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Abstract
Crop income can be raised in two ways: one way is to increase crop productivity and the other is to grow high-value crops 
that could be sold at high prices in the market. This study evaluated the adoption determinants of high-yielding varieties 
(HYVs) and high-value varieties (HVVs) of rice and their associations on crop income using data collected in coastal areas 
of the Ayeyarwady River delta, which is prone to climate shocks such as saltwater intrusion and cyclones. We used cross-
sectional data on 298 rice-producing households and 393 rice plots to conduct multinomial logit estimates, which revealed 
that the heights of the plots, and past exposure to saltwater intrusion negatively affected the adoption of HVVs. Our estimates 
also suggest that while the adoption of HYVs is not associated with high rice yield, income, or profit, HVV adoption is 
associated with high income and profit.
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Introduction

Poverty alleviation is one of the major goals of international 
development and foremost among the Sustainable Develop-
ment Goals (United Nations 2021). Although Myanmar has 
been experiencing rapid economic growth since the coun-
try’s “opening up” in 2011, it continues to report a high 
poverty rate, at 24.8% in 2017 (Asian Development Bank 
2021). The poverty headcount is 2.7 times higher in rural 
areas (30.2%) than in urban areas (11.3%) (World Bank 
2019). Given that 70% of Myanmar’s population lives in 
rural areas and most of them engage in agriculture, increas-
ing rural farmers’ income is imperative for eradicating rural 
poverty in Myanmar (International Rice Research Institute 
2020; United Nations Office for Project Services 2021).

There are two main ways to increase crop income. The 
first way is to improve land productivity, through means 
like the adoption of HYVs. Studies have shown that the 
adoption of improved varieties significantly increases yield 
(Villano et al. 2015; Zeng et al. 2015), and crop and house-
hold income (Bezu et al. 2014; Kassie et al. 2011; Khonje 
et al. 2015; Manda et al. 2019; Mathenge et al. 2014; Smale 
and Mason 2014; Verkaart et al. 2017; Villano et al. 2015). 
The second way is to cultivate high-value crops. With the 
growth of demand for high-quality food in developing coun-
tries (Banerjee et al. 2011), poor farmers are also exhibiting 
a preference for quality over quantity (Deaton and Drèze 
2009; Jensen and Miller 2008). Farmers producing high-
value crops could earn high net incomes. A growing body of 
literature has shown that the adoption of commercial crops, 
such as fruits, vegetables, and tobacco, has positive effects 
on household income and welfare (Briones 2015; Rao and 
Qaim 2011; Miyata et al. 2009; Narayanan 2014; Amare 
et al. 2019). Regarding staple crops, Minten et al. (2013) 
reported that the price premium of fine rice in Bangladesh 
mostly benefits the off-farm food sectors, such as millers and 
retailers; not much is received by the farmers.

Most studies have tended to focus on the adoption and 
effects of either HYVs or HVVs on incomes, but not both. 
Among the varieties available, farmers face multiple choices 
including local, high-yielding, or high-value varieties, and 
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the determinants of these choices need to be analyzed. To the 
best of our knowledge, no study has examined the determi-
nants of choice among the available varieties: local varieties 
(LVs), HYVs, and HVVs. Therefore, our study attempted 
to fill this gap in two ways. First, we examined the factors 
affecting multiple rice variety choices by utilizing cross-
sectional data collected in 2017 from the Ayeyarwady delta 
in Myanmar. Given the multiple choices, we employed mul-
tinomial logit regressions. Second, we attempted to quan-
tify the association of both HYVs and HVVs on rice yield, 
income, and profit. We adopt Oster’s methodology (2019) 
for evaluating robustness to omitted variable bias.

Rice varieties in Myanmar

Rice is the predominant cereal crop grown in Myanmar. As 
of 2019, rice production is estimated at about 90% of the 
total cereal production in Myanmar (Food and Agriculture 
Organization 2021). Rice is grown on 7.3 million hectares, 
or 60% of the country’s total cultivated area (Ministry of 
Agriculture, Livestock, and Irrigation 2019). Additionally, 
rice production employs 70% of the rural labor force (Min-
istry of Agriculture and Irrigation 2015). Therefore, yield 
and income enhancement of rice production are among the 
key factors of rural development, food security, and poverty 
reduction in Myanmar.

Although rice is the main agricultural crop in Myanmar, 
the country’s rice yield is not as high as other Southeast 
Asian countries. In 2019, Myanmar’s paddy yield was 
approximately 3.8 metric tons (MT) per hectare, whereas 
Vietnam and Indonesia’s yields were estimated at 5.8 MT 
and 5.1 MT per hectare, respectively (FAOSTAT 2021). 
To achieve sustainable development of the rice sector, the 
Ministry of Agriculture and Irrigation (MoAI)1 in Myanmar 
formulated a Myanmar Rice Sector Development Strategy 
(MRSDS) in 2015. MRSDS aims to make Myanmar a major 
contributor to regional and global food security by 2030, 
through the sustainable intensification of rice production. 
The sustainable increase in rice productivity is one of the 
10 key themes of MRSDS. To achieve this goal, MRSDS 
stresses the importance of breeding and promoting higher-
yielding and stress-tolerant varieties appropriate to farmer 
and market preferences (MoAI 2015).

Among HYVs, IR8, which was bred by the International 
Rice Research Institute (IRRI), was first introduced in Myan-
mar in the 1960s (Win 1991). Since then, the Department 
of Agriculture (DoA) of Myanmar and IRRI have developed 
many improved rice varieties and attempted to diffuse them 

among rice farmers in Myanmar (IRRI 2020). For example, 
IRRI released 74 new rice varieties by 2020 (IRRI 2020). 
These improved rice varieties are being used by 40–50% of 
the small-scale rice farmers in Myanmar (IRRI 2020).

