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Weather information creates certainty and confidence in
farmers' minds, which reflect as expected utility. The
expected utility helps them to use other inputs to obtain
crop yields as the final value. Sri Lankan paddy farmers
use both traditional and scientific weather information to
capture the uncertainty of rainfall which mainly affects
the cultivation decisions. No studies have been conducted
in Sri Lanka to find out the impact of the expected utility,
derived due to weather information by paddy farmers. To
fill this gap, an ex-post valuation study was carried out as
a quasi-experiment. A sample of 900 paddy farmers was
selected as the control group (450) and the treated group
(450) by multi-stage random sampling from six districts
representing major cultivation patterns in Sri Lanka. The
treated group was provided location-specific weather
information as rainfall forecasts. The control group was
assumed to be using traditional knowledge or general
weather information. The baseline survey was conducted
in 2016, while the end survey was conducted in 2018
using the same pre-tested structured questionnaire. The
CRRA utility function was estimated to find the expected
utility. Difference in Difference (DID) regression was used
to quantify the effect of the treatment as the provision of
location-specific rainfall forecasts by considering the
differences in paddy yield per hectare per farmer as the
dependent variable. The results revealed that the treated
group derived the highest expected utility. The DID
regression results revealed that the interaction was
significant (p<0.05), and the coefficient of interaction was
960.54. Therefore, low-risk aversion can be achieved by
provisioning location-specific weather information. Such
effort is important to increase the full utilization of factors
of Sri Lankan paddy production.
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INTRODUCTION

Weather is a foremost risk factor that creates
impacts on agriculture (Luseno et al, 2003;
Hussain, 2008). The combination of weather
information and the other agricultural inputs
produces crops. These crops generate
monetary values (Bert et al., 2006; Kang et al.,
2009; Lemoset al., 2014; Tall et al., 2018).
Most farmers are risk-averse to common
agricultural risks, including climate and
weather risks (Dillon and Scandizzo, 1978;
Binswanger, 1981; Sulewski and Ktoczko-
Gajewska, 2014). Risk aversion due to a lack
of precise information about risk preferences,
negatively affects agricultural production
(Pope, 1982; Chaos, 1996). When farmers
need to perform a choice under uncertainty,
more information is preferred over less
(Morris and Shin, 2002). Therefore, studies
have been carried out to find the value of
weather information on risk reduction in
agriculture (Mjelde et al, 1988; Msangi et al.,
2006).

Farmers wuse traditional knowledge to
forecast weather generally (Orloveet al,
2010; Kalanda-Joshuaet al, 2011). The
development of meteorological science has
created advanced  scientific =~ weather
forecasting methods (Meinke and Stone,
2005). The weather information generated by
these two systems is used simultaneously by
farmers (Howden et al., 2007; Murphy, 2011;
Auma, 2016). However, studies have
predicted poor accuracy in traditional
weather forecasts in the future due to climate
change impacts (Adamset al, 1995;
Anderson et al., 2015).

Consideration of information as an economic
good has been criticized due to its different
form and use from other goods (DeLone and
McLean, 1992; Seddon et al., 1998). However,
goods can be material or non-material in
nature (Marshell, pp 62-63). Therefore,
weather information also can be directly
valued as an economic good. But the
valuation is not easy and quite different from
the valuation of physical goods (Jones et al.,
2000; Msangiet al.,, 2006; Tall et al, 2018).
The valuation of weather information has
been difficult since, it has a dual role as an
input in the production process or as
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provisioning of awareness (Bates, 1990).
There are two modes of weather information
valuation exist as ex-ante and ex-post studies.
In ex-post analysis, the real net benefits are
used to measure the actions related to the
weather information. In contrast, simulated
results are used in ex-ante studies (Msangi et
al., 2006). The output with the presence of
weather information is compared against the
null situation wunder ex-post analysis
(Mjelde et al.1988, Lusenoet al. 2003,
Lybbert et al. 2003).

Sri Lankan paddy farmers generally use
traditional knowledge to forecast weather
(Esham and Garforth, 2013). In contrast, the
Department of Meteorology (DOM) provides
scientific weather information (Bandara,
2010; Gunawardhana, 2015). Sri Lanka
expects negative impacts of climate change on
agriculture in the future (De Silva, 2007). The
existing weather and climate information gap
have been identified as a bottleneck that
prevents climate change adaptation (NAPCC
2016-2025). Therefore, the DOM provides
short-term & more farmer-centric weather
information. Many studies have sufficiently
revealed the existing traditional weather
forecast methods and factors that affect
climate change adaptation in Sri Lanka
(Droogers, 2004; Senaratne and
Scarborough,2011; Esham, and Garforth,
2013; Dharmarathna, 2014; Truelove et al.,
2015). However, the valuation of weather
information as an input related to crop
production has not been carried out yet in Sri
Lanka. The studies on existing weather
information are important for developing
more suitable weather information products
to increase the climate change adaptation of
farmers (Letsonet al, 2001; Broadet al,
2002; Vogelet al, 2006). Therefore, the
objective of the study was, to value Sri
Lankan paddy farmers’ expected utility of
weather information as an ex-post study.
Because, the expected utility that is based on
weather information allows them to decide
other agricultural input uses, i.e. amounts to
be used and time of use in paddy cultivation.
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METHODOLOGY
Expected utility of climate information

The Expected Utility Theory (EUT) describes;
that people are approximately risk neutral
when risks are small. The risk aversion rises
exclusively because the utility function over
wealth is concave in nature. It is meant that
the person who possesses a differentiable
utility function would take a sufficiently small
risk for any positive expected value.
Therefore, a risk-averse person prefers lower
returns with known risks rather than higher
returns with unknown risks. The EUT uses to
explain the risk aversion for economically
important significant risks rather than the
small risks most of the time (Arrow, 1971;
Rabin, 2013).

