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Abstract: Good index selection is key to minimising basis risk in weather index insurance design.
However, interannual, seasonal, and intra-seasonal hydroclimatic variabilities pose challenges in
identifying robust proxies for crop losses. In this study, we systematically investigated 574 hydrocli-
matic indices for their relationships with yield in Malaysia’s irrigated double planting system, using
the Muda rice granary as a case study. The responses of seasonal rice yields to seasonal and monthly
averages and to extreme rainfall, temperature, and streamflow statistics from 16 years’ observations
were examined by using correlation analysis and linear regression. We found that the minimum
temperature during the crop flowering to the maturity phase governed yield in the drier off-season
(season 1, March to July, Pearson correlation, r = +0.87; coefficient of determination, R2 = 74%). In
contrast, the average streamflow during the crop maturity phase regulated yield in the main planting
season (season 2, September to January, r = +0.82, R? = 67%). During the respective periods, these
indices were at their lowest in the seasons. Based on these findings, we recommend temperature-
and water-supply-based indices as the foundations for developing insurance contracts for the rice
system in northern Peninsular Malaysia.

Keywords: hydroclimatic indices; weather index insurance; regression; rice yield

1. Introduction

Rice is the staple food of almost half of the world’s population [1], while almost one
fifth depends on the rice industry for their source of employment and livelihoods [2]. The
share of rice in South Asia in its total gross domestic product (GDP) accounted for 8.4% in
1961 but had declined to 2.7% in 2007 [3]. Meanwhile, Southeast Asian (SEA) countries have
depended on agriculture for their economies and as food sources, with rice contributing
2.3% or 2.4 billion RM of Malaysia’s GDP in 2016 [4].

Many rice producing countries monitor production through self-sufficiency levels
(SSL) that indicate the proportion of rice production to rice availability such as imports
and stocks. For example, rice importer countries such as the Philippines, Malaysia, and
Vietnam have 93%, 70%, and 97% SSL, respectively [4,5]. In the case of Malaysia, the SSL is
comparatively low, and rice production has hovered between 60-70% for about 30 years,
even with the production having increased over the decades from 1.9 million tonnes in
1990 to 3.5 million tonnes in 2017 [4]. Despite being in the hub of the world’s rice economy,
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and despite the high market demand, rice production in Malaysia remains low and without
monumental efforts being made to tackle major issues such as production loss due to
extreme weather events and climate change [6], decreasing cultivation area [7], changing
socioeconomic scenarios [8], and increasing production cost. These local issues that affect
rice production illustrate common future threats to food security in all rice-consuming and
-producing nations.

Nevertheless, in managing risks related to agricultural production, weather index
insurance has proven to be an effective tool to increase coping capacity and to sustain
productivity. The strategy relies on associations between hydroclimatic variables and
crop yields [9,10] and utilises locally developed and highly correlated indices based on
these variables as proxies for the negative impacts of weather on crop production [11-13].
As a result, measurements of crop damages post extreme climate events become incon-
sequential, unlike in traditional crop insurance [14]. Commonly used indices are based
on rainfall or temperature [15-18], although combined or mixed indices of rainfall and
temperature [19-21], and streamflow and reservoir indices [22-24] have also been used.
These indices can be applied in the form of either surplus or deficit, averages, cumulative
amounts, and minima or maxima [18].

Tremendous efforts in the development and implementation of weather index insur-
ance have been made in the agricultural areas of Africa, Latin America, and some parts
of Asia, especially as a mechanism of risk transfer [13,25,26]. However, the variabilities of
hydroclimatic variables that influence local crop production pose challenges in minimising
the basis risk, i.e., the risk of no payment incurred when there is an actual loss in yield, and,
conversely, of payment incurred when there is no actual loss [27]. Weather indices must be
good indicators of yields, particularly poor yields to minimise basis risk [28].

Hence, increased understanding of the relationship between hydroclimatic variables
and rice performances at local scales is vital, given that the next rice industry challenge is re-
lated to climate changes and the consequent negative impacts on water resources [9,29-31].
A Malaysian framework would be highly relevant, considering that the government heavily
subsidises rice production and compensates rice losses due to extreme weather [9,32,33].
Extreme climatic events such as floods and droughts have affected Malaysia’s rice produc-
tivity [6,8]. These included the effects of temperature rise and rainfall fluctuations. The
1997-1998 droughts due to the El Nifio led to a massive rice yield loss with an associated
economic loss of 218 million RM [34,35].

Malaysia also represents an interesting case of an irrigated rice double-planting system,
whereby rice cultivation is intensified by irrigation during an off-season. Here, successful
implementation of the weather index insurance requires bridging a substantial gap in
knowledge related to crop productivity and its response to weather as well as water
management strategies. In particular, the seasonal and intra-seasonal influences of various
hydroclimatic indices on rice production warrant close inspections due to the contrasting
dependence on (1) rainfall in the main planting season and (2) irrigation in the off-season
as supplied from the upstream water catchment areas [36].

Considering this, our work, therefore, aimed to address the identified gap by (1)
systematically examining the correlation and developing regression models between ob-
served rice crop yields, based on individual and mixed monthly averages and extreme
indices derived from hydroclimatic variables such as rainfall, temperature, and streamflow
measurements and (2) relating the findings in terms of rice growth stages. The case study,
the Muda area rice granary, produces approximately 40 percent of the nation’s rice, and is
in a drought- and flood-prone region in the northwest of Peninsular Malaysia. The drought-
induced economic losses were estimated to be 10.6-16.3 million RM and 4-6 million RM
in the main season and in the off-season, respectively, since 2003-2013 [37], whereas the
rice yields were impacted by several flood events in 2003, 2005, and 2017 [38]. In the main
season of 2005/2006 alone, floods caused 50,000 MT of yield loss, affecting 10,580 farmers.
The susceptibility of the area to extreme weather, combined with its important role in
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national food security, make the Muda area a suitable test bed for assessing the potential
for weather index insurance in the country.

