)
2.02 (4.23)
0.0006 (0.0006)
0.001 (0.002) 0.001 (0.003)
0.001 (0.003)
0.008** (0.003)
0.006 (0.01) 20.02 (0.01) 20.009 (0.02)
20.005 (0.006)
20.01 (0.02) 20.03 (0.02)
20.01 (0.03)
0.000 (0.001) 20.005 (0.005) 0.002 (0.002) 20.000 (0.003)
1.28 (0.76)
5.78* (3.20)
2.10 (3.014)
0.98 (3.71)
1170
91
2920.16
291.83

Option 1
(investment)

Vegetables

TABLE 10. Empirical results of a multinomial logit model for different growers (treatment 2: investment vs investment with crop insurance). One, two, and three asterisks denote 10%,
5%, and 1% levels of significance, respectively. The values in the parentheses are the standard errors. Option 3 was offered if subjects could not distinguish between the first two options or
failed to make a decision within the time constraint. The subject would then select the outcome from a random draw by the experimenter, which could either be option 1 or option 2.

0.55 (0.47)
1.92* (1.00)
1.80** (0.86)
4.69** (2.18)
20.001 (0.001) 20.000 (0.003)
0.003* (0.002) 20.001 (0.005)
0.003** (0.001) 20.000 (0.001)
0.69 (0.53)
22.08 (1.39)
1917
21374.44

Risks
Ambiguity
Payoff_high
Payoff_low
Gap_good
Constant
Obs
Log likelihood

Option 3

Option 2
(investment)

Independent
variables

All

TABLE 9. Empirical results of a multinomial logit model for different growers (treatment 1: no investment vs investment). One, two, and three asterisks denote 10%, 5%, and 1% levels
of significance, respectively. The values in the parentheses are the standard errors. Option 3 was offered for subjects who could not distinguish between the first two options or failed to
make a decision within the time constraint. The subject would then select the outcome from a random draw by the experimenter, which could either be option 1 or option 2.
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Option 3
Option 3

Not applicable
23.01 (5.19)
48.5 (2600)
6.05*** (1.61) 283.16 (4680)
0.004 (0.002) 20.113 (5.76)
20.004 (0.01)
20.06 (2.85)
20.006 (0.03)
0.91 (46.6)
20.006 (0.007)
0.08 (4.48)
2.94 (2.80)
239.0 (2186)
720
2540.89

Option 3

Other Crops
Vegetables

Option 1
(investment)
Option 1
(investment)

Fruits
Rice

Risks
21.06 (3.30)
2.08 (6.30)
1.88 (5.71)
5.35 (11.01) 23.89 (6.41)
7.84 (12.8)
Ambiguity
4.92*** (1.03)
5.13** (2.03)
1.44 (1.76)
6.18* (3.41) 6.72*** (2.01)
1.69 (3.96)
Payoff_high (option 1)
0.002 (0.002)
0.00 (0.00) 20.001 (0.003)
0.00 (0.01)
0.004 (0.003) 20.004 (0.006)
Payoff_low (option 1) 20.007 (0.007) 20.02 (0.01)
20.01 (0.01) 20.02 (0.02) 20.004 (0.01)
20.03 (0.03)
Gap_good
0.008 (0.017)
0.04 (0.03)
0.02 (0.03)
0.03 (0.06)
0.002 (0.03)
0.09 (0.06)
Gap_bad
20.004 (0.004) 20.002 (0.008)
0.001 (0.007) 0.002 (0.01)
20.01 (0.01)
0.005 (0.02)
Constant
3.21* (1.80)
3.63 (3.25)
2.02 (3.16)
6.94 (5.47)
2.92 (3.49)
3.71 (6.95)
Obs
1704
560
448
Log likelihood
21388.36
2477.13
2355.33

