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In the eastern India region, due to the dominance of fragmented and smaller

land holdings and lack of irrigation facilities, the adoption of green revolution

technologies has progressed slowly. Economic growth, income, and land

fragmentation have induced families to allocate labor to non-farm jobs. In

the absence of male decision-makers, spouses are responsible for making

farming-related decisions jointly with their husbands. This study examines

the inverse relationship between farm size and rice productivity in joint farm

decision-making among married couples. The study uses survey data from

four eastern states of India. The finding confirms the inverse relationship

between cultivated rice area and rice yields. The inverse relationship holds

but weakens when we control for farm and household characteristics and

land quality. Smallholders in India tend to have dual employment, and as a

result, more farm management decisions are being made jointly with spouses.

Findings indicate that joint farming decision-making may have an adverse

e�ect on rice productivity. Socially advantaged farmers have a lower yield.

Finally, the study reveals that o�-farm income from o�-farm employment

increases rice productivity. Policymakers can strengthen extension services

to disseminate farming knowledge (agronomic practices and technology) to

socially disadvantaged farmers and o�-farm job opportunities for smallholders.

KEYWORDS

rice varieties, farm size, productivity, spouse, green revolution, soil quality, non-farm

income

Introduction

Sustaining food security in developing countries is one of the major roles of

smallholder producers1. In India, most smallholders are located in rural areas and

depend on agriculture as their primary source of livelihood. Among the staple crops,

rice is primarily produced by smallholder farmers. Smallholder rice farms comprise 75%

of the total rice farms covering 37% of the total rice area [Government of India (GoI),

2016]. The significance of these smallholder rice producers became apparent during the

1 Smallholder less than 1ha [Government of India (GOI), 2020].
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height of the Green Revolution in the 1970’s, where greater

emphasis on crop genetic improvement through plant

breeding programs. According to Pingali et al. (2019),

Green Revolution technologies were effectively designed and

implemented for smallholders. These technologies were scale-

neutral, and adequate institutional support was given through

input subsidies.

Despite the development of new technologies, rice

productivity has witnessed a slow growth rate in recent years

compared to the early periods of the Green Revolution (Khush,

1999). This is particularly true for eastern Indian states. In 2015,

eastern India accounted for 66% of the total rice area in the

country and produced more than half (52 million tons) of India’s

total rice production [Government of India (GoI), 2016]2. The

eastern region is mainly composed of unfavorable rice areas

(rainfed), prone to abiotic stress (flood, drought, and salinity),

and low levels of education among farming households.

Additionally, the region depends on single cropping during

monsoon, a major reason for comparatively low and uncertain

yields (Barah and Pandey, 2005). For instance, in 2015, the

region’s average rice productivity was 2.25 t/ha, well below

the national average of 3.35 t/ha [International Rice Research

Institute (IRRI), 2019]. Higher rice consumption and lower

production growth rates can lead to food shortages. The eastern

India region primarily comprises the rural population (80%

of the total population), and a high percentage are in poverty

[22–35%, Government of India (GoI), 2016]. Thus, a sudden

decrease in rice production may substantially reduce food

security, loss of livelihood, and higher market prices in the

region and India in general.

Another factor affecting the region is non-farm

employment. Most farmers have dual employment—farm

and non-farm. The non-farm jobs are located in urban and

semi-urban areas. The movement from farm to non-farm

sectors is further facilitated by government programs like the

Mahatma Gandhi National Rural Employment Guarantee

Act (MGNREGA).3 As a result, the agricultural sector has

witnessed labor shortages, higher farm wage rates, and increased

production costs for smallholders (Bhattarai et al., 2014).

Secondly, as more male household members (farming decision

makers) engage in non-farm employment, anecdotal evidence

suggests that spouses make farming decisions jointly. Finally,

2 We use 2015 rice statistics here for two reasons. First, these are most

recent statistics available to us for the eastern India region. Secondly,

we use the 2016 Rice Monitoring Survey conducted by IRRI to test our

hypothesis. Thus, we wanted to present rice statistics that was closer to

the data collection period.

3 Enacted as the National Rural Employment Guarantee Act of India,

2005 is a public policy in India that pays people to seek employment. The

wage rate is higher than the daily wages of agricultural workers [Ministry

of Rural Development (MORD), Government of India, 2019].

as Niroula and Thapa (2005) noted, land-related issues (such

as the law of paternal land inheritance, lack of progressive

tax on inherited land, and underdeveloped land market) such

as land fragmentation will continue in India and eastern

Indian4 in particular. However, the importance of small

farms in Indian farming cannot be discounted due to high

productivity compared to larger farms—also known as the

inverse relationship (IR) between farm size and productivity.

Additonally, smallholders are the major food producers,

and several development organizations have used IR in

most development strategies by promoting and supporting

smallholder production through land reform laws (IFAD, 2013;

Gollin, 2019).

Studies in Indian agriculture show strong evidence of IR

between farm size and productivity (Khusro, 1964; Sen, 1964;

Rao, 1966; Bhattacharya and Saini, 1972; Srinivasan, 1973;

Ghose, 1979). Smallholders are more productive than large

farms, suggesting that small farms would help address equity

and poverty reduction (Hazell et al., 2010). However, Deininger

et al. (2017) point out that land fragmentation beyond the

threshold farm size would be detrimental to farm productivity—

due to the difficulty of using machines as a substitute for

farm labor. Chakravorty et al. (2016) found that an Indian

farmer’s monthly income with <0.5 ha of land can barely cover

monthly expenditures. Thus, understanding the relationship

between smallholders’ farm size and rice productivity is essential

in identifying smallholders’ significant constraints in eastern

India. Several studies found an inverse relationship between

farm size and productivity caused by imperfect factor markets,

land quality, and measurement errors. When analyzing the

IR at the household level, it assumes that farming decisions

(such as selecting crops, technology, and labor) are made by

male household heads (Orr et al., 2016). However, gender-

differentiated preferences on farming decisions such as crop

choice and labor use (Bourdillon et al., 2007) may affect

managerial skills and thus crop yields. Joint decision-making

is gaining significant traction in the literature (Damisa and

Yohanna, 2007; Aregu et al., 2011; Ibrahim et al., 2012).

Similarly, it is no surprise that joint farming decision-making

is taking roots in India (Paris et al., 2010).

Thus, this study analyzes the relationship between farm

size and productivity among rice farmers in eastern India.

Specifically, the study examines the impact of joint farm

decision-making among married couples on rice productivity.