The valuation of weather information has
been carried out by assessing the user’s value
of the information according to the user’s
objective(s) (Gleeson, 1960; Hallanger, 1963;
Pope and Just, 1991; Chavas and Holt, 1996;
Holt and Laury, 2002; Letson et al., 2009).
Maximization of Expected Utility (EU) has
been widely used as the objective function
(Mjelde et al, 1989, Joneset al,2000).
Constant Relative Risk Aversion (CRRA) has
been considered a concave utility function of
risk aversion to derive the EU in both ex-ante
and ex-post studies (Parrt, 1964; Parrt, 1978;
Mjelde et al, 1989; Messinaet al, 1999;
Jones et al., 2000; Pandey, 2007). In ex-post
studies, the EU of the wealth of climate or
weather information has been estimated with
real production data and net profits (Pope
and Just, 1991; Chavas and Holt,1996; Holt
and Laury, 2002; Letsonet al, 2009;
Roudier, et al.,, 2012).

W(l_q))
= o

Where,w > 0,0 # 1

In the above CRRA utility function (Eq (01)),
aversion to risk is captured in the degree of
curvature of a nonlinear utility function. Here,
utility (U) depends on farmer wealth (w) and
constant relative risk aversion factor (¢) or in
other words - arrow Pratt Risk aversion
coefficient. Constant relative risk aversion
factor (the absolute risk aversion) decreases
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with increasing initial wealth. For each
forecast, farmers’ decisions result utility
values. So, the function U(y +W) -U (W) is
used to have a null utility when the farmers'
income is zero. According to the model as in
Eq (2), it is assumed that farmers allocate
land among different crops to maximize the
expected utility of wealth (U) at the end of
year 1 for expected weather conditions.

Eq (2) o
ety (35 ((5) ) )

Where EU is expected utility for climate year
I, Wy is initial wealth)Y ;; is net returns for
crop j and year i, n denotes the number of
years, m is the number of crop enterprises. W
is the farmers’ wealth other than the current
production. Net returns, Y ij, from the jth
crop enterprise is calculated from constant
production costs and prices, and yields using
the ith weather year. In this regard, Y = (P.Q)
-C is used to calculate Y. Here, P is the paddy
selling price, Q is the quantity produced (in
kg), and C is the Cultivation cost. A universally
accepted scale is not available to measure risk
aversion. The available risk aversion
measurement scales have been created by
considering the easiness, accuracy, recent
developments of risk theory, and according to
the studied sample (Abdellaoui, 2011;
Charness and Viceisza, 2012).The most
commonly used risk elicitation scales lie
between 1 and 3 (Gandelman and Hernandez-
Murillo, 2015). Under Expected Utility,
assumes that varying prices over the
probability scale has no consequence as
decision rules are linear in probabilities.
Therefore, the use of a linear scale on risk
attitude measurement is possible. But, if one
uses nonlinear evaluation in probability to
represent non-Expected Utility behaviours,
the use of a linear probability scale can be
problematic (Kahneman and Tversky, 1979).
Moreover, the advanced risk elicitation
measures are time-consuming and demand
many cognitive skills to be with the
respondents. As a result, they appear to be a
less efficient method for obtaining direct
measures of risk attitudes than” scale”
procedures (Abdellaoui, 2011). On the other
hand, responses to the same risk elicitation
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scale have shown differences among the rural
and urban areas due to the differences in
cognitive skills, income, and perception.
Therefore, the study area has been identified
as an important factor to be considered when
designing the experiments for measuring risk
aversion through scales (Dave et al, 2010).
For instance, it has been found that rural
people have more convenience to understand
and provide answers when directly asking
their willingness-to-take risks (WTR) as a
single question rather than the complex
choice experiments or statements that use
very similar explanations (Charness and
Viceisza, 2012).

The CRRA function has been customized to
match with farming systems and available
data when estimating the EU. For instance,
wealth estimates have been extracted as
reported equity or land values (Jones et al,
2000). Consumption expenditure is widely
used as the proxy for income in wealth
measures in poor countries, but income is
more widely used in high-income countries
for this measure (Howe et al.,, 2009). Due to
the perceived difficulties of calculating
consumption expenditure; the wealth index
has been proposed. In developed countries,
wealth data are available and easy to capture.
But, in developing countries, especially in
rural areas, such data are not often readily
available (Morris et al., 2000; Sumarto et al.,
2007). Differentiation of people based on
wealth indexes may not be meaningful when
all most all the respondents are self-
employed farmers or when few households
only own the kinds of major consumer
durables and assets. The self-reported total
income is also subject to be biased due to the
reluctance to reveal true information
(Deaton, 1997; Morris et al, 2000;
Montgomery et al, 2000). Further, when
individuals’ incomes are measured in
developing countries, the identification of
multiple sources of income and changes that
happened through time is important for
accuracy. If there is any cost-free borrowing
scheme available for consumption purposes,
it is needed to be concerned as an income. But
such borrowings are generally rare
(Montgomery et al., 2000). However, it has
proven the suitability of using income to
measure wealth or financial success
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(Manun'ebo, 1994; Defo, 1994; Kannae and
Pendleton, 1998). Sri Lankan context, the
farmers do not have an equal distribution of
collaterals or resources (Deininger and Sur,
2000; Edirisinghe, 2015). Sri Lankan farmers
have barriers to finance and credit facilities,
due to higher interest rates. Therefore, cost-
free loans are rare (Shaw, 2004; Shoji et al.,
2012).

Quasi-experiment:Difference in Difference
method

Difference-in-Difference (DID) method is
frequently used in impact evaluation studies
as a quasi-experiment. DID is used, when
randomization is not possible or keeping
control groups is not practical due to ethical
reasons or not feasible due to the nature of
the measure i.e. weather information (Tall et
al, 2018).The DID method compares the
before and after performances of the control
group and treatment group assuming, the
interventions are happened as random and

conditional on time and group effects
(Bertrand and Mullainathan, 2004;
Fredriksson and Oliveira, 2019). DID,
estimates the treatment effect while

accounting for the unobserved variables that
are assumed to be remained fixed over time
(Crown, 2014). In DID method, the key
assumption is, the ‘parallel trend’ of groups
which implies that in the absence of
treatment, the average outcomes of the
treatment group and the control group would
follow parallel paths over time
(Abadie,2005).

