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a b s t r a c t 

Climate change and the consequent increase in the incidence of drought and flood will remain a major threat 

to smallholders. Hence, it is crucial to adopt an appropriate adaptation strategy to overcome this threat and 

increase farmers’ income. Because seed is a primary input, the adoption of stress-tolerant rice varieties is a 

potential mitigation strategy to combat climate risks. In this context, the present study is carried out among 

paddy farmers in the flood-prone region of Eastern India to understand the adoption and impact of submergence- 

tolerant rice variety Swarna-Sub1 on yield and income. The study reveals that the adoption of Swarna-Sub1 

varies significantly across eastern India. Education, primary occupation, credit, social group, cultivated land, and 

access to information on stress-tolerant rice varieties significantly influence the adoption decision. Endogenous 

switching regression estimates revealed that the expected paddy yield of Swarna-Sub1 adopters in an actual 

scenario and for non-adopters in a counterfactual scenario is significantly higher than for their counterparts. The 

average treatment effect confirms that the benefit of cultivating Swarna-Sub1 is much higher in submergence 

conditions than in normal conditions. An additional 19.0% and 48.2% of paddy yield and income is obtained 

respectively by cultivating Swarna-Sub1 in flooded conditions. 
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. Introduction 

The recurring incidence of flood and drought is the key reason of

rop loss, seasonal earnings instability, and poverty among smallholder

armers ( Arora et al., 2019 ; Mottaleb et al., 2015 ). Mainly, exposure

o these stresses is high because of poor access to irrigation and flood

ontrol infrastructure in developing countries ( Pingali et al., 2019 ). The

mpact of flood is more severe than that of drought. Flood not only

ffects crop production but also affects the livelihoods of people, affects

ivestock, damages household property, etc. ( Douglas et al., 2008 ). It is

rojected that extreme climate events will increase, such as the timing

f the onset of monsoon, intensity of rainfall, and frequency of flood

 Khan et al., 2009 ). This will adversely affect agricultural production

nd food security in the regions where poverty and food insecurity are

ommon ( Mackill et al., 2012 ). 

Flash flood distresses approximately 16% of the world’s paddy area

y frequent submergence ( Dar et al., 2018 ). Majority of the rice farmers

esiding in rainfed areas of India are in absolute poverty ( Veettil et al.,

021 ; Ismail et al., 2013 ). Still, large number of rural population in In-

ia depends on agriculture for its livelihood. India’s agricultural sector

ontributed approximately 18% of the gross domestic product in 2018

nd plays a vital role in the development of the country. A clear trend of
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ncreased paddy productivity has been witnessed in India over the years.

t the same time, it is observed that the rice production environment

s sensitive to climatic fluctuations ( Duncan et al., 2017 ). Agriculture

s predominantly vulnerable to floods, approximately 33% of the cul-

ivable area is flood-prone in India ( Ranuzzi and Srivastava, 2012 ). 

The Green Revolution introduced high yielding varieties of rice and

heat to increase the food production and achieve self-sufficiency, ac-

ordingly it contributed to alleviating hunger and poverty in the irriga-

ion areas ( Nelson et al., 2019 ). However, the Green Revolution was not

argeted to rain-fed areas prone to flood and drought, where the food

nsecurity and poverty is severe ( Pingali, 2012 ). The adoption of stress-

olerant rice varieties (STRVs) could be one of the major risk adaptation

trategies to overcome the challenges of low productivity in flood-prone

reas, and to improve seasonal earnings for the marginal communities

hat predominantly depend on paddy cultivation for their livelihood

 Veettil et al., 2021 ). 

. Flood and rice cultivation 

In the midst of changing climate, flood is one of the major climate

vents that significantly restrain rice production in India. Most paddy

arieties can withstand submergence for around a week and this results
bruary 2022 
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Table 1 

Sample used in the analysis. 

State Villages Households 

Assam 155 1544 

Odisha 160 1600 

West Bengal 160 1600 

Total 475 4744 

Source: Household survey, 2016. 
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1 During the household survey, 5 sample villages are flooded and there was 

no connectivity for a longer period. Due to logistic reasons, these villages were 

dropped from the survey. 
2 Before the farm household survey, a census of all selected villages in the 

study region was conducted (17866 households in Assam, 30719 households in 

Odisha, and 44455 households in West Bengal). 
3 In India, a caste system is a closed social stratification and occupational 

transmission through generations, an individual status in society is based on the 
n nearly 50% crop loss ( Nguyen, 2012 ). But, if the paddy crop is sub-

erged for 14 days, this will result in 100% crop loss ( Ismail et al.,

013 ). Approximately 80% of the paddy-producing areas in Eastern In-

ia are rainfed, suffering from either excess rainfall leading to flood or

 shortfall in rainfall leading to drought ( Aryal et al., 2019 ). Approx-

mately 27% of the paddy-producing areas in Odisha suffer from sub-

ergence of the crop, and 40% in Bihar and West Bengal (ibid). 

Almost 30% of paddy area is prone to flash flood in India, with an

verage yield of only 0.5 to 0.8 t/ha in India ( Bhowmick et al., 2014 ).

addy is mainly cultivated in one ( kharif ) season in India, particularly

n the states of Assam, Chhattisgarh, Jharkhand, and Odisha. Given the

requent flood incidence, some farmers keep their cultivable land fallow

n the eastern part of the country ( Singh et al., 2016 ). This leads to

ecreased income, food insecurity, and increased vulnerability for those

epending primarily on farming ( Somanathan and Somanathan, 2009 ).

he frequent flood decreases farm income, that discourage farmers to

est any newest technologies including the adoption of new varieties

 Dar et al., 2017 ). 

India is home for 86% of small and marginal farmers owning 47%

f the total cultivable land. Approximately 67% of the rural popula-

ion in India lives in severe poverty and mainly depends on agriculture

 Bisht et al., 2020 ). The adverse impact is more on these farmers be-

ause of extreme climate events. Henceforth, innovative research has a

igh priority given the adverse consequences and susceptibility in agri-

ulture brought about by climate stresses. A Hattori et al. (2009) study

trongly suggests that the development of STRVs can enhance paddy

roduction in flood-prone areas. For example, Scuba rice (flood-tolerant

arieties) can withstand 17 days of full submergence and yield up to

 t/ha under flash flood in Bangladesh ( Dar et al., 2017 ; Singh et al.,

009 ). To increase the paddy yield under submergence conditions in

ndia, a variety ‘Swarna-Sub1’ is developed by breeders at the Inter-

ational Rice Research Institute (IRRI) in 2009 ( Veettil et al., 2021 ;

regorio et al., 2013 ). This variety can withstand a submergence for

4 days, and under normal conditions, in comparison with other vari-

ties, there are no significant differences in agronomic performance and

rain yield ( Neeraja et al., 2007 ; Sarkar et al., 2006 ). Under the National

ood Security Mission (NFSM) of the Government of India, Swarna-Sub1

eed was distributed in its Eastern India programs during the year 2010

 Yamano et al., 2015 ). The present study analyzes farmers’ choice of

warna-Sub1 as a coping strategy against flood risks. 