The study uses the 2016 Rice Monitoring Survey, a nationally

representative household-level survey by the International Rice

Research Institute (IRRI). This study contributes to the literature

in two ways. First, the study tests for the IR between farm

area and productivity. The common explanations based in

the literature (such as market imperfection and soil quality

4 The average farm size in eastern India decreased from 2.03 ha in 1971

to 1.15 in 2010 [Government of India (GoI), 2016].
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omission) that support IR will be tested to determine if the same

factors explain the existence of IR. Second, the study considers

intrahousehold farming decision-making5 bymarried couples in

analyzing IR between farm size and productivity.

Literature review

The inverse relationship (IR) between farm size and

productivity has been one of the recurring topics in rural

development, which has sparked the interest of most

policymakers and rural development practitioners. The IR

phenomenon has been appealing among developing countries,

justifying the implementation of land reform programs that

promote efficiency and equity among poor farmers (Rada

and Fuglie, 2019; Helfand and Taylor, 2021). In India, the

existence of IR was first identified by Sen (1962) in defining

Indian agriculture using the Farm Management data produced

by the Ministry of Food and Agriculture. The author found

that increasing farm size reduced farm productivity. The high

productivity among small farms could be associated with

the intensive use of family labor which assumed no outside

employment opportunity resulting in surplus labor. In assessing

the profitability in production, the family labor was often valued

by imputing the current wage rate, resulting in losses among

small farms compared to large farms. Similar findings were

found by Khush (1999) using the same data but noticed that

the family labor explanation only holds in specific landholding

sizes. The author showed that full employment of family labor

holds when the landholdings range from 10 acres to 15 acres and

hire additional laborers once landholdings go beyond 15 acres.

Since there is a threshold of landholdings area, family labor can

be fully employed. Indeed, Rao (1966) pointed out that the size

of the landholdings cannot be ignored in the analysis because

it can affect labor and managerial aspects of production. The

author further suggested that mechanization would be the best

option for large farms to intensify inputs and avoid managerial

difficulties. An additional study by Sen (1966) shows that IR

exists due to an imperfect labor market. The Indian peasant

farm sector tends to have a labor surplus and wage gap. The

wage gap exists when production seasonality and a proposed

institutional minimum wage rate exist.

Most of the studies mentioned above depend on aggregated

data from the Farmer Management survey, which concludes

that an IR exists due to an imperfect labor market. However,

aggregated Farm Management data may not necessarily capture

the real reasons for the inverse farm-productivity relationship.

Rudra (1968) used data from Agro-Economic Research Center,

which uses village-level information from Punjab and Uttar

Pradesh. The study shows that the intensity of irrigation and

5 Most studies examining intra-household decision-making are from

sub-Saharan Africa (SSA) and Latin America.

inputs used in relation to productivity is constant regardless of

the landholding sizes, contrary to the Farm Management data

results. A follow-up study by Rudra (1968) analyzed the IR using

correlation analysis of 20 villages. The study shows that only

two villages show significant and inconsistent results among the

villages. Results of one village show that the IR only holds up to

20 acres while the other village shows no systematic pattern. On

the other hand, Deolalikar (1981) found that IR exists in India

with low agricultural technology and diminishes with farms

using a high level of technology.

Several studies used disaggregated data to find alternative

reasons to explain the IR phenomenon in Indian agriculture.

For example, Saini (1971) analyzed Farm Management data

(1954–1957) using the imputed current market wage rate,

which explains the profit losses among small farms. The author

suggested that instead of using the imputed value of the family

labor that leads to market distortion, one should also consider

placing a rental value on owned land. Results showed positive

profits even in the smallest landholdings when the value of

owned land was included in the model. On the other hand,

village-level variations can be one of the reasons for IR. For

example, Bhattacharya and Saini (1972) included a dummy

variable for an Indian village in testing IR. Using data from 1955

to 1968, the authors found that the inverse relationship varies

per village. Regarding weather variations, Srinivasan (1973)

found out that even though farmers apply the optimal inputs

in production, farmers experience yield uncertainties due to

weather variations. To capture the full effect of weather on

productivity, Srinivasan (1973) suggested dividing the stages of

production, such as the early stage (sowing and early growing

stage) and the late stage (flowering and harvesting stage).

However, the IR in Indian agriculture mentioned above

is based on the pre-Green Revolution period. The period is

characterized by underdeveloped areas with diverse climatic

conditions, landholding structures, and cropping conditions

(Ghose, 1979). In introducing Green Revolution technologies, it

is essential to know their impact on small and large farmers since

Green Revolution technologies are considered scale-neutral.6

Saini (1971) pointed out that the IR phenomenon is expected

to change or disappear, particularly in Green Revolution areas.

Green Revolution technologies require complementary inputs

(such as fertilizer and irrigation) to achieve full yield potential.

Thus, dependence on purchased inputs and capital goods is

easily available for large farmers with access to credit and savings

(Heltberg, 1998). Several studies show that Green Revolution’s

introduction in Asia lessens or removes the IR. For example,

Deolalikar (1981) examined the fertilizer application among

Indian farms using district-level data. The study found that IR

exists when fertilizer is excluded in the estimation and reversed

once fertilizer usage intensifies and size increases. The finding

6 These are technologies that can be divided and distributed at no extra

cost (Pingali et al., 2019).
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suggests that large farms benefited more from the technological

change through fertilizer than small farms. Increased fertilizer

use was found to explain the IR among rice and wheat producers

(Subbarao, 1983) in eastern India.

However, the study by Bhalla (1979) found that the IR

persisted even during the Green Revolution. Larger farms

increased their output per acre and proportion of area

under modern varieties (MV) due to their accessibility to

cheaper credit. In addition, Birthal et al. (2016) examined

crop performance in 20 Indian states. The authors found

that small farmers benefitted from technological development

by allocating more high-yielding crops and applying more

fertilizer and pesticides than larger farms. However, the IR

is only prominent in high-value crops (e.g., fruits, plantation

crops, and sugar crops) than in food crops such as rice and

wheat. The high mechanization increased efficiency, particularly

among large rice and wheat farmers. A similar explanation

was found by Otsuka et al. (2016) regarding the lessening of

the farm-size productivity relationship. Otsuka et al. (2016)

pointed out that with the development of non-rural farm sectors

and increasing wage rates, larger farms prefer to use labor-

saving technologies (such as farm machinery), enabling them

to be efficient and reverse IR. Despite weakening the farm-

productivity relationship in Green Revolution technologies, the

standard explanations in the literature that support IR include

market imperfection, land quality, intensive production, error

in estimation, and household characteristics.