The DID method can be explained as, let Y (i,t)
be the outcome of interest for the individual i
at time t. The population is observed in a pre-
treatment period t = 0, and in a post-
treatment period t = 1. Between these two
periods, the treatment is given to the treated
group. Herein, Y; is the mean outcome in the
period following the treatment and Y is the
mean outcome in the period prior to the
treatment. In order to account for changes
overtime, a control group is required.
Assume, Group A, is administered the
treatment between periods 0 and 1 (Let (YA
- YAo) be the change in the treated group,
while the control group B, does not receive
the treatment at all, (YB: - YBo) be the
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difference in the control group. Treated group
denote D (i, t) = 1 if individual i has been
exposed to the treatment before period ¢, D (i,
t) = 0 otherwise. All those individuals with D
(i, 1) = 1 treated, and those with D (i, 1) = 0
control (or untreated). Since individuals are
only exposed to treatment after the first
period, D (i, 0) = O for all i. The treatment
effect (&) can be estimated using the DID
estimate :{(YAl - YA()) '(YBl - YB())}. In the
application, the DID estimation can be
obtained by running a regression of Y;; on Ty,
t and a dummy variable to represent the
belonging group (Abadie,2005; Zhou et al,
2016). Based on this theoretical model, an
empirical model was developed using paddy
yields per hectare per farmer (Y) across the
two cropping seasons as the dependent
variable representing{(Y2017/18 treated — Y2016/15
treated) - (Y2017/18 control™ Y2016/15 control)}in the
theoretical model. The regression model (Eq
(3) was used to estimate the absolute impact
of the provision of weather information and
changes that happened in the EU due to this
intervention as the difference in the paddy
yields. D1 dummy variable used to represent
the group where 1= treated group and
otherwise zero. D, dummy variable used to
represent the time periods, where 1= the year
which provided information and otherwise
zero. Therefore, D, equals 1 in 2017/18 and
equals 0 in 2016/15. D;D, is the interaction
in between group and the time of treatment.
Bo — B;are coefficients. Where, Byis the
constant. B;is the coefficient to group effect.
The coefficient 8, shows the trend over the
treatment. The difference in paddy yields due
to treatment is given by (5 as the interaction
of group and treatment. The regression
equation has shown in below Eq(3)

Eq (3)
Y =Bo+B1 D1+ B2Dy+ P3DiD; + €

Data collection and use

The unit of analysis of the study was
individual paddy farmers in Sri Lanka. The
multi-stage random sampling technique was
employed to select the sample of farmers. In
the first stage, the entire farmer population
was identified as distributed within four main
paddy farming systems. They are namely,
irrigated paddy farming system in the dry
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zone, Rain-fed paddy farming system in the
intermediate  zone(representing  middle
plains and the hill country), Rain-fed paddy
farming system in the wet zone, and Rain-fed
paddy farming system in the semi-arid
regions(representing Eastern Coast and
Southern Coast) of Sri Lanka. In the second
stage, one district was selected within each
farming system, and two Divisional
Secretariat Divisions (DSD) from each
selected district were selected randomly to
carry out the research. Finally, a sample of 75
paddy farmers was selected from each DSD to
make the whole sample size as 900. The
selected districts were Anuradhapura
(representing irrigated paddy farming system
in the dry zone), Rathnapura (representing
rain-fed paddy farming system in the wet
zone), Badulla (representing rain-fed paddy
farming intermediate zone- the hill country),
Hambanthota (representing rain-fed paddy
farming system in the semi-arid regions -
Southern coast), Kurunegala (representing
rain-fed paddy farming intermediate zone-
middle plains), and Batticaloa (representing
rain-fed paddy farming system in the semi-
arid regions -Eastern coast).

One farming organization from each DSD
from each district was kept as the control
where, they did not receive any location
specific rainfall information from the experts
in the DOM. The control group was assumed
to be used traditional knowledge or available
general weather information given by
agricultural officers or news media.
Therefore, the control group had the
opportunity to use weather information.
Because it is not ethical or impossible to
request refrain the use. Another farming
organization was also selected from the other
chosen DSD in each district as the treated
group. The treated group was provided
location  specific rainfall information,
especially designed for the study throughout
the cultivation season in 2017/18 maha
season as short-term, medium term and long
term  forecasts by considering the
geographical area through the officers of the
department of agriculture and the DOM. The
2016/17 maha season was not selected for
the study due to research management
reasons such as time requirement for
establishing proper links with the farmers
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and community mobilization. And also, this
cultivation season cannot be concerned as a
typical cropping season since, it was
impacted highly by the adverse weather
conditions  happened in the year
(Groundviews, 2016; ReliefWeb, 2016). The
provision of specific rainfall information was
not random due to practical and ethical
reasons. All farmers in the treated group
were given this information. The received
information utilization was completely on a
voluntary basis. Both control group and the
treated group consisted of 450 paddy farmers
in each. The DSD areas for the control group
and the treated group were located within a
significant distance in each district where
people have no significant connection to the
farm decisions or agronomic practices. Thus,
information sharing in-between the groups
were assumed to be minimized. The baseline
questionnaire survey was conducted to
collect data before information provision in
2016. The end survey was conducted to
collect the data after provision of specific
rainfall information to the treated group in
2017/2018 maha season using the same pre-
tested structured questionnaire of 2016.

The CRRA utility function was used to
estimate the EU of weather information of
paddy farmers as an ex -post-study in a
quasi-experiment. The rainfall is considered
as the major weather risk to paddy. The risk
aversion of each sample was considered in
three different levels as high (3), moderate
(2), and low (1) in a simple risk elicitation
scale. The average risk aversion values
satisfied,qp # 1 condition in the CRRA utility
function. The summation of household annual
income of respondents was used to measure
wealth (w) in two periods separately by
considering all the earnings from both formal
and informal income sources including
transfer payments (like Samurdhi fund
receiving) excluding the income from paddy.
The net returns of all respondents for paddy
(y) were estimated for 2016/15 maha season
and 2017/18 maha season as the difference
between the monetary value of the paddy
harvest and the cost of production.