The Ayeyarwady River delta is the largest “rice bowl” in 
Myanmar, with an area of 35,032  km2 (MoAI 2015). It has 
fertile soil and abundant rainfall that provide suitable condi-
tions for rice farming. This region, however, is rather vulner-
able to climate shocks, such as cyclones, floods, saltwater 
intrusion, and droughts (MoAI 2015; Thant et al. 2020). For 
example, Cyclone Nargis hit the Ayeyarwady River delta 
in 2008, killing 138,373 people and bringing catastrophic 
damage to the region (Swiss Reinsurance Company Ltd. 
2009). HYVs are planted in only 59% of the rice fields in 
the lower Ayeyarwady delta region, compared with 98% in 
the upper regions (Thant et al. 2020) and reflect the severe 
environmental conditions in the lower region. Thus, farm-
ers prefer LVs that have adjusted and adapted to the harsh 
local environments over time. In this study, we conducted a 
survey in the coastal areas of the lower Ayeyarwady River 
delta region, where flooding and saltwater intrusion are more 
severe compared with the other regions of the delta. Table 1 
shows that HYVs are planted in only 8.7% of all plots in the 
survey area. The HYVs (e.g., Ma Naw Thukha and Ma Naw 
Ha Ri) adopted by farmers in the survey area are not salinity- 
and flood-tolerant and are normally grown in upland areas. 
Therefore, whether HYVs would raise land productivity is 
an empirical question that we seek to answer, given the cli-
matically harsh environment in the low-lying, coastal areas 
of the Ayeyarwady River delta.

Improving rice yield is one way to increase rice farmers’ 
income. Another way is growing HVVs that could be sold 

Table 1  Rice varieties planted and their sales prices

MMK Myanmar Kyat

Name of rice variety No. of plots Sales price 
(MMK/kg)

HYVs
Ma Naw Thukha 22 5264
Ma Naw Ha Ri 6 5660
Other 6 5000
Total 34 5276
HVVs
Paw San 192 7242
Paw San Yin 21 6971
Total 213 7216
LVs
Kyauk Kyi 97 5725
Nga Sein 39 4805
Other 11 5733
Total 147 5549

1 Currently, it is called the Ministry of Agriculture, Livestock, and 
Irrigation (MoAI).
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at high prices and can be expected to bring high income. 
Paw San series rice2 is a very popular local high-quality rice 
variety, valued for its taste, fluffiness, texture, and aroma 
(Myint and Napasintuwong 2016). Paw San series rice was 
declared the world’s best rice at the World Rice Conference 
in 2011. As shown in Table 1, the farm gate price of Paw 
San series rice is about 1.3–1.4 times higher than LV and 
HYV average prices. However, the land productivity of the 
Paw San series rice is not as high as that of HYVs. Paw 
San series rice can be grown in flooded areas, but only with 
good water drainage. Paw San series rice is also difficult to 
grow in lowland areas without embankments because the 
water level is likely to remain stable even when the rains 
stop. Our study also aims to elucidate the empirical ques-
tion of whether planting HVVs, such as Paw San series rice, 
can lead to high incomes, given its low yield, and the harsh 
environmental conditions in the low-lying, coastal areas of 
the Ayeyarwady River delta. By utilizing data collected in 
the low areas of the Ayeyarwady River delta, we attempt 
to quantify the determinants of HYV and HVV (Paw San 
series rice) adoption and examine their effects on rice yield, 
income, and profit, in comparison with LVs.

Estimation strategies

Adoption determinants

We modeled the adoption decision regarding rice varieties 
in a random utility model following Ali and Abdulai (2010), 
Becerril and Abdulai (2010), and Crost et al. (2007). We 
categorized the rice variety choices into three categories: 
HYVs, HVVs, and LVs. These unordered multinomial out-
comes were based on each farmer’s choice. Uijk is the utility 
of adopting rice variety k by individual i on rice plot j. Fol-
lowing Cameron and Trivedi (2010), we set Uijk to be the 
sum of a deterministic component Vijk and an unobserved 
random component εijk.

where i = 1, …, I, j = 1, …, J, and k = 1, …, K. Model (1) 
is called a random utility model. Vijk could be expressed as 
follows.

xi is the vector of household-level case-specific regressors 
that explain farmers’ adoption decisions regarding the rice 

(1)Uijk = Vijk + �ijk

(2)Vijk = x�
ik
� + z�

ijk
�

variety to plant, including: sex, age, and years of school-
ing of the household head; household size; value of total 
assets; experience (number) of cyclones, drought, saltwater 
intrusion, and other disasters that affected crop production 
in the past nine years; and degree of risk tolerance. zij is the 
vector of plot-level case-specific variables, such as plot size, 
distance to river, distant to home, height of plot, access to 
irrigation, drainage, and public and private dikes.

The rice variety choice outcome dk would be realized 
if alternative k has the highest utility among other alterna-
tives, including alternative l. Cameron and Trivedi (2010) 
expressed this choice as follows.

We adopted a multinomial response model that accounted 
for several options to estimate model (2). We relied on the 
multinomial logit (MNL) model despite its very restrictive 
assumption of independence from irrelevant alternatives 
(IIA). This assumption states that adding another alterna-
tive or changing the characteristics of a third alternative 
does not change the relative odds between other alternatives 
(Wooldridge 2010). The multinomial probit (MP) model is 
an option because it does not require the IIA assumption. 
However, Cameron and Trivedi (2010) argued that the MP 
model is not ideal because its computation is often made 
infeasible by a computational burden,3 and the estimation 
results of the MNL and MP models are anyway quantita-
tively similar.4

Model (2) could be rewritten as follows (Cameron and 
Trivedi, 2010):

where pij is the probability of farm household i choosing 
rice variety k on plot j. This model ensures that 0 < pijk < 1 
and 

∑K

k=1
pijk = 1.

Farmers’ experience of climate shocks that affected their 
crop production in nine years represented one of the key var-
iables in our estimation. As explained in the “Rice varieties 

(3)

Pr
(

dij = k
)

= Pr
(

Uijk ≥ Uijl

)

, for all l

= Pr
(

Uijl − Uijk ≤ 0
)

= Pr
(

�ijl − �ijk ≤ Vijk − Vijl

)

= Pr
{

�ijl − �ijk ≤
(

xik − xil
)�

� +

(

zijk − zijl
)�

�

}

(4)pijk =

exp
�

x�
i
�k + z�

ij
�k

�

∑K

l=1
exp

�

x�
i
�l + z�

ij
�l

� ,

2 Paw San series rice includes Paw San, Paw San Gyi, Paw San Lat, 
and Paw San Yin. Their differences are based on the length of the 
growing period.