. Methods and materials 

.1. Study area 

The present study was carried out in three eastern states of India:

ssam, Odisha, and West Bengal. Rice is the primary crop in the study

rea, where the incidence of flood is a frequent and common phe-

omenon. Rice occupies around 55% of the gross cropped area in As-

am ( Phukan, 2016 ). On average, 40% of the total land in Assam is

ood-prone, which is 9.4% of the flood-prone regions of the country

ibid). Flood in the early season mostly damages autumn rice, however

ood occurring late in the season damages the standing winter paddy

 Mandal, 2014 ). 

Odisha is located in the eastern part of India. Drought and flood oc-

ur frequently in Odisha. The districts prone to frequent drought also

ncounter increasing number of floods ( Ranuzzi and Srivastava, 2012 ).

rom 2001 to 2008, around 0.9 million hectares of rice area were af-

ected by the flood and submergence (GoO, 2013 ). In West Bengal, 80%

f the rainfall received during June to September ( Laha et al., 2014 ). Ap-

roximately 10.5% of the gross rice cropped area is under flood-prone

egions in West Bengal, and the lowest average paddy yield obtained in

he region is 1.9 t/ha ( Adhikari et al., 2011 ). 

The study areas, Assam, Odisha and West Bengal contributes nearly

7.5% of the country’s total paddy area and production in the year

015–2016 ( Veettil et al., 2021 ). Approximately 30% of the total paddy
2 
rea in the study region have experienced a flood in the 2015 kharif sea-

on (ibid). About, 88.2% of the total paddy area in Assam was affected

y flood, followed by Odisha (27.0%) and West Bengal (5.0%). 

According to the Ministry of Agriculture and Farmers’ Welfare, Gov-

rnment of India, an average paddy yield in West Bengal is 2.74 t/ha,

hich is above the national average of 2.30 t/ha. The paddy yield in

he states of Assam and Odisha is very low at 1.91 t/ha and 1.37 t/ha,

espectively. However, average yield in the flood-prone areas is much

ower than the state average. Hence, it is important to address this low

roductivity in the states where extreme climate events are common to

ake progress for the livelihood of the farmers and enhance production

o feed the increasing population. 

.2. Data and sampling 

Flood-prone districts were identified with the help of the remote-

ensing crop monitoring team at the International Rice Research Insti-

ute. From the identified flood-prone regions, 160 villages each in three

tates were selected randomly (a total of 480 villages). This included

55 villages 1 from 19 districts in Assam, 160 villages from 13 districts

n Odisha, and 160 villages from 9 districts of West Bengal. Using the

armers list from a census survey, 2 10 rice-farming households from each

illage were randomly selected for a detailed survey, adding up to a total

f 4750 households. 

A detailed household survey was implemented immediately after

arvesting the paddy crop of the 2015 kharif season. The data collec-

ion was carried out from December 2015 to March 2016. The sample

sed in the analysis is shown in Table 1 . 

.3. Information on sampled households 

The socioeconomic characteristics of Swarna-Sub1 adopters and non-

dopters are presented in Table A.1 . On average, 96% of the households

re male-headed, with an average size of five members. Average age of

he head is 50 years, mostly married, and having 27 years of experience

n rice cultivation ( Veettil et al., 2021 ). Two-thirds of the household

eads are literate with primary and secondary school education. We

bserved that the proportion of non-adopters in the non-literate group

s higher than that of adopters, but lower in the high education group

college graduate). The contribution of household income from farming

s 43% for the adopter group and 32% for the non-adopter group, in-

icating a high dependence on agriculture by adopters. After farming,

on-agricultural labor and self-employment are the major livelihood op-

ions, for which the involvement and contribution to household income

re higher in the non-adopter group. 

Adopters and non-adopters differ significantly in terms of social

tructure (caste composition) 3 , land ownership, and cultivation behav-
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Table 2 

Conditional expectations, treatment, and heterogeneity effects. 

Swarna-Sub1 Decision stage Treatment 

effect 
To adopt Not to adopt 

Adopters (i) E ( Y 1i / SS1 i = 1 ) (iii) E ( Y 2i / SS1 i = 1 ) TT 

Non-adopters (iv) E ( Y 1i / SS1 i = 0 ) (ii) E ( Y 2i / SS1 i = 0 ) TU 

Heterogeneity effects BH 1 BH 0 TH 

Note: Y 1i = paddy yield of the household decision to adopt Swarna-Sub1 and 

Y 2i = paddy yield of the household decision to not adopt Swarna-Sub1. 
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or. Adopters are dominated by backward caste groups (other backward

aste 45% and scheduled caste 18%) whereas non-adopters mostly be-

onged to the forward caste (46%). This can be attributed to the fact

hat majority of marginal land is owned by the backward caste groups

nd comparatively higher flood-prone area is observed amongst them.

oreover, the social welfare schemes in India have a specific target on

arginal people, and thus backward caste groups are more likely to be

enefited in the programs. Adopters possess more land (31%) and cul-

ivate more area (35%) than non-adopters. Further, adopters cultivate

hree rice varieties, which is one more than non-adopters. We also ob-

erved that a higher exposure of non-adopters to flood than adopters

learly showed the need for a detailed investigation of STRV adoption

ehavior in the region. 