2. Materials and Methods
2.1. Study Area

Malaysia borders Thailand in northern Peninsular Malaysia as well as Indonesian
Borneo. It has a total area of 330,800 km? and a population of 32.68 million in 2019 [39].
Malaysia’s largest rice granary is the Muda area, which produces about 38.8% of the local
rice [4]. It is a high-performing area with yields above 5.0 MT/ha due to the government’s
provision of extensive infrastructure since the inception of the Muda Irrigation Project.
Located in the northwest of Peninsular Malaysia (Figure 1), the Muda area occupies
126,155 ha of land, of which 76% is under paddy cultivation. The granary practices double-
planting seasons (Table 1), mostly via direct seeding but also transplanting.
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Figure 1. Study area with elevation and location of temperature, rainfall, and streamflow monitoring stations. The rice
cultivation areas are divided into four regions, which are demarked by orange boundary lines.

Table 1. Approximate rice growth schedule in the Muda area. The schedule is developed based on approximate number of

days in each growing stage following [40].

Season/Growing Vegetative Flowering Maturity

Phase Planting (45-55 Days) (35 Days) (30 Days) Harvesting
Season 1 . Mid-May—mid-
(off-season) March 1 March—mid-May June June—July July 31
Season 2 September 1 September—mid- ~ Mid-November— December— January 31
(main season) p November mid-December January y

Cultivated paddy in the Muda area is less affected by the northeast (November to
February) and the southwest (May to August) monsoons due to the Titiwangsa and Sumatra
mountain ranges that block heavy precipitation. During the southwest monsoon, most
of the states of the west coast of the peninsula are subjected to a drier period; however,
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during this monsoon period, the northwest region is wetter than the rest of the country
due to less shielding by the Sumatra range [41,42]. In contrast, the area receives heavy
rainfall during the two inter-monsoon seasons, approximately around April and October,
in the form of convective rains [41,42]. The annual rainfall ranges from 2000 to 3000 mm,
while the average temperature is recorded to be around 27 °C [43]. Moreover, higher
temperatures during the month of February and March coincide with low rainfall at the
tail of the Northeast monsoon period, which typically brings extreme rainfall and floods
but on the east coast of the peninsula [41,42]. This results in a drier period at the start of
the off-season. Thus, irrigation is required to increase rice production annually.

Here, water resources are comprised of direct rainfall (52%), controlled flows from
the Pedu reservoir in the upstream (32%), uncontrolled flows from the catchment areas
downstream of the reservoir (10%), and recycled water (6%) [44]. The water demand
management follows a specified hierarchy. If direct rainfall is insufficient for ponding, (1)
water is sourced directly from uncontrolled flows, provided there is sufficient supply in the
river to meet demand. If river supply is insufficient (2), water is recycled from downstream
of the paddy field drainage via pumping, and as a final resort (3), water is released from
the reservoir. The bulk of the irrigation water demand is for land preparation before wet
seeding or transplanting; then, supplementary demand may be required up until 1-2 weeks
prior to harvest. During any water crisis, domestic and industrial water demand takes
precedence over agricultural demand.

2.2. Data Collection

Rainfall, temperature, streamflow, and yield data covering a period of 16 years from
March 2001 to January 2017 were obtained from various sources. Daily accumulated
rainfall data were obtained from three rainfall stations operated by the Muda Agricultural
Development Authority (MADA) (Station 12 Bt. 4 Sanglang, 24 Gunong Kriang, and 44
Alator Tokal) and one station operated by the Department of Irrigation and Drainage,
Malaysia (DID) (Station JPS 6206035) at Kuala Nerang (Figure 1). Henceforth, these four
stations would be referred to as MADA12, MADA24, MADA44, and JPS, respectively.
Daily minimum and maximum temperature data were retrieved for the Alor Setar (AS)
and Chuping (Ch) meteorological stations operated by the Department of Meteorology,
Malaysia (DMM). Subsequently, the daily average temperatures were derived based on
the average of the minimum and maximum temperatures. Additionally, daily streamflow
data at Kuala Nerang station and seasonal rice yield values at the granary scale from both
seasons of planting were obtained from MADA.

2.3. Derivation of Average and Extreme Hydroclimatic Indices

Daily rainfall was summarised into average and extreme indices based on the monthly
mean, maximum, dry days, and wet days values (Table 2). Similarly, the streamflow-based
indices were computed based on the monthly minimum, mean, and maximum values.
Daily maximum, mean, and minimum daily temperature data were also aggregated to
monthly maximum, minimum, and mean values to comprise the temperature-based indices.
To test the timing and seasonality of the hydroclimatic indices and how they relate with
yield, for season 1, indices were calculated for the individual months of March, April,
May, June, and July; for the mid-season months from April to June (AM]); and for the
entire season (March to July, or MAM]J]). Likewise, indices were calculated for season
2 for the individual months of September, October, November, December, and January;
for the mid-season months from October to December (OND); and for the entire season
(September to January, or SONDYJ). In total, there are 287 indices investigated per season
and 574 indices overall.
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Table 2. Rainfall, temperature, and streamflow indices derived for each month in both cropping seasons. The abbreviation

used in the study are standardised across the different hydroclimatic variables for consistency. Where available, the
equivalent abbreviations as used by the European Climatology and Trend Atlas of Climate Indices (ECTACI) [45] are listed

for comparison.

o . . . Abbreviations ECTACI
Hydroclimatic Variable Stations Index Unit Used in This Study Equivalent
Maximum Rmax Rxlday
Mean Rmean -
Rainfall giAﬁilljinﬁjé Dry days mm/d DD DD
! ! Wet days DR1mm DR1mm
Very wet days D95p D95p
. . Maximum TXmax TXx
D?éﬁnéiﬁﬁim AS, Ch Mean °C TXmean GTX
P Minimum TXomin TXn
. .. Maximum TNmax TNx
Dempentare. AS, Ch Mean °C TNimean GIN
P Minimum TNmin TNn
Maximum TGmax XTG
Daily mean temperature AS, Ch Mean °C TGmean GTG
Minimum TGmin NTG
: MADA Kuala Maximum Smax ]
Daily average streamflow Mean m3/s Smean -
Nerang ..
Minimum Smin -

2.4. Correlation Analysis and Linear Regression

Further, correlation analysis was conducted on a seasonal scale, by associating the
seasonal yields to the hydroclimatic variables for the relevant months. The Pearson correla-
tion coefficient (r) was used to measure both the degree and direction (positive or negative)
of the association.