Market imperfection

Market imperfection was identified by Sen (1966) as one

of the reasons for the existence of inverse farm size and

productivity. An extensive part of literature focused on IR

found that the interplay of different sectors causes market

imperfections. For example, Feder (1985) pointed out that

inverse farm size-productivity exists when imperfect labor,

credit, and land markets exist. Interestingly, Lamb (2003) found

that when assessing the labor by gender and controlling for

village labor and land imperfections, the IR is wholly removed

only in male labor demand but not in female labor. This

suggests that increasing own production is one way to address

market failure in the female labor market. On the other hand,

Barrett (1996) found that an IR exists if there are differences in

household marketed surplus and price risk-averse farmers. The

cost of supervision can also be the reason for IR to exist. For

example, Heltberg (1998) found that IR exists where supervision

constraints exist since outside labor is an imperfect substitute

for family labor. In addition, Feder (1985) pointed out that the

efficiency of the hired labor depends on the intensity of the

family labor supervision. Deininger et al. (2018) examined the

changes in IR in 17 Indian states over 25 years. The authors

showed that increasing wages in the 2000’s led to more intensive

capital, lessening the supervision cost among family labor.

However, IR is not solely explained bymarket imperfections.

Only a small portion of the IR can be explained by the market

imperfection when using a yield approach method. For example,

Barrett et al. (2010) analyzed 17 villages in Madagascar in

2002, including multi-plot level information, and found IR. The

authors note that imperfect markets contribute only one-third of

the inverse relationship. The same is true in the study of Ali and

Deininger (2015), which found an inverse relationship between

farm size and shadow profit when analyzing rural households

in several villages in Rwanda. A reversed relationship happens

when family labor is valued based on village market rates.

On the other hand, a comparison between rice farmers in

China and India by Wang et al. (2015) found that land crop

yield increases with machine use in both countries. However,

there were contrasting results when analyzing the IR. The

authors showed that China has a positive plot size-productivity

relationship, while India still follows the conventional IR. China’s

results may be due to the development of the land rental

market, family labor outmigration, and high-quality farmland

construction policy.7 However, Assunção and Braido (2007)

rejected the market imperfection explanation when plot-level

data from India. The IR still exists even after controlling for

unobserved household characteristics.

Soil quality

Land quality is another common alternative that most

studies used to explain the farm-size productivity inverse

relationship. Often, these variables are omitted due to the

unavailability of plot-level quality measures. However, given

the availability of more plot-level data, several studies included

land quality indicators. Bhalla (1988) and Bhalla and Roy

(1988) make use of extensive national farm-level data in India

with land quality information from the Fertilizer and Demand

Survey (FDS) 1975–1976. Results show a negative relationship

between land quality and productivity. Bhalla and Roy (1988)

added that if the land quality is considered, the IR weakens

but still exists. However, Bhalla (1988) also pointed out that

although there was an IR when land quality was included,

the results may lead to large specification errors if it follows

the conventional production function that negligently treats

land quality.

Some studies that analyzed the IR also used panel data.

For example, Carter (1984) analyzed panel data from Haryana

(India) during 1969–1970. The author found that the intervillage

soil difference partly explains the farm size-productivity

relationship and that small farms are inefficient since they use

more inputs than large farms. On the other hand, Lamb (2003)

estimated the effect of land quality measures in the IR using

7 This policy encourages farmers to increase operational farm sizes

through development of public infrastructure (e.g. irrigation facilities and

roads).
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panel data by International Crops Research in Semi-Arid and

Tropics (ICRISAT), covering several crops. The author used

random and fixed effects in estimating the relationship between

land quality and profits. The study found that the land quality

difference explains the IR between farm size and profits when

applying random effects. Aside from soil quality, Assunção and

Braido (2007) used longitudinal village-level studies by ICRISAT

(1975–1985) and found that IR is also related to land value.

However, Barrett et al. (2010) rejected soil quality as the main

reason for the IR relationship. The authors show that even if the

specific soil quality (e.g., soil carbon, nitrogen, and potassium

content, soil pH, clay, silt, and sand shares) was accounted for,

the estimation did not suffer from no omitted variable.

Measurement and misspecification errors

Measurement errors that would lead to statistical modeling

issues are some of the new evidence challenging the existence

of IR. For example, Lamb (2003) found that measurement

errors may explain most of the inverse relationship, which

is more pronounced when using fixed effects. The author

also cautioned researchers in applying fixed-effects models to

estimate the relationship between farm size and productivity.

Barrett et al. (2010) found the same results when they

examined the IR relationship in Madagascar using fixed

effects to know if household and village market imperfections

trigger the results. They found that imperfect markets only

contribute to one-third of the IR. Other literature tries

to control for farm attributes to remove the measurement

error. For example, Assunção and Braido (2007) control for

plot attributes, irrigation status, and land value shows no

effect for large farms. In addition, Ali and Deininger (2015)

controlled the time-variant and invariant characteristics of

the plot (soil quality and unfavorable productivity shocks) in

estimating IR. Foster and Rosenzweig (2017) found that area

measurement error in Indian farms is small and does not explain

the observed. However, most land size information depends

on farmers self-reporting land area resulting in imprecise

land measurement.

Recent studies use a global positioning system (GPS) to

measure land area accurately to remove land area measurement

error. GPS estimated land area is becoming popular since it

can provide more accurate land measures, particularly in larger

household surveys Carletto et al. (2013, 2015). The study by

Carletto et al. (2013) shows that using GPS measured area

indicated a stronger IR than using the self-reported area in

Uganda. In addition, using the self-reported area measure shows

that smaller farmers tend to over-report their land size while

large farmers underestimate their land resulting in higher yields.

Similarly, Desiere and Jolliffe (2018) addressed themeasurement

error issue using crop cut estimates in Ethiopia. It shows

that IR exists using self-reported estimates and disappears

when crop-cut area estimates. Carletto et al. (2013) found

that overestimating or underestimating farm size drives the

IR. Similar results were found by Dillon et al. (2019) when

using three land measurement methods (farmer estimates,

GPS, and compass-and-rope) that self-reported farm size leads

to measurement error (overreporting for small farms and

under-reporting for large farms). However, Bevis and Barrett

(2019) rejected the measurement error that leads to IR. The

author argued that crop yields along the perimeter might be

higher than those in the interior due to less competition with

nutrients and water, resulting in IR. In the Uganda study, the

authors show that the IR disappears after controlling for the

perimeter plots.

Farmer related factors

The characteristics of the household have an influence

on the IR between farm size and productivity. For instance,

Rada and Fuglie (2019) found that agricultural education

among small farmers (0–5 ha) in Brazil positively impacts

the total production factor by 16%. Carter (1984) argued that

found the inverse relationship is not due to sampling bias

resulting from farmer literacy but to a mode of production

due to intensive use of inputs that generate higher income.