Even though randomization was used to
select respondents and to establish control
and treated groups, the true nature of the

| 355

experiment is closer to a quasi-experiment.
Because farmers of the control group had the
access to general rainfall information, and
also they were able to move within the
district, they had the opportunity to meet
agricultural officers in seasonal kanna
meetings and use newly updated general
scientific weather information. Not only that,
but weather information is also like any other
information type, where neither control over
the spread nor a static resource. This specific
behaviour created a difficulty of restricting
the information use, providing information
randomly or, isolate the users for treatments
precisely (Jones et al, 2000; Msangi et al,
2006; Tall et al., 2018).Therefore, the rainfall
forecasts were provided commonly to the all
farmers in the treated group without any
random selection or speciality. The paddy
yields have resulted due to farmers’ crop
management decisions based on EU of
weather information and the expected
rainfall as an input. Therefore, the paddy
yield per hectare per farmer of the two
periods was collected to use as the dependent
variable (y) in the DID regression model to
estimate the absolute EU value of the
provision of rainfall forecasts.

RESULTS AND DISCUSSION

The male representation of the whole sample
was 80.22%. The average farming experience
was reported as 13.1 years for the control
group and 13.58 years for the treated group.
Most of the respondents were full- time
farmers in both groups. The age of the
majority of farmers in both groups was in
between 40-60 years. Therefore, it was
observed a fairly large farming experience
with them. The secondary education has been
completed by the majority of the two groups.
The paddy cultivation details, risk aversion,
and the net returns of paddy of the two
groups for the two periods have been
compared using t statistics. The results are
shown in Table 1.

Results revealed that, there were differences
in the average cultivated land, average yield,
and average net return for a farmer between
the two groups in 2016 since p<0.05. The
average wealth of a farmer, average paddy
price, and average risk aversion had no
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Table 1: The paddy cultivation details
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Baseline survey-before treatment

(2015/16-Maha)

End survey - after treatment
(2017 /18-Maha)

Control Treated P Control Treated 7
group group group Group
Average cultivated 2.45 2.06 0.00 1.98 2.24 0.03
land (Ac)
Average yield 2872.71 2245.45 0.00 2738.44 3084.10 0.08
(Kg/ha)
Average net return 22895.93 20010.36 0.00 28487.72 38637.22 0.50
for a farmer
Average wealth of a 282680 280420 0.99 378462.4 284590.6 0.69
farmer (LKR)
Average paddy price 30.81 30.54 0.48 35.51 36.64 0.00
(kg)
Risk aversion 0.799 0.766 0.15 .85 .81 0.09
Table 2: Expected utility of climate information
Control group Treated group
Expected utility value of
climate Information (EU) 3.61 4.37
Initial wealth( Wo) LKR 55,465,440.00 56,284,200.00
Wealth in 2018 (W) LKR 64,338,603.00 48,380,400.00
Risk aversion in 2018 0.85 0.81
Net return in 2018(y) LKR 9,942,912.75 16,707,117.25

differences in 2016. However, both groups
have moved towards risk aversion in 2018
compared to 2016. But as expected from the
provision of weather information, the average
risk aversion of the treated group has shown
a comparative significant reduction (p<0.1) in
2018. The net returns, which are based on the
market prices were different (p<0.05) among
the groups in 2016 but not in 2018. The
results showed a significant difference in
average cultivated lands (p<0.05) and the
average yield (p<0.1) between the two
groups in 2018. The estimated EU of two
groups in 2018 has shown in Table 2.

The EU values do not symbolize monetary
values, but according to derived EU values,
the use of factors of crop production is
determined (originally). The treated group
has derived the highest EU and it is captured
here using the CRRA. Therefore, the
differences in paddy yields among the two
groups can be used to examine the impact of

the EU. The significant difference between
variables of the two groups revealed that the
randomization has not happened as a pure
randomization. This validates the use of the
DID regression method in analysing the
impact of the EU.

DID regression results revealed that the
provision of weather information (the
treatment) to the treated group was
significant (p<0.05), and the coefficient of the
interaction was 960.54. This implies that
paddy yields have improved by 960.54kg/ha
per farmer in the treatment group due to the
provision of weather information. Even
though the r-square is low, it can be justified.
The study is based on a psychological scale;
therefore, measurement errors are possibly
higher than the other studies. Not only that,
by definition, it cannot predict that kind of
psychological behaviour perfectly due to
extant factors that are outside the control of
researchers or scientific evidence and
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perhaps based on individuals' interpretations
of whom they think they are (Schmidt and
Hunter, 1996). Because, individuals are
typically very heterogeneous by means of
their attitudes, actions, and behaviours.

Therefore, lower r-square values also might
add considerable value even though other
unknown or immeasurable factors account
for the majority of variation (Stefanski, 2000;
Wansbeek and Meijer, 2001; Fuller, 2006).
Due to that, a low r-square is not unusual in a
psychological  study, especially when
analysing individual (not aggregated) data.
Thus, low r-square values (below 1%) are
generally accepted in various research
models that deal with latent variables or
psychology, 1i.e. Linear regression in
psychological research, Structural equation
models, Principal component analysis, and
Measurement error models (Darlington,
1968; Cohen 1988; Cohen, 1992; Falk and
Miller, 1992; Chin, 1998; Hair et al, 2011;
Hair et al, 2013; Van Tonder and Petzer,
2018). Therefore, a small r-square could have
important implications (Cohen, 1988). For
instance, the combination of other predictors
mainly represents the modifiable behaviour
and, only a small amount of the variance
describes in the studied phenomenon.
Knowing that limitation could be very
important in future use since, it has been
drawn through an empirical study (Onditi,
2013).

Not only that, low r-square values are
common in longitudinal studies or cross-
sectional studies. The use of secondary data
achieves higher values for r-square than
studies that use primary data and low sample
sizes (Cohen, 1988; Itaoka, 2012). Further,
modelling binary outcomes is exceedingly
difficult to achieve high r-square values as the
predicted probability values are not very
likely to be exactly 1 and 0 (Rosenberg, 1988;
Bollen et al, 1995). Against this backdrop, the
DID regression analysis in this research, has
used dummy variables a lot. Further, the data
collection method was primary and
longitudinal; the number of regressors in the
study, and the sample size was low. But
corrected R-square values are barely
reported due to the difficulty of using
correction models (Yin and Fan, 2001;
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Roberts and Henson, 2002). Therefore, the
research question and the size of the
coefficient care about confounding, and
careful evaluation of the model are much
more important rather than just r-square. As
a result, it needs to decide r- square
practically with the research study and with
the assumptions behind the analysis (Hair et
al.,, 2010; Grace-Martin, 2012). Not only that
low r-square means not a wrong model at all
or poor accuracy of the analysing process
(Onyutha, 2020). Further, some authors are
highly against the usage of r-square. (Achen,
1982; Moksony and Heged,1990). But it is
worth mentioning possible reasons for such a
low r- square in the study as a clarification
based on the facts (Itaoka, 2012).