Next, simple linear regression was conducted with monthly and seasonal rainfall,
temperature, and streamflow indices as independent variables individually, and seasonal
yield as the dependent variable. The coefficient of determination (R?) was used to evaluate
and compare the variance in crop yield explained by the different indices. Regression
analyses were conducted separately for the two separate cropping seasons as were the
correlation analyses. The equations are as given in Table 3. All the regressed variables were
first standardised based on the mean and standard deviation [46].

To complement the individual regressions and to explore any potential for improved
predictive power based on multiple indices, multiple regression models were fitted based
on the indices with absolute correlation values exceeding a threshold set at 0.65. A stepwise
regression using both forward and backward selections was performed to find the best
fit to the model based on the Akaike information criteria [47], and the best-fitted model
considering all highly correlated indices for each season was produced. Additionally,
the adjusted R? was used to compare the multiple linear regression to the simple linear
regression. This was to account for improvements to the R? that was due to the addition of
more independent variables, avoiding overfitting.
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Table 3. Equations of the correlation and regression analysis. The Pearson correlation and regression R? values are calculated
for each monthly and seasonal index in each season. R? is used to evaluate the fit of simple linear regression models,
whereas the adjusted R? is used to evaluate the multiple regression models.

Statistic Formula Explanation

_Y; = The dependent variable data
Y = The mean of dependent variable data
Pearson B T (YY) (Xi—%) X; = The independent variable data
Correlation r= \/Z” (v, v) \/Z‘“ (X—%)° X = The mean independent variable data
s s Y; = The fitted value for a specific value of the explanatory variable
n = The number of observations

n -
Total sum of squares, SST = Y (V; — Y )2
i=1

])C;Zfrfrl;iizzti?)i R?=33R=1— %z@ Sum of squares for regression, SSR = ié (vVi-v)?
Sum of squared errors of prediction, SSE = il (Yi Y )2
i=
Adjusted R? R, d]-Z = [(1 — RZ) nf;l 1} k = The number of explanatory variables in the regression
Pr]gllisci:ii:)}r’l()f POD = (TP)/(TP + FN) TP = True positive i.e., prediction is TRUE when observation is TRUE

FN = False negative i.e., prediction is FALSE when observation is TRUE
FP = False positive i.e., prediction is TRUE when observation is FALSE

False Alarm FAR = (TP)/(TP + EP)

Ratio
Root Mean "
Square Error 'Zl (Y; —v;)2
i=

Finally, detection measures, i.e., probability of detection (POD) and false alarm rate
(FAR) were computed, based on a standardised expected yield threshold of zero based on
the mean of each season. In this specific analysis, standardised yield lower than zero was
considered to yield below mean, resulting in a loss year. A confusion matrix was developed
to account for the number of true and false positives and true and false negatives of the
regression model prediction, whereby a positive was defined as a prediction or observation
of yield below the expected. The equations of POD and FAR are as presented in Table 3.

All data processing and statistical analyses were conducted within the R comput-
ing environment.

3. Results

The results were organised as follows: first, the hydroclimatic indices were presented
and their seasonal and intra-seasonal variabilities discussed. Then, the correlation and
regression analysis were presented for season 1, followed by season 2. Next, a summative
analysis using stepwise multiple regression was presented.

3.1. Seasonal and Intra-Seasonal Variability in the Hydroclimatic Indices

The climatological means of the mean indices indicated that the off-season or season 1
(March to July) had overall higher temperatures compared to the main season or season
2 (September to January) (Figure 2). In season 1, the highest maximum (TX) and average
(GT) temperatures irrespective of the minimum, mean, or maximum indices were observed
in March, declining towards the late season months of June and July. The lower temper-
atures remained throughout season 2, inflecting upwards only in January. On the other
hand, the minimum temperature indices (TN) steadily inclined from March to May before
declining towards the end of season 1 in July. Similarly, in season 2, TN indices inclined
towards November before declining towards the end of season 2 in January. The variability
observed at both stations Alor Setar (AS) and Chuping (Ch) was similar across all indices;
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nevertheless, TXyin values were noticeably higher in magnitude and range in Alor Setar
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Figure 2. Distribution of climatological means for the monthly and seasonal temperature indices based on 16 years of

data (one sample per year). MAM]J]J stands for Mar-Apr-May-Jun-July which is season 1 (off-season), while AM]J indicates
Apr-May-Jun, which are the mid-season months. Likewise, SOND]J stands for Sep-Oct-Nov-Dec-Jan, which is season 2
(main season), while OND indicates Oct-Nov-Dec which are the mid-season months.

The highest mean rainfall indices (Rmean) Were observed in April in season 1 and
October in season 2, while the lowest Rinean indices were observed in March and January
of the respective seasons (Figure 3). The wet months corresponded to the inter-monsoon
periods, whereas the dry months were coincident with the Northeast monsoon season.
There was a spatial gradient whereby the lowest September to November rainfall means,
and the strongest seasonality of the mean indices in season 1 (March to July) were observed
in the northern-most station MADA12, in contrast to station MADA44 further south.
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Figure 3. Distribution of climatological means for the monthly and seasonal rainfall indices based on 16 years of data

(one sample per year). MAM]JJ stands for Mar-Apr-May-Jun-July which is season 1 (off-season), while AM]J indicates

Apr-May-Jun, which are the mid-season months. Likewise, SOND]J stands for Sep-Oct-Nov-Dec-Jan, which is season 2

(main season), while OND indicates Oct-Nov-Dec which are the mid-season months.

