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Introduction

Land access can be instrumental for increasing farmers’ income (Jayne et al., 2010; Eastwood et
al., 2010). Land is viewed not only as a production factor but also as a tool to gain access to credits
(Deininger et al., 2018). It further affects inequality (Oyvat, 2016). Through limiting the
aggregation of land, governments can reduce the risk of creating a small class of landholders that
obtain rents from a much larger class of landless rural poor. Policies that address consolidation of
fragmented agricultural land, or which place restrictions on the total area of landholding, are acting
on a long-standing empirical puzzle amongst economists: the relationship between agricultural
productivity and farm size (RAPFS) (Binswanger et al., 1995; Mazumdar, 1963; Rao, 1966; Rao,

1967; Sen, 1964; Eastwood et al., 2010; Ali & Deininger, 2015).

The concept of scale economies (Mill 1884) suggests that capital constraints and the scarcity of
land would create a situation wherein the RAPFS was positive — i.e. that increasing the area of
land operated under a single entity would generate improved productivity (Binswanger et al., 1995;
Hazell, 2005; Eastwood et al., 2010). On the other hand, an inverse RAPFS implies that both
productive efficiency and distributive justice could be achieved by restricting consolidation of land
holdings. Indeed, the persistence of an inverse RAPFS in some areas has been used to argue for
policies that limit consolidation of landholdings (Lipton, 2009), approaches to distributive justice
that have been implemented in India for some time. Whilst the existence of an inverse RAPFS
would be a fortunate outcome, it is unlikely to persist in contexts where there is substantial
mechanization of work and improved functioning of markets: both characteristics of recently

modernizing agricultural supply chains in India.

Many empirical analyses have indicated evidence of a persistent inverse RAPFS (e.g. Sen, 1964;

Binswanger et al., 1995; Heltberg, 1998; Banerjee, 2000; Lamb, 2003; Eastwood et al., 2010;
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Barrett et al., 2010; Ali & Deininger, 2015; Desiere & Jolliffe, 2018) including in the context of
India (e.g. Rao, 1967; Manjunatha et al, 2013; Deininger et al., 2018). A range of explanations for
the inverse RAPFS have been considered including omitted variable bias especially related to land
quality (Carter, 1984; Binswanger et al., 1995; Eastwood et al., 2010; Barrett et al., 2010; Ali &
Deininger, 2015), measurement errors (Ali & Deininger, 2015), market imperfections (Desiere &
Jolliffe, 2018), labour market inefficiencies (Carter, 1984; Feder, 1985; Byiringiro & Reardon,
1996; Assuncao & Braido, 2007), strategic and/or systematic over- or under-reporting dependent
on the land size (Barrett et al., 2018; Desiere & Jolliffe, 2018; Carletto et al., 2013), and
misspecification biases associated with the use of linear-in-parameters statistical methods (e.g.
Assungdo & Braido, 2007; Barrett et al., 2010; Ali & Deininger, 2015). Despite these efforts, the

inverse RAPFS has been shown to be surprisingly persistent (Deininger et al. 2018).

In India, the inverse RAPFS has almost become an empirical regularity with studies from the
1960’s and 1970’s (Sen, 1964; Bardhan, 1973; Srinivasan, 1972) initially establishing an inverse
relationship and with more recent support indicating it has continued at least until 2008 (Deininger
et al. 2018). The Indian case has high relevance both for policy and for development outcomes.
For example, India’s latest Five Year Plan emphasises the joint role of land consolidation policies
and restrictions on total landholdings in seeking to improve the productivity of land whilst ensuring
distributive justice (GOI, 2015; Ghatak & Roy, 2007; Manjunatha et al, 2013). High income
inequality is strongly associated with land access in India (Chakravorty et al., 2016; Deininger et
al, 2017; Laha, 2017) driving emergent policy concerns with many Indian states having made
efforts to transfer ownership rights to tenants (GOI, 2015; Ghatak & Roy, 2007). As a result of
tenancy reform policies, by the end of 2010, 12.586 million tenants had received secure land titles

covering 67,638 km? (ICAR, 2017). The reforms have however created strong barriers to leasing
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of agricultural land as owners become concerned about losing land through government-mandated
title transfers to their tenants (Gol, 2016). As a result, the land rental market has become highly
informal with poor tenure security for tenants. As this is likely to affect investment decisions, we

expect that on leased plots the RAPFS has a smaller slope.