. Empirical procedure 

.1. Stochastic frontier model 

To estimate the adoption of STRV on production efficiency, we test

hether adoption of Swarna-Sub1 significantly improves the technical

fficiency of agricultural production using a frontier production func-

ion. The Cobb ‒Douglas stochastic frontier model is widely used in

gricultural studies to measure technical efficiency ( Radhakrishnan and

as, 2019 ; Islam et al., 2016 ; Rajendran, 2014 ; Baten and Hos-

ain, 2014 ). Technical efficiency denotes the ability to produce an opti-

al output with minimum input use under certain production technol-

gy ( Farrell, 1957 ). The stochastic frontier model is specified as 

𝑛 𝑌 1 = 𝛽0 + 𝛽1 𝐿𝑛 𝑋 1 + …+ 𝛽8 𝐿𝑛 𝑋 8 + 𝛽9 𝑋 9 + 𝛽10 𝑋 10 + 𝑉 𝑖 − 𝑢 𝑖 (1)

here 𝐿𝑛 is the natural log, Y = paddy yield (t/ha); 𝛽1 to 𝛽8 are the

egression coefficients of the input (paddy area, seed, chemical fertilizer,

esticide, irrigation, male labor, female labor, and machinery) variables

sed in model 1; 𝛽9 to 𝛽10 are the regression coefficients of the non-

nput (Swarna-Sub1 cultivation and rice plot experienced submergence)

ariables used in model 2 along with input variables (see Table 3 ); 𝑉 𝑖 
s the noise term in the production (random term normally distributed)

nd 𝑢 𝑖 is a non-negative technical in-efficiency of the i th farmers. The

ummary statistics of the variables are shown in Table A.2 . 

Following Islam et al. (2016) and Coelli et al. (2005) , the technical

fficiency score for the i th paddy farm ( 𝑇 𝐸 𝑖 ) is calculated as the ratio of

bserved output to the corresponding frontier output, which is specified

s 

 𝐸 𝑖 = exp 
(
− 𝑢 𝑖 

)
(2)

here 𝑇 𝐸 𝑖 is the technical efficiency of the paddy farm (0 < TE < 1).

hen 𝑢 𝑖 = 0 , the i th paddy farm lies on the frontier is technically effi-

ient. If 𝑢 𝑖 > 0 , the i th paddy farm lies below the frontier is technically

nefficient. 

.2. Endogenous switching regression 

The decision on whether to adopt or not to adopt climate smart va-

iety, Swarna-Sub1 by the farm household is based on the perceived net

enefit that s/he can achieve. Under a random utility theory, a deci-

ion on the adoption of Swarna-Sub1 will take place if the net bene-

t is positive ( Veettil et al., 2021 ; Bidzakin et al., 2019 ; Abdulai and
aste into which s/he is born ( Debnath et al., 2015 ). A caste system in India 

olds a characteristic such as occupational specialization, purity scale, hierar- 

hy, commensality and ascription ( Freitas, 2006 ). For administrative purpose, 

aste is categories into four groups (low to high status), (i) scheduled tribes is 

 list of marginalized tribal communities, (ii) scheduled castes is a listing of 

ormerly untouchable and lowest ranked group, (iii) other backward castes is a 

ollection of low to middle-ranking castes and communities, and (iv) everyone 

lse is clubbed into a residual category called “general/forward ”, which is used 

s a proxy for upper-castes. 

(

𝐸  

W  

𝜖  

T  

a  

y

 

l

3 
uffman, 2014 ; Asfaw and Shiferaw, 2010 ). The selection equation for

warna-Sub1 adoption is specified as 

 𝑆 1 ∗ 
𝑖 

= 𝜓 𝑊 𝑖 + 𝜖𝑖 𝑤𝑖𝑡ℎ 𝑆 𝑆 1 𝑖 = 

{ 

1 𝑖𝑓 𝑆 𝑆 1 ∗ 
𝑖 
> 1 

0 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (3)

The adoption of Swarna-Sub1 takes value equals to one and non-

doption takes value equals to zero. Where 𝑆 𝑆 1 ∗ 
𝑖 

is the unobservable

ariable for Swarna-Sub1 adoption, 𝑆 𝑆 1 𝑖 is the observable counterpart.

 𝑖 are the vector of explanatory variables affect the Swarna-Sub1 adop-

ion, 𝜖𝑖 is an error term with mean (0) and variance ( 𝜎2 
𝜖
). 

The decision to adopt or not to adopt Swarna-Sub1 is influence by the

utcome variable, paddy yield in the study. To address the unobservable

election bias, endogenous switching regression is used to estimate the

utcome variable of two regimes ( Bidzakin et al., 2019 ; Tesfaye and

irivayi, 2018 ; Abdulai and Huffman, 2014 ; Asfaw and Shiferaw, 2010 ).

hat is, Swarna-Sub1 adopters in Regime 1 and non-adopters in Regime

 as follows 

𝑒𝑔𝑖𝑚𝑒 1 ∶ 𝑌 1 𝑖 = 𝑊 1 𝑖 𝜙1 + 𝜖1 𝑖 𝑖𝑓 𝑆 𝑆 1 𝑖 = 1 (4)

𝑒𝑔𝑖𝑚𝑒 2 ∶ 𝑌 2 𝑖 = 𝑊 2 𝑖 𝜙2 + 𝜖2 𝑖 𝑖𝑓 𝑆 𝑆 1 𝑖 = 0 (5)

here 𝑌 1 𝑖 and 𝑌 2 𝑖 represents the paddy yield of Swarna-Sub1 adopters

nd non-adopters; Similarly 𝜙 are vectors of explanatory variables to

e estimated and assumed to be weakly exogenous. The error terms are

ssumed to have a trivariate normal distribution, with zero mean and

on-singular covariance matrix ( Bidzakin et al., 2019 ; Tesfaye and Tiri-

ayi, 2018 ; Abdulai and Huffman, 2014 ; Asfaw and Shiferaw, 2010 ). 

.2.1. Treatment effects 

Subsequently, after estimating the endogenous switching regression

odel, conditional expectation of paddy yield can be obtained from dif-

erent scenarios ( Tesfaye and Tirivayi, 2018 ; Asfaw and Shiferaw, 2010 )

s follows 

Swarna-Sub1 adopters: 

( 𝑦 1 𝑖 |𝑆 𝑆 1 𝑖 = 1) = 𝑊 1 𝑖 𝜙1 + 𝜎1 𝑝 1 𝑍 1 𝑖 . (6)

Swarna-Sub1 non-adopters: 

( 𝑦 2 𝑖 |𝑆 𝑆 1 𝑖 = 0) = 𝑊 2 𝑖 𝜙2 + 𝜎2 𝑝 2 𝑍 2 𝑖 (7)

Swarna-Sub1 adopters, had they made a decision not to adopt (coun-

erfactual): 

( 𝑦 2 𝑖 |𝑆 𝑆 1 𝑖 = 1) = 𝑊 1 𝑖 𝜙2 + 𝜎2 𝑝 2 𝑍 1 𝑖 (8)

Swarna-Sub1 non-adopters, had they made a decision to adopt

counterfactual): 

( 𝑦 1 𝑖 |𝑆 𝑆 1 𝑖 = 0) = 𝑊 2 𝑖 𝜙1 + 𝜎1 𝑝 1 𝑍 2 𝑖 (9)

here, 𝑝 1 is the correlation coefficient between 𝜖1 and 𝜖, 𝑝 2 between

2 and 𝜖, 𝑍 1 𝑖 = 𝑓 ( 𝜓 𝑊 𝑖 )∕ 𝐹 ( 𝜓 𝑊 𝑖 ) and 𝑍 2 𝑖 = 𝑓 ( 𝜓 𝑊 𝑖 )∕[ 1 − 𝐹 ( 𝜓 𝑊 𝑖 ) ] . From

able 2 , (i) and (ii) represent observed paddy yield of Swarna-Sub1

dopters and non-adopters; (iii) and (iv) represent counterfactual paddy

ield of Swarna-Sub1 adopters and non-adopters. 