In terms of the extreme statistics, the maximum rainfall indices (Rmax) were highest
in September (MADA12 and MADA44) and October (MADA?24 and JPS) and lowest in
January (all the four stations). The monthly variability aligned with that of the number
of very wet days (D95p). On the other hand, the variability in wet days (DR1mm) and
conversely the dry days (DD) corresponded to the variability of the mean rainfall indices.
However, May was an exception in that the lower mean indices did not agree with the
generally higher wet day indices compared to April and June. From these observations, it
could be inferred that the May rainfall took the form of more days with lighter rain.

With streamflow, the minimum (Spin) and mean (Smean) indices were highest in
December (season 2) and April (season 1) (Figure 4). In season 1, they remained high
in May and June. With the exception of the April indices, these were uncharacteristic of
the lower mean rainfall indices in the upstream catchment area (Rmean JPS) and could be
explained via water demand management. Dam releases records (not shown) indicated
the highest values in May and June, followed by the late season 2 months of December
and January, and were in response to the irrigation requirement of the rice paddies. Thus,
the streamflow indices of these months were largely attributable to the releases of water
stored in the upstream reservoirs during the wetter months from September to November.
By contrast, the maximum indices which were highest in April and October were directly
related to the expected high flows during the inter-monsoon periods.
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Figure 4. Distribution of climatological means for the monthly and seasonal streamflow indices based on 16 years of data
(one sample per year). MAM]J]J stands for Mar-Apr-May-Jun-July which is season 1 (off-season), while AM] indicates
Apr-May-Jun, which are the mid-season months. Likewise, SOND]J stands for Sep-Oct-Nov-Dec-Jan, which is season 2
(main season), while OND indicates Oct-Nov-Dec which are the mid-season months.

Between the mean indices, many were moderate to strongly correlated (Figures 5 and 6)
especially between the monthly and seasonal indices. In season 1, the strongest correla-
tions were observed across temperature indices. With rainfall, temperature indices were
noticeably positively correlated with Rmean at JPS Kuala Nerang, and to a lesser extent,
Rmean at MADA12, MADA24, and MADAA44 in May and June (up to July at MADA44).
Otherwise, the correlation was predominantly negative in season 1. This is an effect of the
monsoon, whereby temperature generally declines due to the shift from a dry late northeast
monsoon in March into the inter-monsoon period and later to the southwest monsoon,
which brings more rainfall. Between rainfall indices, there were noticeably weak positive
correlations between Rpean at MADA12, MADA24, and MADA44 in selected months, but
more apparent were the negative correlations between these station indices to Ryean at JPS
in May.



Sustainability 2021, 13, 5207 10 of 23

= = =
= = =
- =3 =23 = = - = - - =
S0~ LEOTHOLEOTOLE _’g _,g —,E _}2 _.E =
T T T I T T T TOVUNE - NN - SUR: - SRR - SN . JOWO -
2Ot 0D 0PN O B O DI DD D00 D6 TOONLEOTOONLENTIRONLE M TN T =0T DO L= OO T =
cccccccEEEEEEEEEEEEEEEEEEEEECEcEccEcececeec e ceccecececcceccceEcEccEccEs
too2=355553 gggggggiﬁﬁﬁvﬁviiiiiii$3$$$$E§3§EE&EE§3§¥§3333335E3$$33$33$$$B3$
CrcCeorEEEEEE ETagaaaa S EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
BB B8 PP e e Re e ee T aa e e 2R S 555550 A A A6 E66566249222255555
EEEEEEESSS R0 a s SSoS S SSSSSSSSSssSSs 00 <L IOOOO000

00000000000

I UIHUIOE O O O 0 O 0 O 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 00 O 0 00 0 —

R JPS mean. 4 @ | N : RN 3 ae

00,

e
Sa
e

ean,
DA12'mean, 3
DA1Z mean, 4
DA12 mean, 5 =N
DA12 mean, 6 ]
DA12 mean, 7

ean, AMJ

ean, MAMJJ
DA24 mean, 3 [
DA24 mean. 4 | &

06

gelrsrsies)
=====
SEEEE

:

)
=
2

SEET

% =

R 3

3

@

o

=

0000
===

TG
TG AS mean, AMJ
TG AS mean, MAM.JJ

@
I
o
Ol ===t
Qoen00
83995908
3 3
[i7] [i7]
'} <}
= =1
[ar] L

===,

-04
TNASD

o====.

-0.6

aZEBEES

3¢ 3030 >
=33

H

&

g
=8
25

i’
N
n
=
0]

0.8

5454545
2900008

o
[
=

2
g
g

Figure 5. Correlation between the monthly and seasonal hydroclimatic mean indices for season 1. Here, 3-7 indicate the
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Figure 6. Correlation between the monthly and seasonal hydroclimatic mean indices for season 2. Here, 9-12 and 1 indicate

the months from September to December and January. SOND]J stands for Sep-Oct-Nov-Dec-Jan, which is season 2 (main
season), while OND indicates Oct-Nov-Dec which are the mid-season months.

Streamflow indices (Smean) in March were generally strongly positively correlated
with Riyean across all stations and months. For the remaining months, there were no clear
trends. However, there was the exception of the correlation with Rmean at JPS remaining
generally positive, reflecting the proximity of the monitoring stations. Between the Spean
of different months, cross-correlations were positive between the early season indices
(March to May) but were negative between early (March to May) and late season (June
and July) indices. This might be an effect of the higher amounts of reservoir releases in the
mid-season (May-June) in years when the early season was abnormally drier.

In contrast, in Season 2, the cross-correlations between streamflow indices were more
strongly positive and consistent throughout the wetter season. However, they were less
negatively correlated with temperature and rainfall indices as compared to season 1.
This again reflected a stronger reservoir regulation on the streamflow to compensate for
the lesser amounts of rainfall in season 1 compared to season 2. Likewise, temperature
indices were also positively cross-correlated as they were in season 1. However, the
strength of the correlation diminished especially so with TXmean at both the Alor Setar and
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Chuping stations, reflecting the lower intra-seasonal variability of temperature in season 2.
Furthermore, the temperature indices were also more positively correlated with rainfall
indices, unlike in season 1, when they were more negatively correlated. This was an effect
of the shifting from the inter-monsoon period (higher temperatures, higher rainfall) to the
northeast monsoon (lower temperatures, lower rainfall) as the season progressed.