Heterogeneity of skills also affects the inverse relationship.

Assunção and Ghatak (2003) study shows heterogeneity

regarding farmers’ skills and imperfect credit market

influenced the IR. The authors pointed out that skilled

peasants are more likely to become farmers, which entails

a higher opportunity cost to be a wage earner than an

unskilled peasant.

Some studies attempt to show the existence of IR through

an intrahousehold bargaining context. For example, Udry (1996)

found that allocating land to women would reduce marginal

productivity and suggested reallocating the land to men to

increase output. Assunção and Braido (2007) also attempted

to study the effect of intrahousehold resource allocation

by analyzing managerial resources and crop mix in India.

However, the results did not support that intrahousehold issues

result in IR. Thus, based on the existing literature, there

are mixed explanations for the existence of IR. Most studies

assumed that only the household head is responsible for all

farming decisions and represents all the household members.

In the increasing number of studies about intrahousehold

bargaining, each household member may have their preference

which can affect the productivity of the household. Though

few attempted to incorporate the intrahousehold issues in

IR, most failed to explain the relationship. This study will

attempt to revisit the IR debate by incorporating a joint

farming decision-making strategy among married couples

in India.
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Theoretical framework

The study’s theoretical framework shows the linkage

between farm area and productivity, following Assunção and

Braido (2007). I assume a Cobb-Douglas production function

with household i is expressed as

Yi = AiT
αt
i K

αk
i L

αl
i exp (εi) (1)

where Yi is the yield; Ti is the total cultivated area; Li and Ki are

the amount of labor and non-labor inputs used; Ai represents

observable household and land characteristics associated with

different factors like village and caste; and εi is the error term.

It is also assumed that there is constant returns to scale and

a competitive market. For the household to know the optimal

amount of labor and non-labor inputs, one should solve the

profit maximization problem given as

maxT
(k_i,l_i)

E (ai T
αi
i k

αi
i l

αi
i exp (εi) − ki − li) (2)

where yi = pYi is the value of the output; p, w, and r are prices

of Yi, Li, and Ki , respectively; ki = rKi is the value of the non-

labor inputs; li = wLi is the value of the labor inputs; and ai

is a price adjusted technological term (ai =
Ai

(r)ai (w)αi
). After

solving the maximization problem, the optimal inputs for labor

and non-labor inputs would be:

k
∗

i = Ti

(

α
(1−αl)

k
α

αl
l

αiE(exp (εi))
)ρ

(3)

l
∗

i = Ti

(

α
(1−αk)

l
α

αk
k

αiE(exp (εi))
)ρ

(4)

where ρ =
1

1−αk−αl
In this analysis, Assunção and Braido (2007) further assume

that the yield should be independent of the area of the farm,

following the assumption that ai and error term εi and can be

written as

yi

Ti
= (λai)

ρ exp (εi) (5)

where λ = α
αk
k

α
αl
l

[

E(exp (εi))
](αk+ αl)

Data and methods

Primary data

The study uses the 2016 Rice Monitoring Survey conducted

by IRRI. A rice-producing household is defined as a household

that produced rice during the past 12 months. The study uses

the 2016 RiceMonitoring Survey conducted by IRRI. The survey

targeted the rural population of eastern India by randomly

selecting rural areas based on the 2011 Census of India. Four

TABLE 1 Sample districts and smallholder households in eastern India,

2016.

State Number of

districts

Number of

households

Eastern Uttar Pradesh 37 513

Odisha 30 627

Bihar 16 329

West Bengal 18 442

Total 101 1,931

Source: 2016 Rice Monitoring Survey conducted by IRRI.

states in the eastern part of India are considered for this

study: eastern Uttar Pradesh, Odisha, Bihar, and West Bengal.

A multi-stage sampling technique was adopted in selecting the

respondents. In the first stage, the number of districts was

randomly selected in each state using the Census of 2011.8

On the other hand, the second stage involves determining the

number of villages based on the proportion of each state’s total

rice area, keeping the total number of villages at 720. Among

the selected villages, household samples are randomly selected

using the household census village data. A total of 101 districts

and 1,931 rice-producing households are included in the survey

(Table 1).

A structured questionnaire was used to interview the

household’s primary male and female decision-makers.

Information regarding household and rice production

was collected from male respondents, while information

about livestock and household assets were collected from

the female respondents. The survey employed male and

female enumerators to elicit unbiased responses in the

interview process. The male enumerator interviewed the

male respondents, while the female enumerator interviewed

the female respondents. The study focused on information

regarding the 2015 wet season, the primary rice-growing

season in eastern India. A computer-assisted personalized

interview (CAPI) program, Surveybe, was used to collect the

data. To capture the joint farm decision-making, the study

considered only married couples and simultaneously identified

the male and female decision-makers. Choosing the married

couple as a major criterion is necessary since it is common for

Indian households to have an extended family living in one

house. Farmers and spouses were queried about seven farm

production-related decisions. For the current study, we only

considered joint farm decision-making regarding the selection

of rice seed varieties. Thus, the joint farming decision-making

takes a value of 1 if the husband and wife made the decision

jointly and 0 otherwise.

8 This data set contains information about all the districts, villages,

towns, and cities in urban and rural India.
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TABLE 2A Summary statistics of the variables used in the estimation, Eastern India, 2016.

Low (n = 773) Mid (n = 163) High (n = 995) All farmsa (n = 1,931)