Following Heckman et al. (2001) and Di Falco et al. (2011) , the fol-

owing treatment effect is estimated 
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Treatment effect on the treated (TT) is calculated as the deviation

mong observed paddy yield of Swarna-Sub1 adopter and its counter-

actual scenario (deviation between i and iii in Table 2 ) as follows 

 𝑇 = 𝐸( 𝑦 1 𝑖 |𝑆 𝑆 1 𝑖 = 1) − 𝐸( 𝑦 2 𝑖 |𝑆 𝑆 1 𝑖 = 1) = 𝑊 1 𝑖 ( 𝜙1 − 𝜙2 ) 

+ 

(
𝜎1 𝑝 1 − 𝜎2 𝑝 2 

)
𝑍 1 𝑖 (10) 

Treatment effect on the untreated (TU) is calculated as the deviation

mong observed paddy yield of Swarna-Sub1 non-adopters and its coun-

erfactual scenario (deviation between ii and iv in Table 2 ) as follows 

 𝑈 = 𝐸( 𝑦 1 𝑖 |𝑆 𝑆 1 𝑖 = 0) − 𝐸( 𝑦 2 𝑖 |𝑆 𝑆 1 𝑖 = 0) = 𝑊 2 𝑖 ( 𝜙1 − 𝜙2 ) 

+ 

(
𝜎1 𝑝 1 − 𝜎2 𝑝 2 

)
𝑍 2 𝑖 (11) 

.2.2. Heterogeneity effects 

The effect of base heterogeneity for the household decision to adopt

warna-Sub1 (BH1) is a deviation between i and iv in Table 2 as follows 

𝐻1 = 𝐸( 𝑦 1 𝑖 |𝑆 𝑆 1 𝑖 = 1) − 𝐸( 𝑦 1 𝑖 |𝑆 𝑆 1 𝑖 = 0) = 

(
𝑊 1 𝑖 − 𝑊 2 𝑖 

)
𝜙1 𝑖 

+ 𝜎1 𝑝 1 
(
𝑍 1 𝑖 − 𝑍 2 𝑖 

)
. (12) 

The effect of base heterogeneity for the household decision not to

dopt Swarna-Sub1 (BH2) is a deviation between iii and ii in Table 2 as

ollows 

𝐻2 = 𝐸( 𝑦 2 𝑖 |𝑆 𝑆 1 𝑖 = 1) − 𝐸( 𝑦 2 𝑖 |𝑆 𝑆 1 𝑖 = 0) = 

(
𝑊 1 𝑖 − 𝑊 2 𝑖 

)
𝜙2 𝑖 

+ 𝜎2 𝑝 2 
(
𝑍 1 𝑖 − 𝑍 2 𝑖 

)
. (13) 

Transitional heterogeneity (TH) is the deviation between the treat-

ent effect of the treated (TT) and the treatment effect of the untreated

TH) is shown in Table 2 . 

. Results and discussion 

The results section is categorized into two sub-sections. First is

warna-Sub1 adoption and technical efficiency of paddy cultivation.

econd is the impact of Swarna-Sub1 on its yield and income. 

.1. Swarna-Sub1 adoption and technical efficiency 

.1.1. Swarna-Sub1 adoption 

Figure 1 reveals that the adoption of Swarna-Sub1 varies signifi-

antly across the study area. The adoption rate is higher in Odisha,

ith 16.7% of the sampled households cultivating the variety during

he 2015 kharif season. A total of 4.2% of the household cultivated it in

est Bengal and the adoption rate was negligible in Assam. Every alter-

ative adopter reported the reason for selecting Swarna-Sub1 as mainly

ts characteristic of submergence tolerance and one-third reported the

eason as good crop yield. 

.1.2. Technical efficiency of paddy cultivation 

Technical efficiency is estimated using the Cobb–Douglas stochastic

rontier production function for major paddy varieties cultivated in the

tudy area. The estimates of stochastic frontier production are presented

n Table 3 and the ordinary least squares (OLS) estimates are presented

n Table A.3 . The dependent variable used is paddy yield (production

er hectare). We used Swarna-Sub1 cultivation (takes the value equals

o 1 if the plot is cultivated under Swarna-Sub1, and 0 otherwise) and

addy plot submerged (takes the value equals to 1 if the plot had experi-

nced submergence during the season, and 0 otherwise) as explanatory

ariables along with regular production inputs. 

The 𝛾-parameter estimates (which explain the variation of output

rom the frontier attributed to technical inefficiency) are 0.87 (model 1)

nd 0.90 (model 2), implying the presence of inefficiency in the produc-

ion function. Paddy area and quantity of seed used are not statistically

ignificant. The elasticity of the mean value of paddy yield for chemical

ertilizer is significant in model 1 of the frontier estimation; however,
4 
he coefficient of chemical fertilizer applied is much lower (by 0.016).

n other words, holding other variables constant, a 1% increase in a

nit of chemical fertilizer would increase paddy yield by 0.016%. Pes-

icide application positively and significantly influences paddy yield in

oth models with a lower coefficient, likewise for irrigation and machin-

ry variables in model 2. Similarly, Swarna-Sub1 cultivation positively

nd significantly influences paddy yield; for example, the adoption of

warna-Sub1 increases paddy yield by 9.1%. When the paddy plots ex-

erienced submergence, yield decreased by 7.3% vis-à-vis paddy cul-

ivated in normal conditions. The distribution of individual technical

fficiency of both models is presented in Fig. B.1 . 