3.2. Hydroclimatic Controls on Yield in the Dry, Mainly Irrigated Season 1

In season 1 (Figure 7), regardless of indices, higher correlation values were observed
in June and in the mid-growing season (AM]). The strongest correlated indices were based
on the mean and minimum temperature in both Alor Setar and Chuping stations: the
highest positive correlation was +0.87 for the TNmean at Alor Setar in June and followed
by TNmin and TNmean in both Alor Setar and Chuping in AMJ and June (r values
between +0.67—+0.73). No significant negative correlation between yield and temperature
was observed.
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Figure 7. Correlation between yield and monthly and seasonal hydroclimatic indices for season 1. Statistically significant

correlation at p = 0.05 is demarked by *.

On the other hand, rainfall indices generally were negatively correlated with yield
throughout the season, contradicting the temperature indices. The strongest negatively
correlated indices were Pax at MADA 44 in March (—0.67) and Prean at MADA 24 of the
full season (MAM]J]J) (—0.66). Negative correlations were also found with the number of
rain days (DR1mm) over the mid- (AM]J) and full-cropping season (MAM]J]) at MADA12
(r=—0.59), and to a lesser extent, at MADA24 in June (r = —0.52). This contrasted with
the positive correlation with DR1mm in May at MADA44 (r = +0.60) and JPS (r = +0.51).
Nevertheless, they aligned with correlations in the opposite direction observed with the DD
indices. With the very wet days indices (D95p), correlations were generally negative, with
significant correlations observed at MADA12 (r = —0.54) and MADA24 (r = —0.52). Positive
but not significant correlations were found with D95p at JPS, which was in May-June in
the upstream. This station also produced the highest positively correlated rainfall index in
season 1 (dry season), i.e., with Rmean in May (r = +0.61).
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Meanwhile, the correlations between streamflow and yield were predominantly nega-
tive in the early season but turned positive in the late season. A moderately strong negative
correlation was found with Syean in March at —0.62, in contrast to a slightly weaker but
positive correlation with Spean in July at +0.56.

When all indices and all months were considered, the yield was better correlated with
the mean statistics than it was to the extreme statistics.

With the regression analysis, it was observed that March to May produced poorer
results for temperature (Figure 8) but better regression with the rainfall and streamflow
indices. The highest R? value of 0.45 in the early season was obtained with a negatively
correlated Rmax at MADA44 in March. Nevertheless, starting from June, temperature
indices illustrated higher R? values between 0.45-0.74, particularly for the minimum
temperatures from Alor Setar and Chuping, indicating their abilities to explain 45-74% of
the variance in the yield. The R? remained relatively high until the end of the season. The
regression values with the rainfall and streamflow indices declined during these months,
not exceeding 0.40 despite their moderate correlations with yield.
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Figure 8. Coefficient of determination from linear regression of yield against single-monthly and seasonal hydroclimatic

indices for season 1. Statistically significant regression at p = 0.05 is demarked by *.

The R? with the rainfall indices furthermore showed some spatial contrasts: rainfall
indices from stations located further north, i.e., MADA12 and MADA?24 were poorer
predictors of yield on the monthly basis, but this observation changed at the seasonal
scale. In contrast, monthly indices from MADA44 and JPS were better predictors compared
to their seasonal indices. This could be attributed to a higher interannual variability in
the indices derived from MADA12 and MADAZ24, compared to that in MADA44 and JPS
(refer to Figure 3). A poorer relationship with yields could therefore be related to the
more unpredictable monthly indices in the two stations located further north. Meanwhile,
streamflow indices were temporally inconsistent, indicating moderately good regression in
alternative months, yet poor R? from the season indices.

Overall, the results obtained from season 1 suggested that higher minimum tempera-
tures during the late stage of growth especially at Alor Setar had the strongest, positive
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control on the dry season yield. This was followed by higher rainfall amounts at the start
of the season that negatively impacted yield.

3.3. Hydroclimatic Controls on Yield in the Wetter Season 2

In season 2 (Figure 9), temperature indices continued to show correlations with yield,
albeit weaker. However, the only significant correlation found with a temperature index
was TNmax in January (r = +0.60).
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Figure 9. Correlation between yield and single-monthly and seasonal hydroclimatic indices for season 2. Statistically

significant correlation at p = 0.05 is demarked by *.

On the other hand, with rainfall, September indices were strongly and positively
correlated, while December indices were strongly but negatively correlated. The absolute
correlation values were the highest in the northernmost station MADA12, declining as
they move south (MADA24 and MADA44) and upstream (JPS) in the watershed. The
highest positively correlated rainfall index was D95p in September at MADA12 (r = +0.72).
Generally, positive correlations were observed with the very wet day indices between
September and November, although they were only significant in September with MADA12
(r = +0.72) and JPS (r = +0.53). Meanwhile the highest negatively correlated monthly
rainfall indices were Rmean and Rmax, also at MADA12 in December (r = —0.72). Negative
correlations were also found with D95p in December for all MADA12, MADA?24, and
MADAA44 stations (r from —0.53 to —0.59). Additional negative correlations were observed
with the number of rain days (DR1mm) over the entire cropping season (SONDJ) at
MADA12 and MADA44 (r = —0.51) and the mid-seasons (OND) in MADA24 and JPS
(r = —0.54 and —0.56, respectively).

With streamflow, the strongest positive correlation was observed with Spean in January
in season 2 (0.82). On the other hand, the strongest negative correlation was observed with
Smax in December in season 2 (—0.56), corresponding to the rainfall indices at MADA12,
MADA?24, and MADA 44.