Therefore, the observed yield gap can be
explained, the farmers in the control group
have reduced the cultivated land extents in
the 2017/18 maha season due to the
experienced climate change impacts in the
previous year (2016 maha). This is justifiable,
Sri Lanka experienced crop losses due to both
floods and droughts in 2016 (Groundviews,
2016; ReliefWeb. 2016). Therefore, the
control group was more risk-averse. This
finding is similar to where it says people are
generally risk-averse when the risk is
sufficiently large and unknown (Arrow, 1971;
Dillon and Scandizzo ,1978; Binswanger,
1981). However, the farmers in the treated
group have moved a little bit towards low-
risk aversion and have increased the
cultivated land extents significantly due to
the acquired precise weather information and
derived high EU through it. This behaviour
was found as similar to available literature,
which explains the availability of information
could result in low risk-aversion (Pope, 1982;
Chavas, 1996; Br'untrup, 2000; de Rouw,
2004). Higher initial wealth results in low-
risk aversion generally (Hardakeret al.,
2004). However, initial wealth status (2016)
of the two groups was not statistically
different and reported similar risk aversion
values. Therefore, it is clear that the risk
aversion has changed in the treated group in
2018 due to the provision of rainfall
information. The accuracy of the provided
weather information and the rational
behaviour according to the derived EU, have
supported the crop management activities as
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Table 3: DID regression results
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Model > F = 0.00

R-squared = 0.15

Adj R-squared = 0.13

Variable Coefficient P value
Group -626.52 0.000
Treatment 123.98 0.055
Interaction 960.55 0.000
Constant 2862.42 0.000

per the real weather patterns in the 2017/18
maha season. Thus, weather information has
been impacted to reduce risk aversion and to
face the reality.

As critics of this EU approach-based weather
information  valuation, decision-makers
usually do not concern about the net profits
over time but would concern about the year-
to-year variability of returns or risks in
decision making. Therefore, the decision
maker's risk attitude is expected to impact
the economic value placed on forecasts
(Baquet et al., 1976; Byerlee and Anderson,
1982). Moreover, it is not necessary to have a
positive correlation between risk aversion
and the value of information. Because, if there
is any additional occurrence of a bad event or
a poor accurate measure, it would reduce the
value of the forecasts. So, there is no
monotonic relationship between the level of
risk aversion and the value of climate
information (Hilton, 1981; Mjelde and
Cochran, 1988).

CONCLUSIONS

The study has revealed the applicability of the
EU approach in an ex-post quasi-
experimental design to value weather
information. The paddy farmers who used the
specific weather forecasts have derived high
expected utility due to the reduction of risk
aversion. As a result, factors of crop
production have been utilized with more
confidence and obtained a high average
paddy yield per acre per farmer. Due to the
secondary data limitation at the micro-level
related to this kind of comparison, the
primary data has been used only for two
seasons. Thus, further research is needed to

validate the results while capturing the
impacts of other variables such as price

fluctuations, impacts of other inputs, and
technology which could impact the net
returns and yields. Not only that, the use of
advanced risk elicitation tools is important to
reduce measurement errors.

The impacts of future climate change will
reduce the accuracy of traditional weather
predictions. The use of scientific weather
information along with the appropriate
mitigation measures and management
practices should be promoted to reduce the
risk aversion in decision-making to support
the full utilization of the resources. Therefore,
investments in advanced weather forecasting
are needed. Provision of weather information
as an input, i.e. location specific information
packages will help the proper utilization of
factors of crop production and increase the
outputs.

ACKNOWLEDGEMENTS

The data were collected while the
corresponding author was affiliated with the
Institute of Policy Studies of Sri Lanka (IPS)
as a project officer. The corresponding
author would like to thank the Environmental
Economic Policy Division of IPS for
permitting to use the data for the study.

REFERENCES

Abadie,A.(2005). Semiparametric difference-in-
differences estimators. The Review of Economic
Studies. 72(1), 1-19.

Abdellaoui, M., Driouchi, A. and I'Haridon, O.,
2011. Risk aversion elicitation: reconciling
tractability and bias minimization. Theory and
Decision, 71(1), pp.63-80.



Premarathne et al. (2022) Tropical Agricultural Research, 33(4): 350-363

Achen, C.H. (1982) Interpreting and using
regression, Newbury Park: Sage University
Papers.

Adams, R, Bryant, K., and McCarl, B. (1995). Value
of improved long-range weather information.
Contemporary, 13(3), 10-19.

Anderson, G., Kootval, H., Kull, D., Clements, ].,
Fleming, G., Frei, T. andZillman, ]. (2015).
Valuing weather and climate: Economic
assessment of meteorological and hydrological
services. World Meteorological Organization.

Auma, B.(2016). Role of Indigenous Knowledge in
Seasonal Climate Forecast for Agricultural
Production in Bungoma Central Sub-county,
Kenya (Doctoral dissertation, Kenyata
University).

Arrow, K. (1971). Essays in the Theory of Risk-
Bearing, Markham Publishing Company

Bandara, C.M.( 2010). Village Tank Cascade
Systems: A Traditional Approach to Drought
Mitigation and Rural Well-being in the Purana
Villages of Sri Lanka. Indigenous Knowledge for
Disaster Risk Reduction.68.

Baquet, A.E., Halter,A.N.,andConklin, F.S.(1976).
"The Value of Frost Forecasting: A
BayesianAppraisal." Am. J. Agric. Econ. 58, 511-
520.

Bates, B.J., 1990. Information as an economic
good: A re-evaluation of theoretical
approaches. Mediation, information, and
communication. Information and behavior, 3
.379-394.

Bert, F.E., Satorre, E.H., Toranzo, F.R. and Podest3,
G.P, (2006). Climatic information and
decision-making in maize crop production
systems of the Argentinean
Pampas. Agricultural systems. 88(2-3),180-204.