.2. Impact of Swarna-Sub1 

.2.1. Swarna-Sub1 adoption and paddy yield 

The impact of Swarna-Sub1 adoption on yield is estimated using en-

ogenous switching regression (ESR), which controls for unobservable

election bias ( Ahmed and Mesfin, 2017 ). The full information maxi-

um likelihood estimates of the ESR model are presented in Table 4 .

olumn two reports the coefficients of selection for Swarna-Sub1 adop-

ion and column four and six reports the outcome equations (paddy yield

t/ha) for Swarna-Sub1 adopters and non-adopters, respectively). Re-

ults from maximum likelihood estimates of the ESR model show that

he estimated coefficient of correlation between the Swarna-Sub1 adop-

ion equation and paddy yield function ( 𝜌i ) is negative and significant.

oth observed and unobserved factors influence the Swarna-Sub1 adop-

ion decision and paddy yield outcomes provided adoption decision. The

odel explains the self-selection followed in the Swarna-Sub1 adop-

ion. The presence of heterogeneity is witnessed between paddy yield

f Swarna-Sub1 adopters and non-adopters. 

The regression estimates of the adoption model reported that

warna-Sub1 adopters are significantly more highly educated than non-

dopters, that is, the likelihood of an educated farmer adopting Swarna-

ub1 is more than for a non-literate farmer. Highly educated farmers

rocess information about new technologies more quickly and effec-

ively than non-literate farmers ( Foster and Rosenzweig, 2010 ). When

he household head’s primary occupation is farming, the likelihood of

dopting Swarna-Sub1 is higher. High-income farmers are found to

e high in risk taking and mostly enjoying multiple income sources,

r more fertile lands, showing less appetite for variety Swarna-Sub1.

doption is higher for those who have taken out a loan; naturally, one

ould expect to avoid risks in this context. Consistent with other studies

 Emerick et al., 2016 ), people belonging to backward castes (OBCs and

Cs) are more likely to adopt Swarna-Sub1. Cultivated land area is pos-

tively and significantly affecting the adoption of Swarna-Sub1. Large

armers usually test the new variety on a small portion of their land.

ouseholds having access to information on STRVs were more likely to

dopt Swarna-Sub1, ceteris paribus . Similarly, when the farmers are in-

ormed about the characteristics and benefits of STRVs, their choice of

warna-Sub1 increases significantly. 

The productivity of paddy is significantly higher in male-headed

ouseholds than in female-headed ones irrespective of Swarna-Sub1

doption. In developing countries, female farmers are constrained in

ccess to inputs, information, and markets. Among non-adopters, pro-

uctivity is high when farmers are educated, but yield effects are

lso observed through higher adoption of Swarna-Sub1 by educated

armers. The positive and significant yield effects of livestock rear-

ng among Swarna-Sub1 adopters indicate the need for a farming

ystem-based climate-resilient approach. Similarly, a livelihood-based

pproach shows positive effects on climate resilience irrespective of

warna-Sub1 adoption. Self-employment in the household positively in-

uences the productivity of paddy. The productivity of farmers belong-

ng to the forward caste is significantly higher than for other castes

n both adopter and non-adopter categories. As paddy cultivated land

ncreases, the yield of adopters and non-adopters decreases. This sug-

ests that small farms are more efficient and productive than large



P.T. Raghu, P.C. Veettil and S. Das Environmental Challenges 7 (2022) 100480 

Table 3 

Cobb ‒Douglas stochastic frontier production function (half-normal distribution). 

Ln yield (t/ha) Model 1 Model 2 

Coefficient Std. err. Coefficient Std. err. 

Ln area (ha) − 0.0026 0.0211 − 0.0063 0.0200 

Ln seed (kg/ha) − 0.0011 0.0103 − 0.0033 0.0096 

Ln chemical fertilizer (kg/ha) 0.0158 ∗∗∗ 0.0036 0.0037 0.0035 

Ln pesticide (L/ha) 0.0493 ∗∗∗ 0.0085 0.0450 ∗∗∗ 0.0080 

Ln irrigation (number) 0.0100 0.0068 0.0152 ∗∗ 0.0064 

Ln labor used (man-day/ha) 

Male labor 0.0026 0.0033 0.0005 0.0032 

Female labor 0.0020 0.0025 0.0022 0.0024 

Ln machine use (hours/ha) − 0.0031 0.0056 0.0130 ∗∗ 0.0054 

Swarna-Sub1 cultivation – – 0.0909 ∗∗∗ 0.0121 

Paddy plot submerged – – − 0.0732 ∗∗∗ 0.0085 

Constant 1.6823 ∗∗∗ 0.0470 1.7432 ∗∗∗ 0.0443 

lnsig2v − 4.3957 ∗∗∗ 0.0891 − 4.7101 ∗∗∗ 0.0990 

lnsig2u − 2.5206 ∗∗∗ 0.0595 − 2.4607 ∗∗∗ 0.0530 

Sigma_v 0.1110 0.0049 0.0949 0.0047 

Sigma_u 0.2836 0.0084 0.2922 0.0077 

Sigma2 0.0927 0.0042 0.0944 0.0041 

Lambda 2.5538 0.0121 3.0794 0.0111 

𝛾 = (Sigma2 2 )/Lambda 0.8671 0.9046 

Likelihood-ratio test sigma_ u = 0: Chibar2(01) 180.00 230.00 

Prob > = Chibar2 ∗∗∗ ∗∗∗ 

Note: ∗ , ∗∗ , ∗∗∗ : statistically significant at 10%, 5%, and 1% levels of significance, respectively. 

Table 4 

Endogenous switching regression for Swarna-Sub1 adoption and its impact on yield (t/ha). 

Variables 

Swarna-Sub1 adoption Paddy yield (t/ha) 

Adopters Non-adopters 

Coefficient Std. err. Coefficient Std. err. Coefficient Std. err. 