Yield (kg/ha) 625.23 1,471.47 2,743.77 1,788.30

Total area (ha) 0.37 0.41 0.45 0.42

Experienced flood/drought 2015 (= 1 if yes; 0 otherwise) 0.65 0.71 0.60 0.63

Total plots 1.18 1.41 1.53 1.38

Share of irrigated land to the total land (%) 47.97 41.24 36.03 41.25

Proportion of medium land 0.63 0.41 0.43 0.51

Land with title (1= yes; 0 otherwise) 0.75 0.74 0.76 0.76

Seed (kg/ha) 43.32 35.05 34.75 38.21

Total fertilizer (kg/ha)b 286.59 290.49 264.23 275.40

Family labor (person-days/ha) 30.22 34.09 32.43 62.13

Hired labor (person-days/ha) 16.93 16.98 14.96 31.68

Contract labor (person-days/ha) 11.82 12.37 16.98 15.92

Total labor (person-days/ha)c 58.97 63.44 64.37 14.53

Machine (1= yes; 0 otherwise)d 0.83 0.89 0.88 0.86

Local rice varieties (= 1 if yes; 0 otherwise) 0.18 0.10 0.09 0.12

MRV1 (before 1977) (= 1 if yes; 0 otherwise) 0.16 0.04 0.07 0.10

MRV2 (1977-85) (= 1 if yes; 0 otherwise) 0.19 0.09 0.24 0.21

MRV3 (1986-1995) (= 1 if yes; 0 otherwise) 0.17 0.06 0.06 0.10

MRV4(1996 or later) (= 1 if yes; 0 otherwise) 0.11 0.04 0.07 0.08

MRV5 (hybrid rice 1995 and later) (= 1 if yes; 0 otherwise) 0.05 0.36 0.09 0.10

MRV6 (mixed generation) (= 1 if yes; 0 otherwise) 0.14 0.31 0.40 0.28

Age respondent 47.44 49.01 48.27 48.00

Education respondent 5.57 6.08 5.50 5.58

Household size 3.73 3.69 3.63 3.68

Scheduled castes/tribese (=1 if yes; 0 otherwise) 0.31 0.23 0.29 0.30

Other backward castesf (=1 if yes; 0 otherwise) 0.48 0.40 0.34 0.40

General castes (=1 if yes; 0 otherwise) 0.21 0.37 0.36 0.30

Farm located in Bihar (1=yes; 0=otherwise) 0.20 0.41 0.29 0.27

Farm located in Odisha (1=yes; 0=otherwise) 0.36 0.26 0.31 0.32

Farm located in Uttar Pradesh (1=yes; 0=otherwise) 0.30 0.17 0.09 0.18

Farm located in West Bengal (1=yes; 0=otherwise) 0.14 0.17 0.31 0.23

Non-rural farm major source of incomeg (=1 if yes; 0 otherwise) 0.62 0.66 0.74 0.62

Joint farming decision-makingh (=1 if yes; 0 otherwise) 0.48 0.39 0.45 0.46

aLow performing farms (yield <1,297.28 kg/ha); Mid performing farms (yields between 1,297.28 to 1,662.09 kg/ha); and High performing farms (yield greater than 1,662.09 kg/ha).
bTotal chemical fertilizer used in rice production: NPK- Nitrogen, phosphorus and potassium (15-15-15); DAP - Diammonium Phosphate (18-44-0); And Urea (46-0-0) (www.Yara.com).
cThis includes family labor, hired labor, and contract labor. Person-days/ha is the same as person-days/ ha in which 6 hours=1 day.
dThe household is using at least one of the types of machines listed: Tractor, Transplanter, sprayer, combine harvester, thresher, diesel pumps, and electric pumps.
eIncludes designated groups of historically disadvantaged indigenous people in India. The terms are recognized in the Constitution of India (GoI), and the various groups are designated

in one of the categories. since independence, the scheduled castes and scheduled tribes were given reservation status, guaranteeing political representation.
fIncludes castes that are socially and educationally discriminated.
gAt least one household member has off-farm labor like salaried job, business, and works in service industry.
hHusband and Spouse Are Making Farming-Related Decisions Jointly.

Source: Rice Monitoring Survey 2016.

Table 2A provides the summary statistics of the variables

used in the analysis. Due to space and brevity, the definition of

the variables is presented in Table 2B. The sample households

can be categorized based on the rice productivity: low-

performing (yield <1,297.28 kg/ha); mid-performing farms

(yields between 1,297.28 to 1,662.09 kg/ha); and high-

performing farms (yield >1,662.09 kg/ha). The table shows

that more than half of the sample households are high-

performing groups, followed by low performing (40%) and mid-

performing (8%). Rice yield in the sample has an average of
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TABLE 2B Variable definition used in the analysis, eastern India, 2016.

Variables Definition

Age (years) The age of respondent (years)

Education level (years) The years of education of the husband (years)

Household size Number of adults in the house (16 years and above).

Joint farming decision-making The participation of men and women: (1) husband and wife jointly participate in deciding the rice variety; (0) men solely

decides the rice variety in the presence of the wife.

Land title Ownership of land based on the name in the land title (certificate).

Caste These are designated groups of historically marginalized indigenous people in India. The terms are recognized in the

Constitution of India (GoI), and the various groups are designated in one of the categories. Since independence, the scheduled

castes and scheduled tribes were given reservation status, guaranteeing political representation.

Non-rural farm employment Number of the household members with off-farm labor like salaried job, business, and works in service industry.

Share of irrigated area Share of irrigated rice area to the total rice area.

Proportion of mediumland This is the proportion of area that a farmer considered to be a mediumland to the total rice area.

Experienced flood/drought 2015 (1=

yes, 0 otherwise)

This indicates if the farmer experienced flood, drought, or both in cropping the year 2015

Seeds use (kg/ha) Seeds use (kg/ha).

Fertilizer use (kg/ha) Total chemical fertilizer used in rice production: NPK- nitrogen, phosphorus and potassium (15-15-15); DAP - diammonium

phosphate (18-44-0); and Urea (46-0-0).

Total plots Total plots the household is currently cultivating.

Labor Labor use can be classified as hired labor (person-days/ha); family labor (person-days/ha); and contract labor (person-days/ha).

1 day= 6 h

Source: 2016 Rice Monitoring Survey conducted by IRRI.

1,788 kg/ha, which is lower than the national average of 3,700

kg/ha [International Rice Research Institute (IRRI), 2019]. The

dominance of the marginal farms can be observed in the average

cultivated area of the whole sample, which reached 0.41 ha.

Regarding land ownership, most of the cultivated rice areas in

the sample have ownership land titles.

Rice is mainly planted in nearly half of the households’

medium part of the land. Among the farm groups, around 62%

of these low-performing farms used most of this medium land

compared to the other groups. In terms of irrigation, more than

40% of the cultivated rice area is irrigated through supplemental

irrigation (such as deep or shallow tube well, canals, and ponds).

The low and mid-performing groups have a high percentage

of irrigated areas compared to high performing group. This

suggests that many farmers still rely on rainfall for water sources.

However, rainfed areas are prone to water-related problems like

floods and drought, which can be one reason for the slow growth

in productivity in the area (Pandey et al., 2007; Dar et al., 2013).

In the study done by Gumma et al. (2011), it was estimated that

an average of 8–40% and 17–22% of the total rice area in eastern

India are prone to flood and drought, respectively. Table 2A

shows that 63% of the rice producers in the sample were affected

by flood and drought, with mid-performers affected the most.