In the last two decades, there are no studies we are aware of on Indian agriculture or development
in the that have employed panel-data involving an annual frequency for analysis combined with a
large sample of households. Indeed, the most recent study (Deininger et al. 2018) involves only
three periods across time — 1982, 1999, and 2008 — only one of which is in the last 20 years, and
utilize a representation that will potentially be impacted by omitted variable bias due to the lack of
inclusion of production substitutes. This indicates that the tenancy reforms reviewed above are
likely being developed in an environment with substantial limits to contemporary information on

the RAPFS (Deininger et al. 2018).

In this paper we present an analysis of in which we utilised uniquely detailed data that provide a
modern insight into the RAPFS in India that enables improved management of measurement errors
and apply methods that improve upon existing approaches that simultaneously deal with
misspecification biases and omitted variables bias. Specifically, we used the Village Dynamics in
South Asia (VDSA) panel dataset covering the years 2009 to 2015 for 1,129 households in 30
villages and 9 states of India to consider the RAPFS. The data used here involves unique depth
and accuracy through collation of data using regular household visits (every three weeks) to report
on multiple agricultural production variables minimising recall and measurement errors. The
continuous data collection over five years better allows to control for short term weather and
market dynamics. In addition, most of the studies on the RAPFS use household data to explain
agricultural output (e.g. Binswanger et al, 1995; Gautam & Ahmed, 2018; Desiere & Jolliffe,
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2018). The VDSA data, in contrast, permits conducting both output and profit analysis on the plot
and household level. In this study we estimated the RAPFS using updated approaches to
nonparametric methods, the partially-linear model (PLM) approach, that allows for a
nonparametric representation of the RAPFS whilst controlling for other factors that affect
productivity and profitability (i.e. for omitted variable bias). Our paper contributes to the literature

in three main ways.

Firstly, we present a uniquely detailed examination of the RAPFS in the Indian context. Indian
agriculture has undergone substantial changes since the 1980s. Deininger et al. (2018) find
evidence for better functioning labor markets due to technological advances, rising wages and
increased non-agricultural labor demand. This is likely to have an impact on the RAPFS which
indicates the need for more contemporary information to support policy making. Foster &
Rosenzweig (2011) are the first to express that the RAPFS is changing its shape in today’s Indian
agricultural sector. This finding was confirmed more recently by Deininger et al. (2018). Both
studies use plot level data in 242 villages across 17 states collected in 1982, 1999 (2,424
households) and 2008 (8,659 households) as part of the Rural Economic Development Survey by
India’s National Council for the Applied Economic Research. Whilst these studies both indicate
the potential for a shift in the RAPFS to a positive relationship, they are limited by the lack of

more recent data and by the discrete nature of observations across time in their panel.

Secondly, we deepen the discussion on tenure reform policies by assessing the RAPFS under
different forms of tenure. The objective in this setting was to identify whether there is a difference
in the shape of the RAPFS between leasehold and owned plots. In particular, the presence of
qualitative differences in the RAPFS would have potential implications for the speed and approach

to rollout tenure reforms across India.
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Thirdly, the analysis employs the PLM approach that extend the univariate nonparametric
approach utilised in more recent times to model the RAPFS (e.g. Assun¢do & Braido, 2007; Barrett
et al. ,2010; Ali & Deininger 2015). Whilst the use of univariate nonparametric methods may be
helpful to consider complex nonlinearities they do not account for the relationships of other time-
variant variables in the modelling of the RAPFS, thus trading off flexibility in the modelling the
RAPFS for omitted variable bias. The PLM approach is a flexible additive model that combines
linear parametric methods with a nonparametric component. The PLM approach allows for high-
dimensionality in the linear component and high-flexibility in the nonparametric component. Thus
the PLM approach generalises univariate nonparametric approaches to greatly improve accounting
for omitted variable biases. Detecting nonlinearities related to farm size has policy relevance as

land consolidation and ceiling policies target specific farm segments.