Household head variables 

Male = 1 − 0.2797 0.1830 0.6898 ∗ 0.3530 0.3386 ∗∗∗ 0.1244 

Age (years) 0.0033 0.0030 − 0.0059 0.0054 − 0.0009 0.0023 

Rice cultivation (years) − 0.0090 ∗∗∗ 0.0034 0.0083 0.0058 0.0001 0.0027 

Education status (dummy variable) 

Non-literate Reference variable 

Primary (up to class 8) 0.4607 ∗∗∗ 0.1113 − 0.2117 0.2413 0.1892 ∗∗∗ 0.0666 

Secondary (class 9–12) 0.5556 ∗∗∗ 0.1164 − 0.1323 0.2519 0.0593 0.0739 

Graduate & above 0.7803 ∗∗∗ 0.1471 − 0.2416 0.2949 0.1435 0.1171 

Primary occupation (dummy variable) 

Non-agricultural labor Reference variable 

Agriculture 0.3843 ∗∗∗ 0.1293 0.2525 0.2302 0.2413 ∗∗ 0.1029 

Agricultural labor 0.0791 0.1836 0.4089 0.3208 0.2957 ∗∗ 0.1404 

Livestock rearing 0.2088 0.2983 1.2627 ∗∗ 0.5294 0.2605 0.2360 

Salaried − 0.9439 ∗∗∗ 0.2560 0.4875 0.5169 0.0773 0.1373 

Self-employment − 0.2309 0.1455 0.7086 ∗∗ 0.2785 0.2060 ∗∗ 0.1028 

Other occupation − 0.5899 ∗∗∗ 0.2263 1.1300 ∗∗ 0.4795 0.2094 0.1357 

Household-level variables 

Annual income (000 INR) − 0.0010 ∗∗∗ 0.0003 0.0007 0.0005 0.0010 ∗∗∗ 0.0003 

Loan taken = 1 0.2723 ∗∗∗ 0.0967 − 0.0938 0.2094 − 0.2689 ∗∗∗ 0.0707 

Social group (caste) (dummy variable) 

Forward caste Reference variable 

Other backward caste 0.3254 ∗∗∗ 0.0608 − 0.1232 0.1058 − 0.2516 ∗∗∗ 0.0498 

Scheduled caste 0.1422 ∗ 0.0765 − 0.2773 ∗∗ 0.1364 − 0.2522 ∗∗∗ 0.0586 

Scheduled tribe − 0.8371 ∗∗∗ 0.2363 0.1594 0.5492 − 0.2583 ∗∗∗ 0.1003 

Farm-level information 

Cultivated land in kharif 2015 (ha) 0.2246 ∗∗∗ 0.0338 − 0.2043 ∗∗∗ 0.0636 − 0.1789 ∗∗∗ 0.0303 

Access to STRV information 1.1240 ∗∗∗ 0.0547 –

CONSTANT − 2.3617 ∗∗∗ 0.2705 3.8885 ∗∗∗ 0.6141 3.1403 ∗∗∗ 0.1904 

𝜎i 0.1448 (0.0322) ∗∗∗ 0.1881 (0.0130) ∗∗∗ 

𝜌i − 0.2720 (0.1021) ∗∗∗ − 0.2112 (0.0752) ∗∗∗ 

Number of observations 3995 

Log-likelihood − 7796.39 

LR test of independent equation Chi 2 (1) 14.33 ∗∗∗ 

Note: ∗ , ∗∗ , ∗∗∗ : statistically significant at 10%, 5%, and 1% levels of significance, respectively. 

5 
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Fig. 1. Swarna-Sub1 adoption in the study area 

Source: Household survey, 2016. 

Table 5 

Average expected paddy yield (t/ha) for Swarna-Sub1 adopters and non- 

adopters. 

Swarna- 

Sub1 

Decision stage Treatment 

effect 
To adopt Not to adopt 

Adopters 3.81 2.94 TT = 0.87 (0.01) ∗∗∗ 

Non-adopters 4.37 3.34 TU = − 1.03 (0.01) ∗∗∗ 

Heterogeneity effects BH 1 = − 0.56 BH 0 = − 0.40 TH = 1.90 

∗∗∗ Note: statistically significant at 1% level of significance using the inde- 

pendent t -test between adopting and not adopting, respectively, for Swarna- 

Sub1 adopters and non-adopters; the number in parentheses is the standard 

error. 
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arms. In the context of low mechanization and modernization of agri-

ulture, smallholders are observed to manage farm better, as they are

ble to utilize the inputs effectively given that agriculture is labor in-

ensive (due to low mechanization) and family labor has high intrin-

ic motivation for higher economic return. The result is also in ac-

ordance with the Chand et al. (2011) , small farms motivated to ob-

ain more yield by practicing intensive input use and adopting new

echnologies. 

The estimated impact of Swarna-Sub1 on paddy yield under ob-

erved and counterfactual scenarios is shown in Table 5 . The observed

ean paddy yield of Swarna-Sub1 adopters is 3.81 t/ha and that of non-

dopters is 3.34 t/ha. The average treatment effect on treated (Swarna-

ub1 adopters) and untreated (non-adopters) is 0.87 t/ha and − 1.03

/ha, respectively. Both values are significant and indicate that had the

dopters not adopted Swarna-Sub1, the yield effect would have been

.87 t/ha lower than what they obtained now. Similarly, had the non-

dopters decided to adopt Swarna-Sub1, they would have received an

dditional yield of 1.03 t/ha. 

Base heterogeneity is computed to see the effect of unobservable

haracteristics on yield obtained by the Swarna-Sub1 adopters and non-

dopters irrespective of making decision to adopt it. The effect of base
6 
eterogeneity for households that make decision to adopt Swarna-Sub1

s 0.56 t/ha and for the households that did not adopt Swarna-Sub1

t is 0.40 t/ha. This negative base heterogeneity effect implies that the

addy yield of Swarna-Sub1 non-adopters is higher, probably attributed

o unobservable characteristics. 

.2.2. Impact of Swarna-Sub1: average treatment effect 

Average treatment effect (ATE) is estimated after controlling for po-

ential counterfactuals using the propensity score matching approach is

resented in Table 6 . The outcome variables are paddy yield, net in-

ome, and technical efficiency estimates of model 1 (from Table 3 ). The

utcome variables were compared between Swarna-Sub1 adopters and

on-adopters under submergence and normal conditions. 

It is evident from Table 6 that Swarna-Sub1 produces an additional

9% yield compared with other varieties under submergence conditions.

nder normal conditions, there is no significant difference in yield be-

ween Swarna-Sub1 and other varieties. 

From Table A.4 ., it is noted that there is no significant difference

n the total cost of cultivation between Swarna-Sub1 and other vari-

ties. The seed cost of other paddy varieties is significantly higher than

or Swarna-Sub1, mainly because the seed price of some major vari-

ties is higher. It is also observed that a significant difference exists in

he quantity of seed applied. The labor cost of Swarna-Sub1 is signifi-

antly higher than for other inputs. Swarna-Sub1 tolerates flood more

han other varieties under submergence conditions and more labor is

nvolved in harvest and post-harvest activities. 