The major inputs used in rice production are seeds, labor,

and fertilizer (NPK, DAP, Urea). The table shows that low-

performing farms apply the highest amount of seeds, reaching

43.32 kg/ha. The use of fertilizer is highest in the mid-

performing group, which reached 290.49 kg/ha. On the other

hand, the labor used in rice production comprises three types:

family, hired, and contract labor. Family labor provided the

highest day worked on the farm (32 person-day/ha) and followed

by contract labor (17 person-day/ha) and hired labor (15 person-

day/ha). It also shows that the participation of family labor

is constant across the group. Among the farm groups, low-

performing groups required the lowest labor in rice production

(60 person-day/ ha) compared to the two farm groups.

Table 2A also reveals that nearly half of rice producers

use MRV6 (mixed generation) and MRV2 (1977–1985). The

farm group shows that almost 71% of low-performing farms

still use old rice varieties9 and local rice varieties. Using these

local varieties may explain the low productivity of the group.

The study of Bagchi and Emerick-Bool (2012) found that local

varieties in West Bengal generate a lower yield than modern

varieties by 1.63 kg/ha. It also shows high performing groups

preferred the MRV2 (rice varieties released between 1977 and

1985) and MRV6 (mixed). The hybrid rice varieties (MRV5)

and MRV6 (mixed) are preferred in the mid-performing group.

According to Behura et al. (2012), combining different varieties

is one of the practices in flood/drought-prone areas to ensure

9 Old varieties as rice varieties that were released 1995 and earlier which

excludes local varieties.
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production. This is not surprising since a high percentage of

farmers experienced flood/drought during 2015.

It shows that the average operator is 48 years old with an

average of 6 years of education in household characteristics.

There is also a narrowing difference in education between

husband and wife, which increases as productivity increases.

However, the age difference is constant across farm groups.

Most farmers belong to other backward castes (40%), followed

by general caste and scheduled tribe/ caste (30%). Among the

farm group, low and mid groups constitute primarily Scheduled

tribes/Scheduled castes, while the high-performing group is

composed mainly of general castes. In terms of farm location,

most of the rice producers are found in Odisha (17%), followed

by Bihar (44%), West Bengal (42%), and Uttar Pradesh (39%).

More than 60% of the household has at least one member

with non-farm employment in terms of sources of income. It

shows that high-performing groups have the highest percentage

of households with non-rural farm employment. Finally, in

deciding on rice varieties, Table 2A shows that nearly half of

low and high-performing groups jointly participate in farming

decision-making in determining the rice variety.

Empirical strategy

Following a Cobb-Douglas production function, the farm

size-productivity relationship is usually tested using an ordinary

linear regression (OLS):

Yi = β0 + δ1Li + εi (6)

where i is the ith household; Y is the yield; L is the cultivated

land; β is the intercept, and ε is the error term with constant

variance and mean zero εi ≈ i.i.d. N
(

0, σ 2
)

. Equation

(6) is an example of a naïve regression that only includes

one independent variable. To know if there is a correlation

between the cultivated area and productivity, we can test the

null hypothesis H0 : δ1 = 0 that there is no relationship against

the alternative relationship in which there exists an inverse

relationshipH1 : δ2 < 0. However, Equation (6) estimates likely

to suffer from omitted variables. Thus, we need to estimate a

less restrictive model by adding potential explanatory variables.

Equation 7 shows an expanded version of Equation (6) where

household variables (e.g., age and years of the respondent, family

size, non-rural farm income), joint farming decision-making

(selecting rice variety), and farm variables (e.g., occurrence

stress, percentage of irrigated land, the quantity of seeds, the

quantity of fertilizer (NPK), total labor, and rice varieties)

were added.

Yi = xi
′β2 + δ2Li + νi (7)

where β2 represents all associations between productivity and

vector of household and farm variables; and νi an error term.

If there is an existence of IR, then we fail to accept the null

hypothesis H0 : δ2 = 0 in favor of the alternative relationship

in which there exists an inverse relationship H2 : δ2 < 0.

Following Gaurav and Mishra (2015) and Barrett et al.

(2010), including additional control variables would help me

establish the inverse productivity relationship in rice production

based on major explanations discussed in the literature, such

as household-specific market imperfections and soil quality.

The household-specific market imperfections can be one of the

reasons for the existence of IR. In this case, shadow prices

of inputs (such as land and labor) and outputs often create

heterogeneity between households. According to Feder (1985),

farm area is correlated to unobserved household-specific shadow

prices, which may cause IR. The household-specific variables

used are dummies for state and caste where the household

belongs. Thus, accounting for the unobserved household-

specific market imperfections, the specification becomes:

Yi = xi
′β3 + γ3 Li + λ3H + ωi (8)

where λ3 represents state and caste controls and ωi is an error

term. If the household-specific failure is the reason for an IR,

controlling for the household-specific effect (λ3) would lead to

failure to reject H0 : γ 3 = 0. Soil quality is another standard

variable omitted due to data unavailability but is considered one

of the major reasons for IR existence. However, Barrett et al.

(2010) pointed out that soil quality affects farm size and yield

differently, resulting in biased estimates if ignored. To account

for this issue, I included the variable proportion of medium

land,10 which can be a proxy for topography. The specification

is given as follows:

Yi = xi
′β4 + γ4 Li + λ4H + φ3Qi + ηi (9)

where φ3 is coefficients for soil quality and ηi is the

error term.

Results and discussion

Inverse relationship

Table 3 shows the results of the four specifications for testing

the relationship between farm size and rice productivity using

rice yields (kg/ha): (1) naïve; (2) farm and household factors

fixed; (3) household fixed effects; and (4) soil quality fixed

effects. Results of the naïve specification (Model 1, Table 3)

10 Rice farms in India can be categorized as upland, medium land,

and lowland. The lowlands are located in the lower top sequence of

the fields while uplands are located in the upper part of the field with

less moisture availability and poor soil quality (sandy soils with less water

retention capacity). Lastly, medium land is intermediate between lowland

and upland (Gauchan et al., 2012).

Frontiers in Sustainable FoodSystems 09 frontiersin.org

https://doi.org/10.3389/fsufs.2022.1000156
https://www.frontiersin.org/journals/sustainable-food-systems
https://www.frontiersin.org


Malabayabas and Mishra 10.3389/fsufs.2022.1000156

TABLE 3 Rice productivity estimation with household-specific and soil quality control, eastern India, 2016.