The highest correlation with yield for season 2 was +0.82 with Spean at Kuala Nerang
in January. This was followed by D95p at MADA12 in September (r = +0.72) and Rpyax
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and Rpyean also at MADA12 in December (r = —0.72). The next strongest correlated indices
were again positive with Sp,i, and Smax in January (+0.65 and +0.71, respectively) and then
Rmean (MADA12), Smax, and Spean in September (r = +0.62).

In translating these indices results into R?, values ranging between 0.38-0.67 were
acquired (Figure 10), explaining up to two thirds of the variance in the yield. The best
simple linear regressions were achieved with streamflow indices. A temporal trend was
observed with the R? values which were high in September but declined towards December,
before increasing again in January. Further investigations of the climatological mean
streamflow showed overall lower values in September and January than the rest of the
season. This suggested that yield was more correlated and dependent on streamflow
during the hydrologically drier parts of the season. In January, which showed the strongest
correlation with yield, streamflow furthermore consisted of not only uncontrolled surface
runoff but was also based on contribution from dam releases from the upstream reservoirs.
This suggested that the explained variance in the yield was attributable to the dam releases.
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Figure 10. Coefficient of determination from linear regression of yield against single-monthly and seasonal hydroclimatic

indices for season 2. Statistically significant regression at p = 0.05 is demarked by *. In all, it could be inferred that higher

values of streamflow at both the beginning and the end of the season strongly and positively influenced the season yield,

while average and intense rainfall during the maturing period of the rice crop had an opposite impact, as did the number

of rainy days across the cropping season. On the other hand, temperature exerted a weaker control, as crops generally

contended with and adapted to the generally lower temperatures of the season.

3.4. Stepwise Regression and Forecast Skill

The stepwise regression on multiple indices for both seasons (Table 4) illustrated a
contradictory finding between the two cropping seasons. For season 1, the analysis only
slightly increased the R? from 0.74 to 0.75 (adjusted) by regressing against multiple indices,
while in season 2, a more substantial R? increase was observed from 0.67 to 0.84 (adjusted).
Yield in season 1 was contrastingly a combination of high minimum temperatures in the late
season and low mean seasonal rainfall, while yield in season 2 relied on higher streamflow
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in the late season (Smean in January) but lower mean rainfall in the preceding month (Rmean
in December) and more very wet days in the early part of the season (D95p in September).

Table 4. Simple and multiple linear regression equations and statistics.

S Simple Linear Regression Multiple Linear Regression
eason
Equation R?>  p-Value POD FAR RMSE Equation R?  Adjusted-R? p-Value POD FAR RMSE
Yield = + 0.54
s 11 TNmean_AS (Jun) +
Season  Yield =086 TN- 7, ¢ 10 049 0.25 TNmin_AS 0.80 0.75 <001 10 043
1(drier) mean_AS(Jun) (AM]) — 0.23 Rmean
MADA24 (MAM]])
Yield = + 0.46 Smean
Season Yield = 0.82 (Jan) — 0.40 Rmean
2(wetter) Smean (jan) 0.67  <0.01 1 0 0.56 MADA12 (Dec) + 0.29 0.87 0.84 <0.01 075 033 0.34

D95p MADAI12 (Sep)

The resulting parsimonious models were furthermore evidence of high multicollinear-
ity between different predictors. Particularly in season 1, the control on yield could mainly
be explained via simple linear regression on TNmean Alor Setar (June), as evidenced by only
a slight increase in the R?. The remaining unexplained variance might be attributable to
other non-weather factors. Furthermore, the additional predictor variables in both seasons
showed similarity in the timing of the influence, except for the odd D95p index in season 2.

A time-series comparison of the predicted versus the observed yields (Figure 11)
revealed a closer agreement for the multiple linear regression compared to the simple
linear regression, especially so for season 2. Nevertheless, the forecast statistics (Table 4)
revealed otherwise for season 2. A loss in detection skill for loss years was observed with
the multiple linear regression as indicated by lower POD and higher FAR compared to the
remaining models. This was possibly due to the combination of independent regressors
with indices and timing that was more mutually exclusive than those in season 1. The
more distinct indices in season 2 would have a higher interannual variability and a lesser
correlation with yield overall. Here, the lower volumetric error measured by the RMSE
hence did not directly imply better skill with loss detection.

a) Season 1

W Observed yield
@ Linear regression
B Multiple linear regression

-2

2001 2003 2005 2007 2009 2011 2013 2015

b) Season 2

2001 2003 2005 2007 2009 2011 2013 2015

Figure 11. Simulated versus observed yield in (a) season 1 and (b) season 2 using simple and multiple
linear regression. The standardised expected yield is 0.
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4. Discussion

In this section, we present a discussion of hydroclimatic controls in relation to various
stages of crop growth and possible governing mechanisms. Next, these were contrasted
between seasons and analysed with respect to the local climate.

4.1. Hydroclimatic Controls in Relation to Crop Phenological Stages

In this work, we found that correlation with yield was mostly positive and strongest
with minimum temperature (TN) indices. In season 1, the positive correlations coincided
with the rice growth stages of flowering and maturity, while in season 2, with the period
of rice maturity and harvesting. As average temperatures in season 1 declined towards
June and July in the Muda area, the abnormally low TNmean Was likely to slow rice growth
in the flowering and maturity stages. The flowering stage is the most sensitive stage and
can lead to crop loss when it reduces below 25 °C [48]. Furthermore, in the maturity stage,
a rise in temperature increases the rate of grain filling leading to a higher crop yield as
long as the temperature remains below 35 °C [49]. A similar effect of low temperature was
found in the index design for rice production in China [50]. However, the high-temperature
damage found in the same study was not apparent in our case study (only weak negative
correlation was present), possibly due to maximum temperatures rarely exceeding 35 °C
outside of the vegetative period in season 1.