3 Given J options, the multinomial probit involves (J + 1) dimen-
sional integration, which has no closed-form solution and is difficult 
to compute (Cameron and Trivedi 2010; Wooldridge 2010).
4 The IIA test results showed that the IIA assumption was not vio-
lated in our estimation.
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in Myanmar” section, the Ayeyarwady River delta is known 
to be prone to climate shocks, such as flooding, saltwater 
intrusion, and drought. Studies have shown that exposure to 
weather shocks affects current agricultural technology adop-
tion decisions (refer to Alem et al. (2010) and Arslan et al. 
(2017) for evidence on Ethiopia and Tanzania, respectively). 
Using data from Ethiopia, Cavatassi et al. (2011) demon-
strated that farmers who had been exposed to moderate cli-
mate shocks tended to adopt early maturing, improved sor-
ghum varieties, whereas those who had experienced extreme 
weather events preferred to adopt landraces. Farmers regard 
landraces as more suitable for coping with severe downside 
risk compared with modern improved varieties. Given that 
the HYVs and HVVs adopted in the survey areas are not 
stress-tolerant varieties, we hypothesize that exposure to 
weather shock would negatively affect rice farmers’ deci-
sions to adopt HYVs and HVVs.

Another key variable is the degree of risk tolerance, 
which could affect the technology adoption decisions and 
behavior of rural farmers. Given the high climate risk in the 
Ayeyarwady River delta, risk-averse farmers could be more 
reluctant to adopt HYVs and/or HVVs. Holden and Quiggin 
(2017) showed that in the drought-prone areas of Malawi, 
more risk-averse households are more likely to drought-
tolerant varieties, less likely to adopt other improved maize 
varieties, and less likely to have dis-adopted traditional local 
maize. In the survey, we measured the degree of risk toler-
ance of rice farmers.5 Using this variable, we attempt to 
examine the relation between risk preference and the adop-
tion decisions of farmers regarding rice varieties. Addition-
ally, the inclusion of the degree of risk tolerance is expected 
to control for unobserved characteristics that may affect 
farmers’ rice adoption choices.

Association between the adoption of HYVs 
and HVVs, rice yield and income

Next, we sought to decipher the associations of adoption. We 
first hypothesize that HYVs would realize the highest rice 
yield, given their high-yielding traits. Second, we postulate 
that the adoption of HYVs and HVVs would yield higher 
rice income compared with LVs. To test these hypotheses, 
we specify the production function model as follows:

(5)yij = �dij + x�
i
� + z�

ij
� + �ij

where yij is either the log of rice yield (log of amount of rice 
harvested per acre),6 rice income (value of rice harvested 
minus cost of rice cultivation per acre), or rice profit (value 
of rice harvested minus all the costs evaluated at shadow 
prices per acre) of plot j belonging to household i. dij is 
a dummy variable for plot-level rice variety choice that is 
equal to 1 for HYVs (or for HVVs) and 0 for plots with 
other LVs.

The ordinary least squares (OLS) estimation of β is likely 
to be biased because unobservable variables such as innate 
farmers’ ability, farmers’ social networking, unmeasured 
wealth, and the soil quality of each plot could affect both rice 
variety choices and the outcome variables. To address this 
issue, we adopt the methodology developed by Oster (2019) 
for evaluating robustness and omitted variable bias; Oster’s 
(2019) methodology is an extension of the work of Altonji 
et al. (2005). This requires the assumption of proportional 
selection, which is the relationship between the treatment 
and unobserved variables that can be recovered, from the 
relationship between treatment and unobserved variables 
(Khan et al. 2019; Oster 2019).

Oster (2019) suggested two approaches to test robust-
ness. One is to calculate δ, the coefficient of proportion-
ality between observables and unobservables, to drive our 
estimated coefficients of treatment to zero. This can also 
be interpreted as the degree of selection on unobservables 
relative to observables that would be necessary to explain 
the result (Oster 2019). δ is defined as follows (Khan et al. 
2019):

where β° is the coefficient from the short regression of the 
outcome variable on treatment, and R° is the R-squared from 
that regression; 𝛽  is the coefficient from the regression of the 
outcome variable on treatment and all observed explanatory 
variables; R̃ is the R-squared from that regression; β* is the 
targeted value of the coefficient (that is zero in our case); and 
Rmax is the R-squared from a hypothetical regression of the 
outcome variable on treatment, all observed, and unobserved 
variables. Oster (2019) suggested Rmax = 1.3R̃ , and δ = 1 as 
an appropriate cutoff. δ = 1 indicates that the observables are 
at least important as the unobservables.

The other approach to the robustness test is to estimate 
a set of bounds for β (Oster 2019). One bound is 𝛽  which is 
the value of β when δ = 0, while the other bound is β* which 

𝛿 ≈

(

𝛽 − 𝛽∗
)(

R̃ − R
◦
)

(

𝛽
◦

− 𝛽
)(

Rmax − R̃
)

5 See “Appendix” for the details on how we measured risk tolerance.

6 To reflect the Cobb–Douglas production function, we take the natu-
ral log of the rice yield but not of the rice income and profit, because 
quite a few observations have negative indicators of rice income and 
profit.
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is the value of β when δ = 1 and R2 = Rmax. If these sets of 
bounds do not include zero, we conclude that our controlled 
coefficient is robust (Oster 2019).

We adopt both approaches in our study to test the robust-
ness of our estimates. Though this test is developed to 
explore causality, we interpret our results as deriving from 
association rather than causal impacts, because we cannot 
test the assumption of proportional selection.