Naïve Farm and Household Household fixed Soil quality fixed

Model 1 Model 2 Model 3 Model 4

Dependent variable: Rice yield (kg/ha), log

Total area (ha), log −0.034 −0.221*** −0.113* −0.110*

(0.026) (0.061) (0.060) (0.060)

Experienced flood/drought 2015 (=1 if yes; 0 otherwise) −0.257*** −0.156*** −0.171***

(0.046) (0.046) (0.046)

Share of irrigated land to the total land area (%) −0.002*** −0.001 −0.001

(0.001) (0.001) (0.001)

Land with title (1=yes; 0 otherwise) 0.0281 −0.018 −0.024

(0.051) (0.049) (0.049)

Seed (kg/ha) −0.092** −0.118*** −0.118***

(0.039) (0.039) (0.039)

Total fertilizera , log −0.041 0.0502 0.044

(0.060) (0.059) (0.059)

Total laborb , log 0.105** 0.029 0.012

(0.043) (0.042) (0.042)

Use machine (1=yes; 0 otherwise)c 0.237*** 0.103 0.119*

(0.069) (0.070) (0.070)

MRV1 (before 1977) (=1 if yes; 0 otherwise) 0.230** 0.207** 0.222**

(0.091) (0.089) (0.089)

MRV2 (1977-85) (=1 if yes; 0 otherwise) 0.266*** 0.245*** 0.255***

(0.077) (0.074) (0.074)

MRV3 (1986-1995) (=1 if yes; 0 otherwise) 0.282*** 0.478*** 0.477***

(0.091) (0.089) (0.089)

MRV4(1996 or later) (=1 if yes; 0 otherwise) −0.106 0.013 0.018

(0.095) (0.094) (0.093)

MRV5 (hybrid rice 1995 and later) (=1 if yes; 0 otherwise) 0.505*** 0.456*** 0.454***

(0.096) (0.095) (0.095)

MRV6 (mixed generation) (=1 if yes; 0 otherwise) 0.605*** 0.626*** 0.615***

(0.075) (0.073) (0.073)

Age respondent, log −0.006** −0.004 −0.004

(0.003) (0.003) (0.003)

Years of education respondent, log −0.019 −0.071 −0.072

(0.100) (0.094) (0.094)

Household size, log −0.092 −0.031 −0.032

(0.059) (0.059) (0.059)

Non-farm major source of incomed (=1 if yes; 0 otherwise) 0.179*** 0.142*** 0.130***

(0.050) (0.050) (0.050)

Joint farming decision-makinge (=1 if yes; 0 otherwise) −0.104** −0.091** −0.080**

(0.048) (0.041) (0.040)

Controls

Scheduled castes/tribesf (=1 if yes; 0 otherwise)

−0.056 −0.045

(0.056) (0.056)

Other backward castesg (=1 if yes; 0 otherwise) −0.150** −0.143**

(0.059) (0.059)

Farm in Bihar (1=yes; 0=otherwise) 0.589*** 0.539***

(0.074) (0.076)

(Continued)
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TABLE 3 (Continued)

Naïve Farm and Household Household fixed Soil quality fixed

Model 1 Model 2 Model 3 Model 4

Farm in Odisha (1=yes; 0=otherwise) 0.307*** 0.259***

(0.097) (0.010)

Farm in West Bengal (1=yes; 0=otherwise) 0.782*** 0.731***

(0.097) (0.010)

Proportion of medium land −0.138***

(0.050)

Constant 7.101*** 6.910*** 6.597*** 6.791***

(0.039) (0.451) (0.454) (0.457)

β_0=−0.034 17.610*** 6.040** 5.810**

Observations 1,931 1,931 1,931 1,931

R-squared 0.001 0.102 0.162 0.166

aTotal chemical fertilizer used in rice production: NPK- nitrogen, phosphorus and potassium (15-15-15); DAP - diammonium phosphate (18-44-0); and Urea (46-0-0) (www.yara.com).
bThis includes family labor, hired labor, and contract labor. Person-days/ha is the same as person-days/ha in which 6 h=1 day.
cThe household uses at least one of the types of machines listed: tractor, transplanter, sprayer, combine harvester, thresher, diesel pumps, and electric pumps.
dAt least one household member has off-farm labor like salaried job, business, and works in the service industry.
eHusband and spouse are making farming-related decisions jointly.
fIncludes designated groups of historically disadvantaged indigenous people in India. The terms are recognized in the Constitution of India (GoI), and the various groups are designated

in one of the categories. Since independence, the scheduled castes and scheduled tribes were given reservation status, guaranteeing political representation.
gIncludes castes that are socially and educationally discriminated.

Source: 2016 Rice Monitoring Survey conducted by IRRI.

show a negative but insignificant relationship between cultivated

rice area and rice productivity. The estimate suggests that

doubling the cultivated rice area decreases rice yield by 3%.

However, the above estimate only predicts a 0.1% variation in

rice yields, and the estimates may be more likely to suffer from

omitted variables bias. Model 2 (Table 3) includes farm and

household characteristics variables in the empirical estimation.

The coefficient of cultivated rice area (farm size) is negative

and statistically significant at the 1% level of significance. The

estimate suggests that doubling the cultivated rice area decreases

rice yield by 22%. Notice that the estimates, in absolute terms,

increased and became significant in Model 2 than in Model 1

(Table 3). Our estimate between farm size and yields is higher

(22% vs. 10%) than those obtained by Desiere and Jolliffe

(2018).

Additional variables in Model 2 (Table 3) show that major

inputs like total labor, use of machines, and modern rice

varieties, compared to local rice varieties, increase rice yields

in the sampled four states of India. For instance, Model 2

shows doubling labor use increases rice productivity by 10

percent. On the other hand, the coefficient of rice seeds is

negative and significant at the 5% significance level. This

finding is consistent with Mishra et al. (2015), who found a

negative and significant relationship between the quantity of

seeds and rice output in Bangladesh. However, the above finding

contrasts with Mishra et al. (2018) and Mariano et al. (2011),

who found a positive and significant relationship between

the quantity of seeds and rice output. In sum, the above

findings reveal that rice farmers in the four states can increase

rice productivity by lowering the amount of rice seeds and

raising labor and machinery usage on their farms. Regarding

the household variables, Model 2 (Table 3) shows that having

non-farm employment income increases rice yields. Thus,

income from non-farm sources could help smallholder families

to relax their credit constraints.11 Additional income from

non-farm employment could be used for farm investments

(buying land machinery etc.), additional inputs, quality inputs,

and new technology, thus increasing rice productivity. Our

finding is consistent with Evans and Ngau (1991), who found

a positive relationship between off-farm participation and

agricultural investment.

The coefficient of joint farming decision-making is negative

and statistically significant at the 1% level of significance.