Meanwhile, positive correlations were found between yield and rainfall mean indices,
as well as between yield and maximum indices in both season 1 and season 2. In season
1, they coincided with the late-stage vegetative rice growth stage (May) and reflected the
critical crop water demand during this period, which was higher than in the other rice
growth phases [40]. During the vegetative phase, water sufficiency increases the rate of
tillering, whereas water stress causes the opposite effect [51,52]. The wet day indices in May
were also positively correlated with yield in season 1 at MADA44 and JPS. By contrast, the
wet day indices showed no positive correlation with yield in season 2. This was possibly
due to the lower water demand and stress during the cooler, rainier season.

A positive correlation was observed between yield and streamflow throughout season
2 and in late season 1 (July). In both seasons, the strongest respective correlation occurred
in the month associated with the maturity stage of the rice crop. Rice crops are dependent
on water at field capacity during the entire growth phase. Hence, the strong correlation in
the late season might have less to do with the stage of growth but was more reflective of the
declining values in the streamflow during these months. This highlights the importance
of reservoir releases to support the generally drier conditions of the end of the season
and to sustain water in the rice paddy. In season 2, January Smean Was also the strongest
correlated with yield amongst all indices. Another possibility was that the higher than
climatological average streamflow in January could be due to delayed planting and harvest
and therefore delayed supplementary irrigation in some years. For other reasons related
to temperature and rainfall variability that would be elaborated upon later, higher yields
could have resulted.

More conspicuously, rainfall was negatively correlated with yield. The highest nega-
tively correlated monthly rainfall mean and maximum indices coincided with the planting-
to-vegetative phase (March, season 1) and the flowering-to-maturity phase (December,
season 2). The negative impact of rainfall on yield in the early part of the season could
stem from (1) disruption to land preparation activities and/or cultivation area loss [53] (2)
reduction in sunlight due to cloud cover that could lower the rate of tillering [51,54]. On
the other hand, its negative impact in the later growing periods could be attributed to the
disruption of the flowering and pollination processes [55], as well as direct damage due to
pluvial and fluvial flooding [24]. In the Muda area, historical reports have attributed losses
to direct damage to rice crops because of flood inundation over long periods. Specifically,
in the study area, fallen plants resulting from floods reduced the efficiency of harvesting by
mechanized equipment.
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In both seasons, negative correlations were also found with the number of rain days
over the entire cropping season and, therefore, all stages of growth. The converse was true
for dry days. These observations suggested that rainy days throughout the planting seasons
might be detrimental to crop growth. It might be related to the concurrent reduction in
solar radiation required for photosynthesizing new biomass. Moreover, rainfall is related
to changes in environmental conditions such as increased nutrient leaching from topsoil
and potentially limiting bio-uptake [56]. It also increases relative humidity, thus making
the environment conducive to pests such as the brown planthopper [57,58], leaf folder [59],
and white-backed planthopper [58,60].

The very wet day (D95p) statistics showed a contrasting trend of negative correlation
with yield in March of season 1 but a robust positive correlation in September of season 2.
Both seasons were related to the planting and vegetative growth stages. More very wet
days would reduce yield in season 1, but by contrast, the same was expected to increase
yield in season 2. A possible explanation for this was that these extreme events would
disrupt land preparation and planting, causing a shift in the growing period for the season.
While in season 1, this would result in a maturity phase and harvest in a period of lower
temperatures (temperatures continuously decline from the onset of season 1); in season 2,
this would result in more growth during periods of inclining temperatures (temperatures
start to increase from December to January near the end of season 2) and in the same way,
solar radiation. This mechanism only applied to very wet days in the early season, as
negative correlations to D95p indices were observed again later in season 2. During this
time, heavy rainfall days might be linked to losses by means of flooding damage.

To sum up, we hypothesize six primary mechanisms of hydroclimatic control on yield
in the study area: firstly, at planting, more very wet days cause delay to planting—the effect
on yield depends on the temperatures at the late season—which is positive if temperatures
incline but negative if temperatures decline. Secondly, during the vegetative period,
higher temperatures and sufficient rainfall but fewer very wet days improve tillering, thus
increasing yield. Thirdly, during the maturity periods, water is less critical to growth
compared to the vegetative and reproductive phase; on the contrary, excessive rainfall can
disrupt reproductive processes and cause direct damage due to flooding. Fourthly, more
frequent rainfall throughout the season may imply reduced solar radiation and nutrient
availability to drive growth, as well as more likely destruction by pests. Fifthly, optimal
temperatures are critical for growth throughout the season, and an abnormal decline would
negatively impact yield. Lastly, irrigation water availability influences yield when direct
rainfall is unable to fulfil the crop water demand.

4.2. Contrasting Hydroclimatic Controls on Yield between Dry and Wet Seasons

Our results illustrated a contrasting hydroclimatic influence on rice yields according to
season. While temperature had stronger influences in the dry, irrigated season 1, streamflow
had stronger influence in the wetter season 2. This might be explained by a stronger
temperature variability in season 1 compared to season 2. Between the seasons, rainy days
exhibited a stronger influence in the wet season compared to the dry season, as the lack of
radiation due to cloud cover in season 1 for driving growth was possibly compensated by
higher temperatures.

The contrasting controls were the result of climate drivers operating at larger scales.
Specifically, the April inter-monsoon period and the southwest monsoon governed the
weather variability in season 1, while the October inter-monsoon and northeast monsoon
regulated season 2.

In season 1, the inter-monsoon at the beginning of the season was characterized by
heavier convective rainfall, while the southwest monsoon beginning in May brought dry
spells. This might explain the negative correlation of rainfall in the early season but a
positive association in May. In season 1, although temperatures were higher and also
more variable, rice farming was heavily supplemented by alternative water supply, and
hence water availability did not present a limiting factor to crop growth despite higher
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evapotranspiration at higher temperatures. The optimized growth condition could explain
the much higher yield in season 1, i.e., 5215 to 6595 MT ha=! (median 6060 MT ha—!), than
in season 2, i.e., 3936 to 6452 MT ha~! (median 5386 MT ha~!). Additionally, the heavy
rainfall during the inter-monsoon might have an adverse effect on the vegetative growth
due to the lack of solar radiation and flooded conditions. Only during the drier period of
the southwest monsoon that rainfall started to show positive impacts.