Data and descriptive statistics

Data

This study relied on data collected in the Labutta Township 
of the Ayeyarwady Region in 2017. Labutta Township is one 
of the two townships in the Labutta District, which is located 
along the banks of the Yway River. Labutta Township was 
severely hit by Cyclone Nargis in 2008, resulting in exten-
sive damage. Thus, we expected the population in Labutta 
Township to be aware of the risks of natural disasters. The 

interview survey was conducted jointly by the Japan Inter-
national Research Center for Agricultural Sciences and 
Yezin Agricultural University. The survey team selected 10 
village tracts along the river mouth and randomly selected 
approximately 30 households in each village tract from the 
official list of land-owning rice farmers. The location of the 
surveyed village tracts is shown in Fig. 1. We conducted 
face-to-face interviews on rice production with the head of 
each household or another household member, if the head 
was absent, during February and March 2017.7 We inquired 
about the details of rice production in the cropping season 
of 2016. In total, we collected data from 304 households and 
562 rice plots. The survey data included detailed household 
and plot information on rice production, input use, yield, 
plot characteristics, demographics, education, and assets. As 
discussed in Carletto et al. (2013), self-reported land size 
often involves land measurement errors. Thus, we referred 

Fig. 1  Location of the surveyed 
village tracts in Labutta Town-
ship

7 We conducted interviews for households who submitted their writ-
ten informed consent only.
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to each plot size as listed in the official land registers. As we 
chose the sample households randomly from selected village 
tracts and since the outcome indicators in a village tract may 
correlate, we clustered standard errors by village tract in the 
estimation models (3) and (4).

To grasp locational relations between the farm plots, we 
recorded the distance from the nearest river or coast, to the 
homesteads of the locations of the 423 farm plots owned 
by 304 households, using high-resolution Google Earth 
images through the interview survey. Rivers were manually 
digitized from United States Geological Survey Landsat-8 
image data that were orthorectified and pan-sharpened at a 
spatial resolution of 15 m. We computed the distances from 
each farm plot to the nearest riverbank or coastal line using 
a GIS function that could find the shortest path between a 
point and a linear feature. The open-source QGIS was used 
to facilitate the GIS operation.

After merging household- and plot-level data from the 
interviews and GIS data, and cleaning the data, our obser-
vations reduced from 562 plots owned by 304 households 
to 393 plots owned by 298 households. The attrition rate 
of observations because of missing data was 30%, which 
is a large reduction. Thus, we conducted an attrition test 
and found that the attrition occurred nonrandomly. Hence, 
inverse probability weights were estimated based on the 
methods of Fitzgerald et al. (1998) and Wooldridge (2010) 
and used to control for potential attrition bias in all the 
regressions in this study. To eliminate outlier issues in 

explanatory and outcome variables, we winsorized all the 
values at the 99th percentile.

Descriptive statistics

We divided the sample households into three non-mutually 
exclusive categories: households that adopted HYVs on at 
least one plot, those that adopted HVVs on at least one plot, 
and those that adopted only LVs. Their characteristics are 
given in Table 2. The adoption of HYVs is not common in 
the survey area; only 11% of the households adopted HYVs 
on at least one of their rice plots. In contrast, the adoption of 
HVVs is common; more than 71% of the households adopt 
HVVs on at least one of their plots. About 22% of the house-
holds adopt only LVs on all their plots.

As shown in Table 2, the percentage of women-headed 
households is about 11%, the average age of household 
heads is 52 years, and the average number of years of school-
ing of the household heads was 6.2 years. Adopters of HYVs 
tend to have larger-sized households than those of LVs, 
although the difference in the number of working-age adults, 
defined as the number of household members between 15 
and 64 years, is not statistically significant. The average 
value of non-land assets is about 4.6 million Myanmar Kyat 

Table 2  Sample household characteristics

*** and ** indicate significance at 1% and 5%, respectively
We conducted significance testing of the differences in means between adopters of HYVs and those of only LVs, and adopters of HVVs and 
those of only LVs

Total Adopters of HYVs Adopters of HVVs Adopters of only LVs

Mean SD Mean SD Mean SD Mean SD

Number of households 298 33 212 65
Women-headed household (= 1) 0.11 (0.31) 0.12 (0.33) 0.11 (0.32) 0.09 (0.29)
Age of the household head (years) 52 (13.0) 52 (12.8) 52 (12.6) 52 (14.5)
Schooling years of the household head 6.2 (2.9) 5.9 (3.0) 6.2 (2.9) 6.0 (2.9)
Household size 4.2 (1.8) 4.8* (2.1) 4.2 (1.8) 4.1 (1.7)
Number of working adults (15–64 years 

old)
2.9 (1.3) 3.1 (1.3) 2.9 (1.4) 2.8 (1.1)

Value of non-land assets (MMK) 4,581,330 (6,102,034) 4,367,924 (3,109,478) 4,791,125 (6,894,754) 3,990,262 (3,424,265)
Experience of saltwater intrusion in the 

past nine years (frequency)
0.36 (0.48) 0.21*** (0.42) 0.33** (0.47) 0.51 (0.50)

Experience of cyclone in the past nine 
years (frequency)

0.44 (0.50) 0.36 (0.49) 0.43 (0.50) 0.46 (0.50)

Experience of drought in the past nine 
years (frequency)

0.48 (1.29) 0.55 (1.30) 0.51 (1.38) 0.34 (0.89)

Experience of other climate shocks in the 
past nine years (frequency)

1.73 (2.52) 1.85 (2.27) 1.82 (2.67) 1.40 (2.06)

Degree of risk tolerance (from 2 to 9) 2.13 (2.55) 2.48 (2.85) 2.28* (2.71) 1.71 (1.97)
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(MMK), which is approximately 3451 USD.8 Households 
that plant HYVs and HVVs experience significantly less 
saltwater intrusion into their farms than those that plant LVs 
only. Thus, the experience of saltwater intrusion may have 
affected the decision to adopt the rice seeds. Households 
that experienced saltwater intrusion may not have planted 
HYVs and HVVs to avoid the risk of being unable to recoup 
their investment. The scale of the degree of risk tolerance 
is from two to nine, with two indicating the most risk aver-
sion and nine indicating the least (most risk tolerant).9 The 
average degree of risk tolerance was 2.13, which indicates 
that most of the rice farmers in the survey areas are quite 
risk averse. Risk tolerance is the highest among adopters 
of HYVs and the lowest for those planting LVs only. This 
trend could indicate that the more risk-averse households 
preferred LVs, whereas the more risk-tolerant households 
preferred HYVs.