Data

The VDSA panel dataset was generated over a period of 40 years from 1975 to 2015 but with
discrete periods of data collection. In the most recent period (2009-2014), the period used for this
analysis, data were collected for a larger number of households and with vastly increased survey
efforts focused on detailed data collection covering production information, GPS-measured plots,
and 3-weekly household visits to record input and output data for each plot owned/leased by
participants. The resultant data set covers the period 2009 and 2015 with 1,129 households
participating from 30 villages in 9 states of India. Study sites were selected using a stepwise
purposive sampling strategy in order to cover the agro-ecological diversity of the region. Within
sites, households were grouped into land holding quartiles with 25% of households in each village

randomly selected from each land holding quartile.
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Data on household endowments were recorded once per year. Data on cultivation including all
inputs and outputs were collected on the subplot level once every three weeks. Subplots refer to
the separate cropping systems that may be used on any given plot. Given the diversity of
agricultural practices in the Indian context, subplot level disaggregation provides for a more
detailed view of activities that occur on a given plot across a given year. The short periodicity of

data collection makes the data more accurate.

Two levels of aggregation were considered for this analysis: plot-level and household-level. For
plot level analysis subplot level data were aggregated to the plot level whilst for the household-
level analysis subplot level data were aggregated to the household level. The time period for
aggregation in all cases was one agricultural year (1% June to 31%" May). Consequently, the data
has a panel structure with six years of observations (2009/10 to 2014/15) for 4,640 plots owned or
managed by 1,129 households'. All monetary values were converted into 2009 prices using the
wholesale price index as a conversion factor. We use the average exchange rate of 2009 (51 INR

=1 USD) to calculate values in 2009 USD values.

The majority of plots in this sample had an area of less than 1 hectare with an average of 0.53 ha
and with half of all recorded plots being smaller than 0.4 ha. The average total operated area is
1.37 hectare with the majority of households controlling less than 1 hectare. The average profit is
419 USD and half of the households generate a profit below 277 USD. More than 90 percent of

all households would live below the poverty line if agriculture was their only income (Figure 1).

! The panel is not balanced as sample household migrated out of the sites and were replaced by new households using
the same sampling procedure.
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Figure 1. Boxplots of key farm related indicators (outside values not shown)

Model Specification

Our models build on well-established economic theory in this field which has been summarized
by Barrett et al. (2010). They take into account household fixed effects and plot characteristics
which were identified as key factors when studying the RAPSF. Equation 1 represents the theory

underlying our analysis:
yi]' =Y m(AU) + ,[i"xi]- + Q) ql] + a'zl- + VS; + /11' + 5t+ wij (1)

The function, m(A;}), provides a linkage between two estimation approaches considered here: (1)
a parametric/linear model, and; (2) a semiparametric/partially linear model (Robinson 1988). In
the case of the linear model y - m(Ai j) =y - A;j. In the case of the partially linear model m(Al- j)

was estimated using the Robinson (1988) double residual method (see Verardi & Debarsy 2012).