On the other hand, in season 2, i.e., the wet season overlapped with the inter-monsoon
in October and the beginning of the northeast monsoon starting in November. During this
inter-monsoon period and the northeast monsoon, the temperature was consistently lower
throughout the season except in the late season and with higher but more variable rainfall
patterns, resulting in an overall lower yield compared to season 1. Under this environmen-
tal condition, however, rice growth seemed to embrace the lower temperatures, and water
availability became more limiting. These weather conditions explained the insignificant
correlations of temperature throughout the season. Instead, positive correlations to rainfall
in September was associated with relatively higher average rainfall, whereas negative
correlations to rainfall in December occurred as the average rainfall started to lessen as the
Northeast monsoon strengthened. Due to the lower temperatures of this season, too much
rainfall was detrimental to crop growth and especially during the drier period later in the
season. It was possible that during this time crop growth was trying to compensate for
the lack of radiation during the wetter early part of the season, and an uncharacteristically
wet late season (December) would hamper its progress. This view was strengthened by
the observation that both (1) higher streamflow as a result of higher reservoir releases
in January, and (2) higher rainfall in September were positively correlated with yield. A
backward shift to the growing season was inferred from the early season wet condition
and the very late season irrigation, benefiting from a maturity stage that extended into the
period when the season became drier and temperatures started to increase.

Our findings with rainfall effects on yield generally agreed with the findings on
rice cultivation in Thailand [61]; however, a positive effect instead of a negative effect of
temperature was found in our work. This is reasonable as even hydroclimatic controls
on yield can vary even within countries ([62], and references therein). Furthermore, it
may be that local temperatures are optimal for our local rice varieties. Our findings are,
moreovet, in line with previous findings of the negative control of mean rainfall and
positive control of mean temperature in Malaysia at the annual scale [63,64]. Lastly, while
drought specific indices have explained yield variabilities in drought-prone areas [62],
in our work, this effect is confounded by irrigation management. Correlations between
yield and rainfall have been observed to weaken where irrigation is a major contributor
to crop water demand [61]. Nevertheless, our analysis has shown that this is very context
specific, whereby the overall climatology and inter- and intra-seasonal variabilities of
various hydroclimatic parameters relevant for growth, and their derivative indices, need to
be considered more systematically and holistically.

5. Conclusions

A prior coarser-scale study linking yield to rainfall and temperature indices for differ-
ent planting zones across Malaysia identified suitable indices for two out of the five zones
investigated and had called for a more robust indices selection considering more weather
parameters [65]. In our study, the relationships between intra-annual hydroclimatic vari-
ability and rice yield were explored systematically in the Muda area. The results indicated
that different monthly statistics based on daily minimum and maximum temperatures,
rainfall, and streamflow were correlated with rice yields at different growing stages at
different seasons. Sunlight, temperature, and water are all drivers of plant growth, and
there exists a trade-off between water supply from direct rainfall, and temperature and
solar radiation throughout the planting seasons. As a result, the timing (in relation to crop
stages) and magnitude of the hydroclimatic indices critically influence overall crop growth.
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This study furthermore provides evidence that a consideration of multiple individ-
ual and combined hydroclimatic indices is essential in the construction of index-based
insurance schemes in areas with multi-season cropping being practised. While minimum
temperature is the dominant index for the drier season (season 1), it is streamflow proxying
for late-season reservoir releases for the wetter season (season 2), enhanced by rainfall. This
may run counter to possible preconceptions of seasonal influence on the yield; for example,
sufficient reservoir supply may be perceived to influence yield more in the dry season
compared to the wet season due to hydrological drought [24]. Here, the divergence in the
dry season may likely be due to adequate water demand management, in which there is a
high degree of built-in redundancy based on multiple irrigation water resources which are
centrally managed at the watershed scale. On the other hand, in the wet season, the reason
for the anomaly is that the water supply from the reservoir is still being depended upon
during the late stage of the wet season as rainfall and streamflow start to decline.

While hydroclimatic variability is beyond human control, reservoir releases to sustain
irrigation can form future operational strategies to mitigate the risk of yield losses. More
specifically, for developing weather index policy for the area, contracts based on monthly
minimum statistics of the minimum-temperature (e.g., [60]) and water-supply-based in-
dices (e.g., [22,23]) need to be paid attention to in addition to the more established use of
rainfall indices. Furthermore, the predictive power of the regression models substantially
varies between the dry and wet cropping seasons, and by the type of indices used in the
regression, but consideration of more than one predictor could improve the wet season
yield estimation. These compounded effects have not been well studied in the weather
index literature, which may be due to the difficulty of developing an indemnity structure
with more than one trigger.

Furthermore, the study illustrates the importance of considering the time aspect of
the indices as they relate to different phenological phases of plants in minimising basis
risk. Our findings clearly indicate that the indices influencing seasonal yield in the area are
well defined in time; hence, temporal basis risk in any insurance instrument based on these
indices can be adequately addressed by zooming into very specific time windows. Lastly,
understanding the processes underlying the results of correlation and regression as they
relate to crop phenological stages could help improve the transparency of weather index
construction and its acceptability by farmers and insurance providers. This is important,
as evidenced by poor uptake of the index insurance due to a lack of understanding of the
design in many different studies (e.g., [66—68]).

This study was limited to the understanding of the role of hydroclimatic indices.
The variability that was caused by other factors such as pests, nutrient management,
and planting dates could not be construed due to the sole reliance on the time series of
hydroclimatic parameters and crop yield. Furthermore, this study looked at the entire
agricultural production scale from a meso-/basin-scale lens, due to the data availability,
and did not attempt to formally address the third component of basis risk, i.e., spatial basis
risk [69], despite systematically addressing design and temporal basis risk. The study also
did not attempt to propose a contract design based on actuarial analysis. Future work can
improve on this study by looking at more refined scales, for example by analysing the yield
against hydroclimatic variability at smaller administrative scales.
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