Bertrand, M., Duflo, E. and Mullainathan, S.(2004).
How much should we trust differences-in-
differences estimates?. The Quarterly journal of
economics. 119(1),249-275.

Binswanger, H.P.(1981). Attitudes toward risk:
Theoretical implications of an experiment in
rural India. The Economic
Journal. 91(364),867-890.

Bollen, K.A.,, Guilkey, D.K. and Mroz, T.A., 1995.
Binary outcomes and endogenous explanatory
variables: tests and solutions with an

| 359

application to the demand for contraceptive
use in Tunisia. Demography, 32(1), 111-131.

Broad, Kenneth, Alexander, S.P., Pfaff, and Michael
H. Glantz.(2002) "Effective and equitable
dissemination of seasonal-to-interannual
climate forecasts: policy implications from the
Peruvian fishery during El Nino 1997-
98." Climatic Change. 54(4), 415-438.

Bruntrup, M. (2000). The level of risk aversion
among African farmers - results of a gambling
approach. DeutscherTropentag 2000 in
Hohenheim. 1-10.

Byerlee, D.R. and Anderson, J.R. (1982). "Risk,
Utility and the Value of Information in
Farmer's Decision Making." Rev. Mark. and
Agric. Econ. 50, 231-246.

Charness, G. and Viceisza, A. 2012.
Comprehension and risk elicitation in the field:
Evidence from rural Senegal.

Chavas, ].P. and Holt, M.T.(1996). Economic
behavior under uncertainty: A joint analysis of
risk preferences and technology. The review of
economics and statistics.329-335.

Chin (1998). Issues and opinion on structural
equation modeling. MIS Quarterly, 22 (1), 7-16.

Cohen, ]. (1988). Statistical power analysis for the
behavioral sciences (2nd ed.). Hillsdale, NJ:
Erlbaum.

Cohen J. A power
Bull. 1992;112:155-9.

primer. Psychol

Crown W.H.(2014) Propensity-score matching in
economic  analyses:  comparison  with
regression models, instrumental variables,
residual inclusion, differences-in-differences,
and decomposition methods. Appl Health Econ
Health Policy. 12(1),7-18.

Darlington, R.B., 1968. Multiple regression in
psychological research and
practice. Psychological bulletin, 69(3), p.161.

Dave, C., Eckel, C.C,, Johnson, C.A. and Rojas, C,,
2010. Eliciting risk preferences: When is
simple better?. Journal of Risk and Uncertainty,
41(3), pp.219-243.

Deaton, A.(1997).The analysis of household
surveys: a microeconometric approach to
development policy. The World Bank.



360 | Premarathne et al. (2022) Tropical Agricultural Research, 33(4): 350-363

DeLone, W. H. and McLean, E. R. (1992).
“Information Systems Success: The Quest for
theDependent Variable,” Information Systems
Research. 3(1), 60-95.

Deininger, K, Jin, S. and Sur, M.(2007). Sri Lanka’s
rural non-farm economy: Removing
constraints to pro-poor growth. World
Development. 35(12),2056-2078.

Defo, B.K.(1994). Determinants of infant and early
childhood mortality in Cameroon: the role of
socioeconomic factors, housing characteristics,
and immunization status. Social biology. 41(3-
4),81-211.

de Rouw, A. (2004). Improving yields and
reducing risks in pearl millet farming in the
African Sahel. Agricultural Systems. 81,73-93.

De Silva, C.S., Weatherhead, E.K,, Knox, J.W. and
Rodriguez-Diaz, ].A.(2007). Predicting the
impacts of climate change—A case study of
paddy irrigation water requirements in Sri
Lanka. Agricultural water management. 93(1-
2),19-29.

Dharmarathna, @ W.R.S.S., Herath, S. and
Weerakoon, S.B. (2014). Changing the planting
date as a climate change adaptation strategy
for rice production in Kurunegala district, Sri
Lanka. Sustainability Science, 9(1),103-111

Dillon, J.L. and Scandizzo, P.L.(1978). Risk
attitudes of subsistence farmers in Northeast
Brazil: A sampling approach. American Journal
of Agricultural Economics. 60(3),425-435.

Droogers, P. (2004). Adaptation to climate change
to enhance food security and preserve
environmental quality: example for southern
Sri Lanka. Agricultural Water Management,
66(1),15-33.

Edirisinghe, ].C.(2015). Smallholder farmers’
household wealth and livelihood choices in
developing countries: A Sri Lankan case
study. Economic Analysis and Policy. 45,33-38.

Esham, M. and Garforth, C.(2013). Agricultural
adaptation to climate change: Insights from a
farming community in Sri Lanka. Mitigation
and Adaptation  Strategies for  Global
Change.18(5),535-549.

Falk, R.F. and Miller, N.B.,, 1992. A primer for soft
modeling. University of Akron Press.

Fuller WA. Measurement error models. New York:
Wiley; 2006.

Fredriksson, A. and de Oliveira, G.M. (2019).
Impact evaluation using Difference-in-
Differences. RAUSP Management Journal.

Jones, J.W., Hansen, ].W., Royce, F.S. and Messina,
C.D.(2000). Potential benefits of climate
forecasting to agriculture. Agriculture,
ecosystems & environment. 82(1-3),169-184.

Gandelman, N. and Hernandez-Murillo, R.(2015).
Risk aversion at the country level.

Gleeson, T.A.(1960). A prediction and decision
method for applied meteorology and
climatology, based partly on the theory of
games. Journal of Meteorology. 17(2),116-121.

Grace-Martin, K, 2012. Can a regression model
with a small R-squared be useful. The Analysis
Factor.

Groundviews. (2016). Monitoring the Ongoing
Drought in Sri Lanka. [online] Available at :
https :// groundviews.org/ 2016/10/18/
monitoring-the-ongoing-drought-in-sri-
lanka/.[Accessed on 25 Jun. 2021]

Gunawardhana, L.M.A.P. and Dharmasiri, L.M.
(2015). Drought Hazard and Managing Its
Impacts through the Disaster Management
Approach: A Study in the North Central
Province of Sri Lanka. InInternational
Research Symposium, Rajarata University of
Sri Lanka .333-343.

Hair, J.F., W.C. Black, B.]. Babin and R.E. Anderson
(2010). Multivariate data analysis: A global
perspective (7th ed. ). Pearson Education
International.