Table 3 compares rice plot characteristics, output, and 
input use between plots with HYVs, HVVs, and LVs in the 
wet season of 2016. Land size is significantly smaller for 
plots with HYVs, and significantly larger for those with 
HVVs than those with LVs. The heights of plots with HYVs 
and HVVs tend to be significantly higher than those with 
LVs. The low tolerance of HYVs and HVVs to flooding and 
saltwater intrusion compared with LVs may have influenced 
farmers’ choice in planting HYVs and HVVs in plots on 
higher grounds—to minimize plot submergence and salt-
water intrusion. The ratio of plots with public dikes is lower 
for plots with HYVs compared with other plots, though it 
is higher for those with HVVs among others. The survey 
revealed the quality of public dikes to be heterogeneous; 
these facilities might not have contributed to farmers’ deci-
sions to adopt HYVs.10 The ratio of plots with private dikes 
is the highest for plots with only LVs. The reason may be 
that these plots are in the especially low areas and farmers 
invest major effort to avoid plot submergence and saltwater 

Table 3  Characteristics of sample rice plots

*** and ** indicate significance at 1% and 5%, respectively
We conducted significance testing of the differences in means between plots with HYVs and those with only LVs, and plots with HVVs and 
those with LVs

Total Plots with HYVs Plots with HVVs Plots with LVs

Mean SD Mean SD Mean SD MEAN SD

Number of plots 393 33 213 147
Plot size (acres) 8.83 (6.20) 5.52** (3.84) 9.93*** (6.25) 7.98 (6.18)
Plot in a high location (= 1) 0.34 (0.47) 0.45*** (0.51) 0.43*** (0.50) 0.18 (0.38)
Irrigation (= 1) 0.28 (0.45) 0.18 (0.39) 0.27 (0.45) 0.31 (0.46)
Drainage (= 1) 0.45 (0.50) 0.30* (0.47) 0.47 (0.50) 0.46 (0.50)
Public dike (= 1) 0.55 (0.50) 0.21*** (0.42) 0.68*** (0.47) 0.46 (0.50)
Private dike (= 1) 0.17 (0.38) 0.15 (0.36) 0.13** (0.34) 0.23 (0.42)
Distance to the nearest river or coastal line (m) 934 (736) 693 (686) 974 (702) 932 (786)
Distance to homestead (m) 1202 (1105) 1570** (1338) 1212 (1134) 1106 (0.990)
Saltwater intrusion (= 1) 0.23 (0.42) 0.12** (0.33) 0.18*** (0.39) 0.31 (0.47)
Yield (kg/acre) 892 (347) 1059*** (426) 898 (329) 847 (344)
Rice income (MMK/acre) 114,148 (134,151) 86,733 (119,686) 147,516*** (133,857) 72,062 (124,890)
Rice profit (MMK/acre) 7439 (184,500)  − 24,132 (185,730) 53,063*** (177,026)  − 51,451 (177,701)
Amount of seed planted (kg) 19.7 (15.4) 22.5 (17.6) 18.8 (14.0) 20.5 (16.8)
Cost of chemical fertilizer (MMK) 265,045 (291,601) 405,818*** (385,476) 290,432*** (291,583) 196,657 (249,302)
Cost of other agro-chemicals (MMK) 6354 (34,689) 7167 (13,749) 7547 (41,984) 4442 (24,979)
Cost of harvest machinery (MMK) 363,277 (363,987) 366,182 (289,815) 368,573 (352,408) 354,950 (396,058)
Cost of hired labor (MMK) 414,129 (357,762) 402,666 (298,424) 414,672 (367,136) 415,916 (358,303)
Total days of family labor used 41.3 (67.63) 41.5 (61.67) 44.1 (72.50) 37.1 (61.53)
Total days of exchange labor used 104.2 (111.08) 96.9 (113.10) 98.8 (109.19) 113.7 (113.44)

8 We used the currency exchange rate as of January 27, 2021: 1 
MMK = 0.00075 USD.
9 The detailed description of the variable “risk tolerance” is provided 
in the “Appendix”.

10 In 2016, the local government started to construct new public 
dikes and/or carry out maintenance on public dikes. Thus, the situa-
tion in the survey areas may currently be better.
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intrusion. Additionally, the plots with HYVs tended to be 
nearer the river or coastal line and further from the home-
stead compared with plots planted with other varieties 
(Table 4).

As expected, rice yield is the highest for plots with HYVs 
(1059 kg/acre) and the lowest for plots with LVs (847 kg/
acre) among the household groups. Average rice income 
is the highest for plots with HVVs among other groups— 
twice as high as those with LVs. The average profits are 

Table 4  Adoption determinants of HYVs and HVVs: plot-level MNL estimates (marginal effect at means)

Standards errors, which clustered at the village level are in parentheses
All estimates are weighted by attrition weights
Village tract dummies are included in all estimations
***p < 0.01; **p < 0.05; *p < 0.1

LVs Adoption of HYVs HVVs

Plot size (acre)  − 0.033***  − 0.000005 0.033***
 − 0.009 (0.00002) (0.009)

Squared plot size (acre) 0.0006**  − 0.000001  − 0.001**
(0.0003) (0.000001) (0.0003)

Plot in a high location (= 1)  − 0.241*** 0.000141*** 0.240***
(0.047)  − 0.00004  − 0.047

Irrigation (= 1)  − 0.036  − 0.0002 0.037
(0.081) (0.0001) (0.081)

Drainage (= 1) 0.0006 0.0001*  − 0.001
(0.119) (0.0001) (0.119)

Public dike (= 1)  − 0.074  − 0.0004 0.074
(0.094) (0.0001) (0.094)

Private dike (= 1) 0.035  − 0.00001  − 0.035
(0.105) (0.00004) (0.105)

Distance to the nearest river or coastal line (m)  − 0.00002  − 0.00000003 0.00002
(0.00004)  − 0.00000003  − 0.00004