The dependent variable y;; is the agricultural productivity per hectare of household i on plot /. A;;

is the key variable of interest representing the size of the plot which was cultivated in any season



175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

of that year. The vector x;; contains variables that are associated with production at the jth plot
(e.g. labour, material, water inputs). @ q;; is a vector of observed plot characteristics including soil
depth as an indicator for land quality and information on cropping systems; s;is the vector of
observed socioeconomic controls; z; includes household-level time-varying factors whilst A4;
represents household fixed effects. §t provides for time fixed effects in the specification. Errors
for the additive linear function are assumed symmetric IID. The household-level function
structurally corresponds to the plot-level function but with plot-level factors aggregated to the

household level with associated dropping of j plot subscripts.

Three indicators are used to measure agricultural productivity y;:
a) Total value of crop output obtained per hectare over all seasons in a year (crop value);
b) Net profit per hectare over all seasons in a year (profit);

c) Total factor productivity (TFP) per ha.

The crop value of a plot is the total amount of the crop main product and by-product in all the
seasons of the specific agricultural year multiplied by the prevailing harvest prices at the time of

harvest in the respective village).

The plot level net profit was calculated by deducting the costs of all inputs applied to the plot
during the year from the crop value of the plot for the year. Input and labour costs were calculated
on the basis of reported quantities and location- and time-specific prices. Inputs include electricity,
fuel, seeds, organic and inorganic fertilizers, pesticides, fungicides, growth regulators, micro
nutrients, weedicides, bullocks, tractor, thresher, harvester, and other machinery costs. Labour
includes hired and family male, female, and child labour. In the case of family labour and use of

owned machinery, shadow prices were included in the cost calculation. For the specific type of
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machinery and labour applied, the time of use was multiplied by location- and time-specific prices
reflecting how much the household would have had to pay if they had hired the machinery or the
labour. The first principal component has a strong positive load on all these indicators. The
household level net profit was calculated using the same logic, deducting the costs of all inputs

applied by the household during the year from the crop value of the household for the year.

Total factor productivity per ha at the plot level is computed by dividing the crop value of the plot
for the year by all inputs applied to the plot during the year. The same input variables as for the
net profit calculation have been used. The household level total factor productivity is the crop

value of the household for the year divided by all inputs applied by the household during the year.

All metric variables were transformed using the natural logarithm or inverse hyperbolic sine
transformation in case of variables containing also negative values (Burbidge ef al. 1988). We
excluded extreme observations which fall outside three times the interquartile range of any of the
variables in the dependent variable series (yij) or in the area variable (4ij). This criterion was

fulfilled for 832 or 5.68 percent of the plot level observations.

The parametric models were estimated using Ordinary Least Squares. The semipar function
(Robinson, 1988) in STATA 14 was used to estimate Robinson's semiparametric regression

models.

Results
We will present the results of the parametric and semiparametric models by providing for each
productivity indicator a figure showing the parametric and semiparametric fit. In addition, we

present tables with the key model information relevant for understanding the RAPFS. The first

10
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sub-section of the results is dedicated to the plot level and the second to the household level

analysis. A third sub-section provides results on land tenure related effects.

Plot level analyses

Figures 2a and 2b indicate a statistically significant positive RAPFS at the plot level both for the
crop value as well as the profit (also Table 1). The nonparametric component of the semi-
parametric model indicates a relatively linear relation for the crop value and the total factor
productivity. In the case of the net profit, we see that productivity increases most strongly as very

small plots gain in size.

a) CROP VALUE (Table 1, b) NET PROFIT (7Table 1, c) TFP (Table 1, Model 1.5
Models 1.1 & 1.2; Models 1.3 & 1.4; & 1.6, parametric fit

parametric fit significant at parametric fit significant at significant at 0.1% level)
0.1% level) 0.1% level)

-~ ~ - «

Predicted crop value
(In and demeaned)
Predicted profit
(sinh and demeaned)
2
1
Predicted TFP
(In and demeaned)

Plotsize in ha (In) Plot size in ha (In) Plot size in ha (In)

Parametric fit Parametric fit Parametric fit
—— Non-parametric fit —— Non-parametric fit —— Non-parametric fit

Figure 2. Parametric and semi-parametric functions explaining agricultural productivity
indicators on the plot level using parametric and Robinson’s semiparametric regression
estimator. The dotted lines show the confidence intervals.