Income from Swarna-Sub1 cultivation is higher in both normal and

ubmergence conditions. However, the benefit is two times higher in

ubmergence conditions. For instance, Swarna-Sub1 adopters earn an

dditional net income of 48.3% and 22.5% in submergence and normal

onditions, respectively. The technical efficiency of the frontier produc-

ion estimates also shows that the technical efficiency of Swarna-Sub1

dopters is higher than for other varieties by 5.7% in submergence con-

itions and by 6.8% in normal conditions. 
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Table 6 

ATE estimates for plots cultivated under Swarna-Sub1 and other major paddy varieties for yield, income, and technical efficiency. 

Condition 

Potential outcome 

mean (other 

varieties) 

Swarna-Sub1 vs other varieties 

Nearest-neighbor 

matching Radius matching Kernel matching 

Stratification 

matching 

Paddy yield (t/ha) Submergence 2.77 (0.05) ∗∗∗ 0.32 (0.23) 0.53 (0.18) ∗∗∗ 0.60 (0.18) ∗∗∗ 0.66 (0.20) ∗∗∗ 

Normal 3.33 (0.05) ∗∗∗ 0.32 (0.19) ∗ 0.25 (0.15) ∗ 0.22 (0.17) 0.18 (0.18) 

Pooled 3.05 (0.04) ∗∗∗ 0.51 (0.15) ∗∗∗ 0.39 (0.12) ∗∗∗ 0.39 (0.12) ∗∗∗ 0.39 (0.12) ∗∗∗ 

Net income (INR/ha) Submergence 13,952 (576) ∗∗∗ 4313 (2761) 6545 (2024) ∗∗∗ 7712 (2094) ∗∗∗ 8357 (1975) ∗∗∗ 

Normal 18,997 (588) ∗∗∗ 5147 (1993) ∗∗∗ 4431 (2112) ∗∗ 4054 (1799) ∗∗ 3430 (1805) ∗ 

Pooled 16,359 (415) ∗∗∗ 6978 (1749) ∗∗∗ 5660 (1429) ∗∗∗ 5653 (1381) ∗∗∗ 5719 (1447) ∗∗∗ 

Technical efficiency Submergence 0.7531 (0.0052) ∗∗∗ 0.035 (0.022) 0.046 (0.014) ∗∗∗ 0.045 (0.013) ∗∗∗ 0.045 (0.014) ∗∗∗ 

Normal 0.7443 (0.0046) ∗∗∗ 0.031 (0.016) ∗ 0.060 (0.011) ∗∗∗ 0.057 (0.011) ∗∗∗ 0.054 (0.011) ∗∗∗ 

Pooled 0.7684 (0.0035) ∗∗∗ 0.021 (0.013) 0.058 (0.008) ∗∗∗ 0.056 (0.009) ∗∗∗ 0.054 (0.009) ∗∗∗ 

Note: ∗ , ∗∗ , ∗∗∗ : statistically significant at 10%, 5%, and 1% levels of significance, respectively. Other varieties refer to all major varieties cultivated in 

the study area. 
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. Conclusions 

The present study captured the adoption status and performance

f Swarna-Sub1 in the flood-prone areas of Eastern India. Endogenous

witching regression was used to assess the impact by controlling for

he role of selection bias in adoption decisions and paddy yield. The

stimate revealed that paddy yield was significantly higher for Swarna-

ub1 adopters in the actual scenario and for non-adopters in the coun-

erfactual scenario of adoption. 

The performance of Swarna-Sub1 and other major paddy varieties

as compared between normal and submergence plot conditions using

verage treatment effects. Compared to plots cultivated under normal

onditions, paddy yield and net income obtained in submergence con-

itions were significantly higher for Swarna-Sub1 adopters. This shows

hat Swarna-Sub1 has potential for impact at scale to mitigate possible

rop loss in flood-prone environments. 

The adoption of Swarna-Sub1 varied significantly across the study

rea; low adoption was witnessed in Assam and West Bengal. However,

he frequency and intensity of flood were higher in Assam. Henceforth,

e recommend effective seed dissemination and promoting the variety

n flood-prone regions. Information access play a key role in the decision

n Swarna-Sub1 adoption, which highlights the importance of informa-

ion flow and awareness about the variety. Further, this technology is

ound to be socially inclusive and can easily integrate with climate-smart

arming systems. Therefore, a targeted scaling in flood-prone areas will

ave a substantial impact on the food security of small farmers living in

hose fragile environments. 

We observed education playing a key role in adoption of climate

esilient Swarna-Sub1. Inclusion of a curriculum on stress-tolerant rice

arieties in agricultural extension and farmer schools is recommended.

or instance, training material that International Rice Research Insti-

ute (IRRI) developed for quality seed and grain production of flood-

olerant rice varieties is readily available for such purposes. Further,

ocial networks and media can be effectively utilized to generate social
7 
wareness about the new varieties. In short to medium term, informa-

ion flow and convergence between different stakeholders (both public

nd private sector) as well as involving local institutions such gram pan-

hayat is central in educating smallholders and faster dissemination of

echnologies. Hence, farmer schools of local institutions such as NGOs,

ocal governments, agricultural department, seed dealers, etc. could be

sed to bring awareness about new climate resilient varieties among

armers. Seed dealer significantly influences the farmers’ decision on

odern rice variety purchase ( Bannor et al., 2020 ). Thus, agricultural

nd climate policies needed to take account of importance of farmer

ducation and involvement of local institutions in bringing resilience

mong smallholders. 
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Table A1 

Information on sampled households. 

Household head information 

Males (%) 

Currently married (%) 

Age (years) 

Rice cultivation (years) 

Household size (number) 

Educational status (%) 

Non-literate 

Primary (up to class 8) 

Secondary (class 9–12) 

Graduate & above 

Primary occupation (%) 

Agriculture 

Agricultural labor 

Non-agricultural labor 

Salaried 

Self-employment 

Others 

Household-level information 

Primary income source (%) 

Agriculture 

Agricultural labor 

Non-agricultural labor 

Salaried 

Self-employment 

Others 

Social group (caste) (%) 

Forward caste 

Other backward caste 

Scheduled caste 

Scheduled tribe 

Farm-level information 

Landholding owned (ha) 

Cultivated land in kharif 2015 (ha) 

Rice area in kharif 2015 (ha) 

Rice varieties cultivated in kharif 2015 (number) 

Flood-affected area in kharif 2015 (%) 

Source: Household survey, 2016. 

Note: ∗ , ∗ ∗ , ∗ ∗ ∗ statistically significant at 10%

the Wilcoxon-Mann-Whitney test (for binary varia

between Swarna-Sub1 adopters and non-adopter

Table A2 

Descriptive statistics of var

production function. 