Distance to the homestead (m) 0.00001 0.0000001***  − 0.00001
(0.00003)  − 0.00000001  − 0.00003

Woman-headed household (= 1)  − 0.008  − 0.00007 0.008
(0.086) (0.00006) (0.086)

Age of the head (years) 0.003  − 0.000001  − 0.002
(0.004) (0.000001) (0.004)

Schooling years of the household head  − 0.007  − 0.000009 0.007
(0.0135) (0.000008) (0.014)

Number of working adults (aged 15–64 years)  − 0.026* 0.000009 0.025*
(0.0155)  − 0.00001  − 0.016

Value of non-land assets 0.00000002** 0.00000000001  − 0.00000002**
(0.00000001) (0.00000000001) (0.00000001)

Experience of saltwater intrusion in the past nine years 0.134**  − 0.00004  − 0.134**
(0.053) (0.00006) (0.053)

Experience of having cyclone in the past nine years 0.03  − 0.0001***  − 0.0298
(0.050) (0.00004) (0.050)

Experience of drought in the past nine years 0.04 0.00004  − 0.0403
(0.027)  − 0.00002  − 0.027

Experience of other climate shocks in the past nine years 0.005 0.000004  − 0.005
(0.015)  − 0.00002  − 0.015

Degree of risk tolerance (from 2 to 9)  − 0.012 0.00003*** 0.012
(0.015) (0.00001) (0.015)

Observations 393 393 393
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low, especially for plots with HYVs and LVs, because 
the shadow price of family labor could be overvalued. As 
Takahashi et al. (2019) noted, the accurate imputation of 
family labor costs is quite difficult, and negative profits are 
common owing to the overvaluation of family labor costs. 
They suggest that estimated profits could be used as ordinal 
numbers, instead of cardinal. The profits are the highest for 
plots with HVVs and lowest for those with LVs. Thus, eco-
nomic returns are the highest for groups that adopted HVVs. 
Regarding input use, the use of chemical fertilizer on the 
plots with HYVs is highest (53% more than the average) 
and that on LVs is the lowest (26% less than the average).

The simple tabulations presented in the descriptive 
analysis provide preliminary insights on adoption and out-
put determinants. We conduct multivariate econometrics 
analyses to draw inferences on the adoption determinants 
of HYVs and HVVs and their effect on rice yield, income, 
and profit.

Estimation results

Determinants of adoption of HYVs and HVVs

Table 4 presents the marginal effect at the means of MNL 
estimation. The base category is the adoption of LVs. The 
model fits the data well; the likelihood-tests, in which the 
coefficients of regressors were all jointly equal to zero, are 
rejected because the likelihood ratio chi-squared (56) equals 
199.31.

Plot size and squared plot size are statistically significant 
for the adoption of HVVs in the model, leading to a quad-
ratic relation between land size and the adoption of HVVs. 
The adoption rate would increase as land size increased up 
to a certain threshold, and then it would decrease. Although 
distance to the homestead, rice plots in high locations, and 
drainage of the plots, positively and significantly relate to 
the adoption of HYVs, the magnitude of the marginal effect 
at the means is quite small. While LVs are less likely to be 
planted in the rice plots in high locations, HYVs and HVVs, 
which are not salt and flood tolerant, are more likely to be 
planted in high locations. The planting of LVs on the plots 
in the lower areas, where flooding and saltwater intrusion 
could occur, may be part of the coping strategies of farmers. 
As mentioned, LVs have flood- and salt-tolerant traits. If 
the household has one more working adult, the probability 
of adopting HVVs is expected to increase by 0.025, and 
the probability of adopting LVs at its mean is expected to 
decrease by 0.026. Although the value of non-land assets 
was significantly and positively associated with LV adop-
tion, and negatively associated with HVV adoption, the 
magnitude of the coefficient was small.

The regression results confirmed that past exposure to 
climate shocks would discourage farmers from adopting 
HVVs. One more saltwater intrusion in their plots in the 
last nine years was likely to reduce the probability of adopt-
ing HVVs by 0.134 and to increase the of adopting LVs by 
0134. Having one more experience of a cyclone in the last 
nine years also decreased the probability of the adoption of 
HYVs but its magnitude was quite small. These estimation 
results support our hypothesis that past exposure to weather 
shocks would negatively affect rice farmers’ adoption deci-
sions, especially regarding HVVs. Previous research has also 
indicated that weather shocks negatively affect the adoption 
of agricultural technologies (Alem et al. 2010; Arslan et al. 
2017).

To capture the risk preference of rice farmers, we 
included the degree of risk tolerance in the model. A low 
value for the degree of risk tolerance indicated risk aver-
sion and a high-value indicated risk-seeking. The estima-
tion results demonstrated that more risk-loving farmers were 
more likely to adopt HYVs, though the magnitude of the 
effect was negligible.

Association between the adoption of HYVs 
and HVVs, rice yield, and income

Table 5 shows the effects of adoption of HYVs and HVVs on 
land productivity, measured by the log of rice yield per acre 
(in Column 1), rice income per acre (in Column 2), and rice 
profit per acre (in Column 3) on a rice plot in the wet season 
in 2016. Our variables of interest are dummy variables of 
the adoption of HYVs and HVVs, and the base category is 
that of LVs.

Our results indicate that the adoption of HYVs is not 
likely to be related to high yield and monetary returns. 
HYVs are not flood or salt tolerant and are supposed to be 
planted in the uplands. Hence, the current HYVs would be 
unable to live up to their potential in the low-lying, coastal 
areas of the Ayeyarwady River delta.

Although the land productivity of plots adopting HVVs 
is not statistically different from plots planted with LVs, the 
adoption of HVVs is associated with statistically higher 
income per acre by 43,154 MMK (equivalent to 26.2 USD) 
and higher profit per acre by 38,633 MMK (23.47 USD) 
than plots with LVs. The increases could be because of the 
high sales prices of HVVs. HVVs are likely to be the most 
profitable varieties in the survey areas.