The coefficient is also significantly negative in Models 3 and

4. Result suggests that farming decisions made jointly in

married farm households negatively affect rice yields. A plausible

explanation could be untimely, miscommunication, andmissing

information when making the final decision. For example,

11 Rizov et al. (2001) note that in transitional economies o�-farm

income may be more important than farm assets in reducing capital

constraints.
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decisions may change if the conditions on the ground change,

and the spouse cannot get in touch with the farmer—thus using

her capabilities to pivot. Another reason, as pointed out by

Acosta et al. (2020), is the perception of joint decision-making

in farming.12 The authors test gender differences in perceptions

of joint decision-making in farming in Uganda. Decisions like

‘what and where to plant’ and ‘to sell land’ were more frequently

perceived as joint by women than men. Indeed, Mottaleb et al.

(2017) argue that women like the intrinsic qualities of rice

varieties (e.g., taste, cooking qualities, and grain shape) more

than those with the highest yield. Our findings underscore the

importance of rice quality when farmers choose rice variety,

especially during the joint-decision-making process.

Following Barrett et al. (2010) and Gaurav and Mishra

(2015), two common explanations for IR are household-specific

market imperfections and soil quality. Our study addresses

market imperfections by including household-specific fixed in

Model 3. Model 3 of Table 3 shows that IR still holds, and the

coefficient of farm size is negative and statistically significant at

the 10 percent level of significance. Testing the joint household-

specific controls shows significant (p = 0.000 at the 1% level of

significance), thus rejecting the null hypothesis (H0 : λ3 = 0).

The magnitude of the farm area coefficient, compared to Model

2, also decreased by almost half. Our finding is consistent with

Barrett et al. (2010), showing that controlling for household-

specific weakens the explanation of the existence of IR. Model

4 (Table 3) shows the results when soil quality control when

included in the estimation. Again, the coefficient of farm size

is negative and statistically significant at the 10 percent level

of significance. Testing the joint soil quality specific controls

shows significant (p= 0.000 at the 1% level of significance), thus

rejecting the null hypothesis (H0 : λ4 = 0). Also, the magnitude

of the coefficient, in absolute terms, is similar to Model 3. The

inclusion of soil quality controls decreased the magnitude of the

coefficient of farm area (cultivated rice area) by nearly half as

compared to Model 2. Our finding is consistent with Bhalla and

Roy (1988) regarding the weakening of the relationship when

controlling for land quality. The authors argued that ignoring

the land quality may result in specification errors, leading to an

artificial impact on productivity.

Overall, the inputs show almost identical signs and

significance in the three models (Model 2, 3, and 4) in Table 3.

The occurrence of flood and drought has a negative and

significant impact on rice productivity in the three models.

However, the magnitude of the coefficient (in absolute terms)

decreases once more controls are included in the empirical

model. The adverse effect of flood and drought on rice yields

is consistent with Mishra et al.’s (2015) findings, who found

that abiotic stresses (drought and flood) reduced rice production

among rice farmers in Bangladesh. Thus, controlling for soil

12 Alwang et al. (2017) found thatmen claimed sole responsibilities over

the decisions while the spouses claimed the decisions were made jointly.

quality seems to emphasize the effect of flood and drought. In

terms of caste, households belonging to other backward castes

(OBC) have a negative impact on rice yield when added to

the model. This finding is not surprising because OBC’s farms

are usually located in poor water conditions, prone to flooding,

lower land fertility, and low productivity. Additionally, farmers

from socially disadvantaged castes like OBCs, have a lower

probability of accessing farming information, public extension

services, and inferior resource endowments. Our finding is

consistent with Dar et al. (2013).

Conclusion and policy implications

Smallholders are one of the major players in the Indian rice

sector. With the continuously increasing number of small and

fragmented land, inevitably, this sector will remain. However,

with the slow growth in rice production for the past decades

in India, understanding the relationship between smallholders

and rice productivity is essential in identifying the major

constraints. The existence of IR in farm size and productivity is

a common justification for implementing land reform programs

that promote efficiency and equity among poor farmers. Hence,

this paper analyzed the farm size and productivity relationship

among rice farmers in eastern India. Specifically, the study

focused on how intrahousehold joint farming decision-making

impacted rice productivity. The study used the 2016 Rice

Monitoring Survey, a nationally representative household-level

survey by the International Rice Research Institute (IRRI). The

current study showed two significant findings. First, the study

found an inverse relationship (IR) between farm size and rice

productivity, and the IR weakens when controlling household

effects and soil quality. Second, the study provided evidence of

joint farming decision-making on rice productivity. The study

found that joint farming decision-making had an adverse impact

on rice productivity, at least in the sampled rice farms in eastern

Indian states of Uttar Pradesh, Bihar, Odisha, and West Bengal.

There are several implications of this study. First, the

existence of IR among the smallholder does not warrant land

reform programs. Instead, policymakers should focus on policies

addressing the causes of structural land fragmentation, including

policies for enhancing the rural infrastructures, modifying

inheritance laws, and reviewing land reform enactments.

Secondly, policymakers need to provide greater support to

small farms. Policymakers need to focus efforts on improving

crop production, yield, farm investment, and extension services.

Thirdly, since the joint farming decision-making in choosing the

rice variety penalizes rice productivity, enhancing the couple’s

knowledge regarding rice varieties should be a priority for

policymakers, researchers, and extension agents. Broadcasting

information about rice variety characteristics (planting duration,

pest resistance, and ecosystem) and consumer traits (aroma,

grain length, and taste) should be in order. The couples could
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help develop new rice varieties by providing rice breeders

information on their preferred rice traits through Participatory

Varietal Selection (PVS). A PVS study by Manzanilla et al.

(2014) regarding submergence tolerant varieties in Southeast

Asia shows that female farmers are as knowledgeable as male

farmers in evaluating the lines/variety visible characteristics.

Fourth, developing a robust private farm machinery market

with private entrepreneurs can support the demand and

supply of farm machinery. In fact, rice farming at a smaller

scale could be achieved by hiring machinery services. Fifth,

to support marginalized and socially disadvantaged farmers

government can engage in information and technology diffusion

and farming practices through extension agents and other

agricultural advisory services. To this end, the government

can use Krishi Vigyan Kendra or Agricultural Science Center)

to provide agricultural extension services to reach not

only socially disadvantaged farmers but smallholders in

rural India.

Lastly, findings underscore the non-farm sector’s

importance in increasing rice yields. As a result, government

policies that influence general economic conditions profoundly

impact smallholder households. Policies aimed at increasing

off-farm job opportunities should be enacted carefully.

Off-farm employment opportunities require higher human

capital. Policymakers can facilitate access to education

and job opportunities is of paramount importance in

determining off-farm employment and the transformation

of smallholder agriculture.
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