Rice yield (t/ha) 

Area (ha) 

Seed (kg/ha) 

Chemical fertilizer (kg/ha) 

Pesticide (L/ha) 

Irrigation (number/ha) 

Male labor (man-days/ha) 

Female labor (man-days/ha)

Machinery (hours/ha) 

Swarna-Sub1 cultivation (du

Flood-affected area (dummy 
8 
a-Sub1 Pooled 

( n = 4744) 
ers (8.9%) Non-adopters (91.1%) 

95.5 ∗∗ 95.7 

92.0 92.2 

12.5) 50.4 (12.9) 50.4 (12.9) 

12.4) 27.8 (12.5) ∗∗ 27.2 (12.5) 

.9) 4.9 (2.2) ∗ 4.9 (2.1) 

22.1 ∗∗ 21.2 

42.7 42.7 

30.4 ∗∗ 30.9 

4.8 ∗∗ 5.2 

61.2 ∗∗∗ 62.5 

5.7 5.6 

11.5 ∗∗∗ 11.1 

4.5 ∗∗ 4.3 

10.6 ∗∗∗ 10.2 

6.5 ∗∗ 6.3 

32.3 ∗∗∗ 33.0 

8.5 8.4 

24.3 ∗∗∗ 23.6 

9.4 9.3 

15.7 15.6 

9.9 10.1 

45.6 ∗∗∗ 45.0 

26.2 ∗∗∗ 27.5 

20.5 20.4 

7.6 ∗∗∗ 7.1 

1.13) 0.68 (0.81) ∗∗∗ 0.70 (0.83) 

0.83) 0.77 (0.73) ∗∗∗ 0.80 (0.74) 

0.78) 0.70 (0.68) ∗∗∗ 0.80 (0.69) 

.1) 1.8 (1.1) ∗∗∗ 1.9 (1.1) 

68.8 ∗∗∗ 66.7 

and 1% levels of significance, respectively, using 

and independent t -test (for continuous variables) 

bers in parentheses are the standard deviation. 

 used in stochastic frontier 

Mean Std. Dev. 

3.90 0.97 

0.44 0.37 

58.88 19.65 

105.47 37.25 

1.49 1.42 

1.17 2.80 

27.37 16.25 

17.90 18.57 

15.84 13.90 

 1) 12% 

49% 
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Table A3 

Cobb ‒Douglas stochastic frontier prod

Ln 

yield 

(t/ha) 

Model 

Coeffic

Ln area (ha) 0.0201

Ln seed (kg/ha) 0.0111

Ln chemical fertilizer (kg/ha) 0.0201

Ln pesticide (L/ha) 0.0627

Ln irrigation (number) 0.0017

Ln labor used (m-day/ha) 

Male labor 0.0048

Female labor 0.0050

Ln machine use (hours/ha) − 0.007

Swarna-Sub1 adoption –

Paddy plot submerged –

Constant 1.3761

R 2 0.0652

Note: ∗ , ∗∗ , ∗∗∗ : statistically signifi

cance, respectively. 

Table A4 

Economics of production. 

Swarna-Sub1 

Submergence ( n = 123) Normal ( n = 206) Pool

Area (ha) 0.47 (0.39) 0.39 ∗∗ (0.30) 0.42

Yield (t/ha) 3.29 (1.91) 3.54 (2.19) 3.45

Cost of production (INR/ha) 

Seed 1074 (551) 967 ∗ (340) 1007

Chemical fertilizer 1460 (718) 1545 (437) 1513

Pesticide 702 (812) 708 (677) 705 

Labor 10,156 (4935) 10,604 (4163) 10,4

Machinery 4370 (1955) 4510 (1819) 4458

Other cost 260 (1010) 975 ∗∗∗ (1909) 708 

Total cost 18,022 (5328) 19,309 ∗∗ (5163) 18,8

Revenue (INR/ha) 

Gross revenue 38,349 (22,727) 42,337 (27,306) 40,8

Net revenue 20,327 (21,072) 23,028 (26,984) 22,0

Note: ∗ , ∗ ∗ , ∗ ∗ ∗ statistically significant at 10%, 5%, and 1% levels of signi

respectively, for Swarna-Sub1 and other varieties. † , †† , ††† statistically significan

for submergence conditions, normal conditions, and pooled. Numbers in paren
Fig. B1. Distribution of individ

9 
 function (OLS). 

Model 2 

Std. Err. Coefficient Std. Err. 

0.0241 0.0228 0.0237 

0.0116 0.0120 0.0114 

0.0041 0.0116 ∗∗∗ 0.0042 

0.0095 0.0591 ∗∗∗ 0.0093 

0.0076 0.0046 0.0075 

0.0037 0.0029 0.0037 

0.0027 0.0056 ∗∗ 0.0027 

0.0061 0.0037 0.0062 

0.0928 ∗∗∗ 0.0138 

− 0.0545 ∗∗∗ 0.0097 

0.0511 1.4014 ∗∗∗ 0.0507 

0.0988 

t 10%, 5%, and 1% levels of signifi- 

Other varieties 

 329) Submergence ( n = 1214) Normal ( n = 1118) Pooled ( n = 2332) 

 0.44 (0.37) 0.46 †† (0.42) 0.45 (0.39) 

 2.77 ††† (1.69) 3.33 ∗∗∗ (1.65) 3.04 ††† (1.69) 

 1527 ††† (854) 1164 ∗∗∗ , ††† (588) 1364 ††† (768) 

 1352 (880) 1548 ∗∗∗ (512) 1446 (734) 

698 (877) 807 ∗∗∗ , † (787) 751 (837) 

65) 8671 ††† (5471) 9820 ∗∗∗ , †† (4963) 9222 ††† (5264) 

) 4525 (2062) 4477 (1764) 4502 (1925) 

 612 †† (1657) 878 ∗∗∗ (1626) 739 (1647) 

54) 17,385 (6997) 18,694 ∗∗∗ (5694) 18,024 †† (6435) 

,727) 31,337 ††† (19,512) 37,691 ∗∗∗ , ††† (19,805) 34,383 ††† (19,904) 

,939) 13,952 ††† (20,253) 18,997 ∗∗∗ , ††† (19,415) 16,359 ††† (20,014) 

e using the independent t -test between submergence and normal conditions, 

0%, 5%, and 1% levels between Swarna-Sub1 and other varieties, respectively, 

s are the standard deviation. 
ual technical efficiency. 
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