Table 6 shows the results of two robustness tests to check 
for omitted variable bias. Column (5) shows an estimated δ 
such that delivers our estimated coefficients of treatment to 
zero. The value of δ of HVVs dummy in the second panel 
(estimation for rice income) is 2.008. This indicates that 
unobservable variables need to have 2.008 times more 
impact than control variables to drive the treatment effect 
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Table 5  Association of HYVs 
and HVVs and rice yield, 
income, and profit: plot level 
OLS estimates

Standards errors, which clustered at the village level are in parentheses
All estimates are weighted by attrition weights
Village tract dummies are included in all estimations
***p < 0.01; **p < 0.05; *p < 0.1

Variables Log of rice 
yield (kg/acre) 
(1)

Rice income 
(MMK/acre) (2)

Rice profit 
(MMK/acre) 
(3)

HYVs (= 1) 0.039  − 6065  − 764
(0.102) (10,974) (6980)

HVVs (= 1)  − 0.012 43,154*** 38,633**
(0.042) (11,157) (12,173)

Log of plot size (acre)  − 0.007 4023  − 3942
(0.018) (7186) (4357)

Plot in a high location (= 1) 0.075 13,217 10,569
(0.061) (10,277) (8824)

Irrigation (= 1) 0.024 10,986  − 7414
(0.077) (18,280) (19,265)

Drainage (= 1)  − 0.038  − 13,100  − 27,752*
(0.064) (14,635) (13,100)

Public dike (= 1) 0.043 7409 16,575
(0.119) (12,734) (15,062)

Private dike (= 1)  − 0.042 22,680** 19,364**
(0.099) (9285) (7901)

Distance to the nearest river (m) 0.000 11.471 6.909
(0.000) (7.777) (8.424)

Distance to the homestead (m)  − 0.00005**  − 6.161  − 2.187
0  − 5.439  − 5.917

Saline water intrusion in 2016 (= 1)  − 0.211**  − 20,505 6317
(0.076) (13,974) (14,157)

Woman-headed household (= 1) 0.043  − 27,780  − 32,965**
(0.074) (19,778) (14,287)

Age of the head  − 0.004*  − 124  − 504
(0.002) (600) (531)

Schooling years of the head  − 0.013  − 2438  − 3985
(0.009) (3404) (2486)

Number of working adults (age 15–64)  − 0.004  − 6260  − 5367
(0.018) (6103) (7575)

Log of value of non-land assets 0.087** 23,052** 28,197***
(0.034) (7908) (6355)

Experience of saltwater intrusion in the past nine years 0.046 2661  − 14,969
(0.062) (17,930) (16,190)

Experience of having cyclone in the past nine years 0.097* 21,315  − 5269
(0.048) (16,551) (13,616)

Experience of drought in the past nine years  − 0.014*  − 1076  − 5400**
(0.007) (2596) (2103)

Experience of other climate shocks in the past nine years  − 0.008  − 5778**  − 5644***
(0.009) (2119) (1598)

Degree of risk tolerance (from 2 to 9) 0.012 3656 1433
(0.011) (3309) (3315)

Constant 2.674***  − 217,464  − 255,621**
(0.453) (132,479) (105,703)

Observations 393 388 388
R-squared 0.227 0.271 0.289
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to zero. According to Oster (2019), since this value of δ is 
greater than 1, the estimates would be robust to the omitted 
variables. Similarly, the value of δ of HVVs dummy in the 
third panel (estimation for rice profit) is 2.349, which also 
indicates the effect would be robust.

Column (6) of Table 6 shows the coefficient bounds, 
which are calculated below 𝛽  and above β* based on Rmax, 
given that δ = 1 Oster (2019) discusses that if these coef-
ficient bounds do not contain zero, the estimate is robust to 
unobserved heterogeneity. For HVVs dummy in the second 
and third panels, both coefficient intervals do not contain 
zero, which also suggests that our estimates are robust.

Table 5 shows that saltwater intrusion into the plots in 
the 2016 cropping season is negatively associated with rice 
yield. The number of droughts experienced in the last nine 
years is negatively associated with rice yield and profit. 
Additionally, having experienced other climate shocks in 
the past nine years also has negative consequences for rice 
income and profit. This indicates that climate shocks are 
likely to relate to low rice yield, income, and profit.

Having private dikes in the plots has positive associa-
tions with rice income and profit, suggesting farmers’ efforts 
to prevent water intrusion might secure their rice income 
and profit. However, the drainage is negatively associated 
with rice profit, which implies that water drainage might 
not be effective in the survey areas. The value of non-land 
assets has a significantly positive association with rice yield, 
income, and profit. An implication is that the wealthier farm-
ers could conduct more profitable rice farming.11

Conclusion and policy implications

Among agricultural products, rice is the most highly cul-
tivated product in Myanmar. Increasing rice productivity 
and profitability is one of the most important means to 
improving rural households’ income and welfare. To raise 
crop income, farmers can increase their crop productiv-
ity and/or grow high-value crops. However, empirical 
research on the various choices of crop varieties, such 
as HYVs, HVVs, and LVs, remains scarce. Therefore, 
we focused on the adoption of HYVs to increase crop 
productivity and HVVs (Paw San series rice) to obtain 
high revenue. Our study attempted to quantify the adop-
tion determinants of HYVs and HVVs through the MNL 
model. We then assessed their association on rice yield, 
income, and profits, and conducted robustness tests to 
omitted variable bias by estimating Oster’s bias-adjusted 
treatment effect.

Our results show that farmers tend to plant HYVs and 
HVVs on plots in upland areas. Past exposure to climate 
shocks such as saltwater intrusion may negate farmers’ 
incentive to adopt HVVs. Thus, the rice variety choices 
of local farmers are rational and based on their knowl-
edge and experience—the HYVs and HVVs adopted in 
the survey areas are not salt and flood tolerant, whereas 
LVs are.

Contrary to the literature (e.g., Bezu et al. 2014; Villano 
et al. 2015), our estimation results suggest that the adoption 
of HYVs is not associated with high yield, income, or profit. 
The reason may be because of the overly harsh environmen-
tal conditions in the coastal areas of the Ayeyarwady River 
delta for HYVs, which are neither flood nor salt tolerant. In 
contrast, the adoption of HVVs is associated with high rice 
income and profit per acre. Thus, the adoption of HVVs 
could be an effective way to increase the income and profits 
of rice farmers in the low-lying, coastal areas in Myanmar.