Hair, Joseph F. and Ringle, Christian M. and
Sarstedt, Marko, Editorial - Partial Least
Squares  Structural Equation Modeling:
Rigorous Applications, Better Results and
Higher Acceptance (March 14, 2013). Long
Range Planning, 46(1-2), 1-12, Available at
SSRN: https://ssrn.com/abstract=2233795

Hair, J.F.,, Ringle, C.M. and Sarstedt, M., 2011. The
use of partial least squares (PLS) to address
marketing management topics. Journal of
Marketing Theory and Practice, 19(2), 135-138.

Hardaker, ].B.( ed.)(2004). Coping with risk in
agriculture. Cabi



Premarathne et al. (2022) Tropical Agricultural Research, 33(4): 350-363

Hallanger, N.L.(1963).The business of weather: its
potentials and uses. Bulletin of the American
Meteorological Society. 44(2),63-67.

Hilton, RW. (1981). "The Determinants of
Information Value: Synthesizing Some General
Results." Management Sci.27, 57-64.

Holt, C.A. and Laury, S.K,, 2002. Risk aversion and
incentive effects. American economic
review. 92(5),1644-1655.

Howe, L.D. Hargreaves, ]J.R., Gabrysch, S. and
Huttly, S.R.(2009). Is the wealth index a proxy
for consumption expenditure? A systematic
review. Journal of Epidemiology & Community
Health.63(11),871-877.

Howden, S.M. Soussana, J.F., Tubiello, F.N,
Chhetri, N., Dunlop, M. and Meinke, H.(2007).
Adapting agriculture to climate
change. Proceedings of the national academy of
sciences. 104(50),19691-19696.

Hussain, S.G.(2008). Impact of Climate Change on
Agriculture: Case Study on Shudharam and
Subarnachar Upazilas of Noakhali District.
IUCN Bangladesh Country Office. Dhaka,
Bangladesh.14(1),58.

Itaoka, K, 2012, April. Regression and
interpretation low R-Squares. In Proceedings
of the presentation at Social Research Network
3rd Meeting, Noosa. Mizuho Information and
Research Institute, Inc.

Kalanda-Joshua, M., Ngongondo, C., Chipeta, L. and
Mpembeka, F.(2011). Integrating indigenous
knowledge  with conventional science:
Enhancing localised climate and weather
forecasts in Nessa, Mulanje, Malawi. Physics
and Chemistry of the Earth, Parts
A/B/C.36(14-15),996-1003.

Kannae, L. and Pendleton, B.F.(1998).
Socioeconomic status and use of family
planning among Ghanaian government
workers. Social biology. 45(1-2),113-133.

Kang, Y., Khan, S. and Ma, X.(2009). Climate
change impacts on crop yield, crop water
productivity and food security-A
review. Progress in natural
Science. 19(12),1665-1674.

Kahnemann, D. 1979. Prospect theory: An
analysis of decision under
risk. Econometrica, 47, pp.263-292.

| 361

Lemos, M.C, Lo, Y], Kirchhoff, C. and Haigh,
T.(2014). Crop advisors as climate information
brokers: Building the capacity of US farmers to
adapt to climate change.Climate Risk
Management. 4,32-42.

Letson, D., Laciana, C.E., Bert, F.E.,, Weber, E.U,,
Katz, R.W. Gonzalez, X.I. and Podest3,
G.P.(2009). Value of perfect ENSO phase
predictions for agriculture: evaluating the
impact of land tenure and decision
objectives. Climatic Change. 97(1-2),145-170.

Letson, D., Llovet, ., Podest3, G., Royce, F., Brescia,
V., Lema, D. and Parellada, G.(2001). User
perspectives of climate forecasts: crop
producers in Pergamino, Argentina. Climate
Research. 19(1), 57-67.

Luseno, W.K., McPeak, ].G., Barrett, C.B,, Little, P.D.
and Gebru, G.(2003). Assessing the value of
climate forecast information for pastoralists:

Evidence from Southern Ethiopia and
Northern Kenya. World development.31(9),
1477-1494.

Lybbert, T.J., Barrett, C.B., McPeak, ].G. and Luseno,
W.K.(2007). Bayesian herders: Updating of
rainfall beliefs in response to external
forecasts. World Development. 35(3),480-497.

Manun'ebo, M.N. Haggerty, P.A, Gaie, MK,
Ashworth, A. and Kirkwood, B.R.(1994).
Influence of demographic, socioeconomic

and. ] Trop Med Hygiene. 97-31-38.

Marshall, A.(2009). Principles of economics:
unabridged eighth edition. Cosimo, Inc.

Meinke, H. and Stone, R.C.(2005). Seasonal and
inter-annual climate forecasting: the new tool
for increasing preparedness to climate
variability and change in agricultural planning
and operations. Climatic change, 70(1-2),221-
253.

Messina, C.D., Hansen, J.W. and Hall, A.J.(1999).
Land allocation conditioned on El Nifio-
Southern Oscillation phases in the Pampas of
Argentina. Agricultural Systems. 60(3),197-212.

Moksony, F. and Heged, R, 1990. Small is
beautiful. The use and interpretation of R2 in
social research. SzocioldgiaiSzemle, Special
issue, 130-138.



362 |

Montgomery, M.R., Gragnolati, M., Burke, K.A. and
Paredes, E.(2000). Measuring living standards
with proxy variables. Demography. 37(2),155-
174.

Morris, S.S., Carletto, C. Hoddinott, J. and
Christiaensen, L.J.(2000). Validity of rapid
estimates of household wealth and income for
health surveys in rural Africa.journal of
Epidemiology & Community Health. 54(5),381-
387.

Morris, S. and Shin, H.S., 2002. Social value of
public information. American economic review,
92(5), pp-1521-1534.

Msangi, M.W.R,, Rosegrant, M.W., You, L.(2006). Ex
post assessment methods of climateforecast
impacts. Clim. Res.33, 67-79.

Murphy, B.L.(2011). From interdisciplinary to
inter-epistemological approaches: Confronting
the challenges of integrated climate change
research. The Canadian Geographer/Le
Géographecanadien. 55(4),490-509.