There are three potential limitations to this research.
First, the findings of this pioneering field-experiment-based
research might not be generalizable to other geographic and
sociocultural circumstances. For example, we used the offices of Taiwanese local farmers’ associations to conduct this
research, and that decision could have inflated our participants’ tendency to say they preferred farmers’ association
insurance plans over private ones. However, through standardizing our procedures, we managed to construct similar
environments at the four experimental sites, which will
hopefully have reduced bias that might have been caused by
intersite differences.
Second, our small sample size of 213 individuals could make it
more challenging to generalize about risk aversion based on the
participants’ actions and responses. In addition, this research
was limited to 30 questions per session, due to the limitations of
the field environments and the characteristics of the participants
in the experiment. By contrast, previous experimental studies

Option 3

b. Limitations and future research directions

Option 1
(investment)

The key findings from this research can be divided into three
categories. First, although most of the study’s subjects knew
about government-promoted insurance policies, and more
than half expressed a willingness to participate in them, less
than 30% had actually done so. Second, our pioneering fieldexperiment methodology revealed that when weather information became more uncertain, farmers made more proactive
investing decisions. Thus, if the weather information available
to farmers could become more accurate, it would help the
Taiwanese government to promote policies aimed at mitigating farmers’ losses due to natural disasters, in particular including crop insurance. In addition, we found that farmers’
willingness to invest in such insurance was positively associated
with the levels of risk they expected to face. Last, our subjects’
insurance-purchasing preferences were strongly affected by
the types of crops they grew. Therefore, we recommend that
agricultural policy makers tailor their measures aimed at
boosting the uptake of agricultural insurance policies to
growers of particular products. It is also recommended that the
government commence its insurance-policy promotion activities with those groups of growers (e.g., of tomatoes or chayote
leaves) that suffer disproportionately from natural disasters yet
have little knowledge about insurance programs. In these ways,
the beneficial impact of such policies can be magnified.

All

a. Research outcomes

Option 1
(investment)

4. Discussion

Independent
variables

groups, short-term crop growers were considered the worst
outcomes when making their investment decisions and adopted the safety first rule. In other words, the timing of their crop
cultivation may have been a factor in their risk management.
The results for treatment 3 (Table 11) indicate that the farm
workers, the fruit growers, and vegetable growers particularly,
were less likely to choose investment with subsidized crop insurance over pure investment when the information was less
clear. This implies that participants were less conservative as
the information available became more ambiguous.

VOLUME 13

Option 1
(investment) Option 3

WEATHER, CLIMATE, AND SOCIETY
TABLE 11. Empirical results of a multinomial logit model for different growers (treatment 3: investment vs investment with subsidized crop insurance). One, two, and three asterisks
denote 10%, 5%, and 1% levels of significance, respectively. The values in the parentheses are the standard errors. Option 3 was offered if subjects could not distinguish between the first
two options or failed to make a decision within the time constraint. The subject would then select the outcome from a random draw by the experimenter, which could either be option 1 or
option 2.
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asked between 50 and 76 questions (Ahn et al. 2014; Carbone
et al. 2017; Hey and Pace 2014).
Last, differences in investment preferences among farmers
with different crops require further research. This research has
divided all participating crop farmers into four major categories. However, the differences in the timing of their crop
cultivation and the cost and nature of their spending on
natural-disaster preparedness also appear to have been very
diverse and heterogeneous.

5. Conclusions
This research has developed a field-experimental research model to investigate how farmers experience and
respond to natural disasters, as well as their perspectives
toward natural-disaster insurance. In addition, this study
has developed a methodology for using that model in the
field to understand the decision-making behavior of actual farmers with access to varying levels of weather information. Our experimental results have led to the rejection
of all three of our initial hypotheses and have given rise
to some potentially important policy recommendations.
Specifically, we have found that farmers cultivating various
crops in different parts of Taiwan were more willing to invest in crop insurance when they had less accurate weather
information, and when they perceived the risk levels to have
increased, they were more willing to choose more proactive
purchasing options. Moreover, those proactive options were
shown to include subsidized insurance for particular crops.
In short, this research has shown that changes in farmers’
investment decisions with regard to crop insurance will vary
along with the quality of weather forecasts and other
climate-related information services. Policy makers could
use this study’s results as a reference for the development of
agricultural policies that are more capable of helping
farmers to avoid some of the negative consequences of future natural disasters.
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