Table 6  Estimation outcome of rice variety choices and Oster’s robustness tests

(3) ***p < 0.01; **p < 0.05; *p < 0.1
(5) δ is calculated as it produces β = 0 given Rmax that is calculated in each panel
(6) Coefficient bounds are below 𝛽  and above �∗ calculated based on Rmax given 𝛿 = 1

Outcome variables (1) Treatment variables (2) Estimated coef-
ficient (3)

S.E. (4) δ for β = 0 given 
Rmax (5)

Coefficient bounds (6)

Log of rice yield (kg/acre) HYVs (= 1) 0.039 0.102 0.627 (− 0.027, 0.039)
HVVs (= 1)  − 0.012 0.042  − 0.767 (− 0.032, − 0.012)

Rice income (MMK/acre) HYVs (= 1)  − 6065 10,974 0.455 (− 6065, 8460)
HVVs (= 1) 43,154*** 11,157 2.008 (29,205, 43,158)

Rice profit (MMK/acre) HYVs (= 1)  − 764 6980 0.064 (− 764, 12,815)
HVVs (= 1) 38,633** 12,173 2.349 (29,128, 38,633)

11 Utilizing the fact that there was a subset of households who 
planted HYVs (or HVVs) on one plot and LVs on a different plot, we 
estimated within-household plot-level fixed-effect models of (4) as a 
robustness check. Then we found that the qualitative results are like 
the results in Table 5.
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Although the adoption of HVVs seems profitable, farmers 
cannot plant them on all their plots because HVVs are also 
neither submergence nor salt tolerant. For farmers in the 
coastal areas or river areas without embankments, the only 
viable choices are the LVs, which are resistant to these con-
ditions. Thus, improving productivity and profitability of the 
paddy farms in the coastal areas in Myanmar would require 
the development of submergence- and salt-tolerant, high-
yielding and/or high-value rice varieties and diffuse them 
through extension. Another way is the development of good 
embankments, especially public dikes, and good drainage 
systems in the coastal areas to prevent saltwater intrusion. 
However, such infrastructure building would require care-
ful analysis of the cost versus the benefits. The diffusion of 
weather index insurance is another way to protect farmers 
from catastrophic weather shocks and can be expected to 
promote the adoption of modern agricultural technologies 
by farmers in areas vulnerable to weather shocks (Cole et al. 
2017; Freudenreich and Mußhoff 2017). More research is 
necessary to formulate effective and inclusive approaches to 
improving the productivity and profitability of rice farming 
in the low-lying coastal areas of Myanmar.

Appendix

To elucidate farmers’ risk preferences, we conducted one 
experimental exercise with the respondents. The game 
described below was hypothetical, and no actual payments 
were made to the respondents. The respondents were adult 
household members, often household heads who made 
the decisions regarding farming technology adoption. The 

experimental exercise is shown in Table 7 in “Appendix”.12 
We asked the respondents the following.

Please imagine you are given a chance to play a lot-
tery game as shown in Table 7 in “Appendix”. In the 
game, you roll a dice, and if it shows 1, 2, or 3, you win 
10,000 MMK; if it shows 4, 5, or 6, you lose and get 
only 2000 MMK. If you do no not play the game, you 
will receive the fixed amount specified in the cells in 
Table 7 in “Appendix”. Will you play the game or opt 
to receive the fixed amount of money?

In Game number 1, all the respondents must play the 
game since the lower payoff of the game was equal to the 
fixed amount, which indicates that respondents always have 
the chance to earn more by playing Game number 1, than 
choosing the fixed amount. Thus, the real choice experiment 
starts from Game number 2 and not from Game number 
1. Game 1 was included to check whether the respondents 
understood the game. We ran a series of games, from 1 to 
9, and determined when respondents switched from “yes” 
to “no.” We ensured that the respondents could not switch 
back from “no” to “yes.” Since the expected value of the 
game was always 6000 MMK, the risk-neutral respondent 
would switch from “yes” to “no” by game number 5 or 6. 
The risk-averse respondents would switch from “yes” to 
“no” before game number 5. The risk-tolerant respondents 
would switch from “yes” to “no” after game number 7. We 
used the switching point, which is from games 2 to 9, as the 
degree of risk tolerance. A higher number indicated higher 
risk tolerance.

The average number of switching points (degree of 
risk tolerance) was 2.13. Indeed, most of the respondents 
switched from “yes” to “no” by game number 2, strongly 
suggesting that most of the respondents were risk averse.

Acknowledgements This study was conducted with the benefit of the 
budget of the Japan International Research Center for Agricultural 

Table 7  Risk preference experiment

Game num-
ber

If you play the game, If you do not play, you will receive the 
following fixed amount (MMK)

Will you play the game?

You win if dice = 1, 2, 
3 (MMK)

you lose if dice = 4, 5, 
6 (MMK)

Yes, I will play 
the game

No, I will receive 
the fixed amount

1 10,000 2000 2000
2 10,000 2000 3000
3 10,000 2000 4000
4 10,000 2000 5000
5 10,000 2000 6000
6 10,000 2000 7000
7 10,000 2000 8000
8 10,000 2000 9000
9 10,000 2000 10,000

12 We refer to the experimental exercises in Tanaka et al. (2010) and 
Takahashi and Barrett (2013).
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Sciences (JIRCAS) project on “Climate Change Measures in Agricul-
tural Systems: Development of agricultural technologies for reducing 
greenhouse gas emissions and climate-related risks in developing coun-
tries.” This manuscript is the part of the Special Issue titled “Weather 
Index Insurance for Rice Farmers in Myanmar” in volume 19, issue 2, 
which was published in April 2021. We extend our sincere appreciation 
to Khin Lay Swe, Kyaw Ngwe, Myo Kywe, Soe Soe Thein, and Swe 
Swe Mar of the Yezin Agricultural University. They were supporting 
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ments and suggestions made by anonymous referees.
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