Mjelde, J.W., Sonka, S.T. and Peel, D.S.(1989). The
socioeconomic value of climate and weather
forecasting: a review. Illinois State Water
Survey.

Mjelde, J.W. and Cochran, M. (1988). "Obtaining
Lower and Upper Bounds on the Value of
Seasonal Climate.

NAPCC 2016-2025, Climate Change Secretariat,
Ministry of Mahaweli Development and
Environment, Sri Lanka ,2016

Onditi, A.A., 2013. Relationship between customer
personality, service features and customer
loyalty in the banking sector: A survey of banks
in Homabay County, Kenya.

Onyutha, C.: From R-squared to coefficient of
model accuracy for assessing "goodness-of-
fits", Geosci. Model Dev. Discuss. [preprint],
https://doi.org/10.5194/gmd-2020-51,
2020.Reisinger, H. 1997. The impact of
research designs on R2 in linear regression
models: an exploratory meta-analysis. Journal
of Empirical Generalisations in Marketing
Science, 2(1).

Orlove, B., Roncoli, C., Kabugo, M. and Majugu, A.(
2010). Indigenous climate knowledge in
southern Uganda: the multiple components of
a dynamic regional system. Climatic
Change.100(2),243-265.

Premarathne et al. (2022) Tropical Agricultural Research, 33(4): 350-363

Pandey, S.(2007). The Value of Rainfall Forecasts
in the Rainfed Rice Areas of the
Philippines. Lahore Journal of
Economics. 12(2).

Pope, R.D.(1982). Empirical estimation and use of
risk preferences: an appraisal of estimation
methods that use actual economic
decisions. American Journal of Agricultural
Economics. 64(2),376-383.

Pope, R.D. and Just, R.E.(1991). On testing the
structure of risk preferences in agricultural
supply analysis. American  Journal of
Agricultural Economics. 73(3),743-748.

Pratt, ] W.(1964). Risk aversion in the small and in
the large, Econometrics. 32.

Pratt, ].W.(1978). Risk aversion in the small and in
the large. InUncertainty in economics,
Academic Press. 59-79.

Rabin, M.(2013). Risk aversion and expected-
utility theory: A calibration theorem.
In Handbook of the fundamentals of financial
decision making: Part[,241-252.

ReliefWeb. (2016).Sri Lanka: Floods and
Landslides Situation Report No. 2 (as of 26
May 2016) - Sri Lanka. [online] Available at:
https://reliefweb.int/report/sri-lanka/sri-
lanka-floods-and-landslides-situation-report-
no-2-26-may-2016. [Accessed on 25 Jun.
2021].

Roberts, J.K. and Henson, R.K,, 2002. Correction
for bias in estimating effect sizes. Educational
and Psychological Measurement, 62(2), pp.241-
253.

Roudier, P., Sultan, B., Quirion, P., Baron, C,
Alhassane, A. Traoré, S.B. and Muller,
B.(2012). An ex-ante evaluation of the use of
seasonal climate forecasts for millet growers in
SwW Niger. International Journal of
Climatology.32(5),759-771.

Rosenberg, P.S.N, 1988.R-Square for binary
data (Doctoral dissertation, Yale University).

Schmidt, F.L. and Hunter, J.E., 1996. Measurement
error in psychological research: Lessons from
26 research scenarios. Psychological
Methods, 1(2), p.199.

Seddon, P. B., Staples,D.S. Patnayakuni., R. and
Bowtell, M. J].(1998)“The IS Effectiveness
Matrix: The Importance of Stakeholders



Premarathne et al. (2022) Tropical Agricultural Research, 33(4): 350-363 | 363

andSystems in Measuring IS
Success,”Proceedings of the International
Conference on Information Systems, Helsinki,
Finland . 165-176.

Senaratne, A. and Scarborough, H. (2011). Coping
with climatic variability by rain-fed farmers in
dry Zone, Sri Lanka: towards understanding
adaptation to climate change, (No. 422-2016-
26917).

Shaw, ].(2004). Microenterprise occupation and
poverty reduction in microfinance programs:
Evidence from Sri Lanka. World
development.32 (7), 1247-1264.

Shoji, M., Aoyagi, K., Kasahara, R., Sawada, Y. and
Ueyama, M.(2012). Social capital formation
and credit access: Evidence from Sri
Lanka. World development. 40(12),2522-2536.

Stefanski LA. Measurement error models. Journal
of the American Statistical
Association. 2000;95(452):1353-1358

Sulewski, P. and Kloczko-Gajewska, A. 2014.
Farmers’ risk perception, risk aversion and
strategies to cope with production risk: an
empirical study from Poland. Studies in
Agricultural Economics, 116(3), pp.140-147.

Sumarto, S. Suryadarma, D. and Suryahadi,
A.(2007). Predicting consumption poverty
using non-consumption indicators:
Experiments using Indonesian data. Social
Indicators Research. 81(3),543-578.

Tall, A, Coulibaly, ].Y. and Diop, M.(2018). Do
climate services make a difference? A review of
evaluation methodologies and practices to
assess the value of climate information

services for farmers: Implications for
Africa. Climate Services. 11, 1-12.

Truelove, H.B., Carrico,b A.R. and Thabrew,
L.(2015). A socio-psychological model for
analyzing climate change adaptation: A case
study of Sri Lankan paddy farmers. Global
Environmental Change. 31, 85-97.

Van Tonder, E. and Petzer, D.J, 2018. The
interrelationships between relationship
marketing constructs and customer
engagement dimensions. The Service Industries
Journal, 38(13-14), 948-973.

Vogel, Coleen, and Karen,0.(2006)"Who can eat
information? Examining the effectiveness of
seasonal climate forecasts and regional
climate-risk management strategies, Climate
Research. 33(1),11-122.

Wansbeek, T. and Meijer, E., 2001. Measurement
error and latent variables.A companion to
theoretical econometrics, pp.162-179.

Yin, P. and Fan, X, 2001. Estimating R 2 shrinkage
in multiple regression: A comparison of
different analytical methods. The journal of
Experimental Education, 69(2), pp.203-224.

Zhou, H., Taber, C, Arcona, S. and Li, Y. (2016).
Difference-in-differences method in
comparative effectiveness research: utility
with  unbalanced groups. Applied health
economics and health policy. 14(4),419-429.