Referring to the deep literature on the RAPFS one could suspect that we may have found a negative
relation if we had not controlled for market failures and plot characteristics. We therefore replicate
the analysis on the basis of the simplest specification presented in Barrett et al. (2010) which

disregards household fixed effects and plot characteristics. Even these models show a consistent

positive RAPFS.
11
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Table 1. Parametric and Robinson’s semi-parametric models explaining the relation
between plot size and plot level productivity indicators with household fixed effects.
Coefficients with standard errors in parentheses, ** p < 0.01, *** p <0.001.

In CROP VALUE asinh NET PROFIT Ln TFP
Semi- Para- Semi- Para- Semi- Para-
parametric metric  parametric  metric  parametric metric
Model 1.1  Model 1.2 Model 1.3 Model Model 1.5 Model 1.6
Ln plot size in ha Figure2a 0217  Figure2b 1526 Figure2c  0.071°*"
(0.038) (0.117) (0.006)
Ln operated area  -0.143" -0.121 -0.239 -0.126 -0.011 -0.007
in ha (0.068) (0.068) (0.309) (0.309) (0.015) (0.015)
Observed
production yes yes no no no no
inputs (Xjj)
Observed plot
characteristics  yeg yes yes yes yes yes
(9y)
Observed
socioeconomic  yeg yes yes yes yes yes
controls (si)
Year dummies(t)  yes yes yes yes yes yes
Constant -0.367" -1.156°° 0.027
(0.100) (0.429) (0.021))
Adj. R? 0.196 0.197 0.021 0.039 0.034 0.050
Observations 12508 12508 12508 12508 12490 12490
Log likelihood -22254 -22305 -41099 41116 -3602 -3614

Notes: Likelihood ratio tests of significance indicate that village dummies do not significantly improve the model

fit.

Household level analyses

The household level analyses confirm the same trend, though the results are less clear. Specifically,

the parametric model does not show a significant relation between crop value and the households

operated land area (Figure 3a, Table 2 Model 2.2) whilst the models explaining the profit show a

significant positive relation. The non-parametric model indicates that the net profit increase is

strongest for smaller farms and stagnates for bigger ones (Figure 3b, Table 2 Model 2.3 &2.4).

12
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a) CROP VALUE (Table 2, b) Net PROFIT (Table 2, ¢) TFP (Table 2, Models 2.5

Models 2.1 & 2.2; Models 2.3 & 2.4; & 2.6; parametric fit
parametric fit not parametric fit significant significant at 0.1% level)
significant) at 1% level)
3 SE o g .
> 583 e 7
Q0 o o o
oL o o5 oE o
© 0 QT o Qo
oo 8o 8T o
Lo S ToT
B¢ o8 Y- oc
BE - D_‘E D_E ~
o~ 23 = .
45 4 5 0 5 1 15 45 1 5 0 5 1 15 45 1 5 0 5 1 15
HH operated area in ha HH operated area in ha HH operated area in ha
(In and demeaned) (In and demeaned) (In and demeaned)
Parametric fit Parametric fit Parametric fit
— Non-parametric fit —— Non-parametric fit —— Non-parametric fit

Figure 3. Parametric and semi-parametric functions explaining the relation between
household operated area and household agricultural productivity indicators using
parametric and Robinson’s semiparametric regression estimator. The dotted lines show
the confidence intervals.

The nonparametric component of the semi-parametric model shows a very linear relation between
the operated area and the total factor productivity. The results confirm that the total factor
productivity decreases if the operated are is split into many plots. The models disregarding

household fixed effects and land quality indicators show an even stronger positive RAPFS.

13



Table 2. Parametric and Robinson’s semi-parametric models explaining the relation
between households’ operated area and household level productivity indicators with
household fixed effects. Coefficients with standard errors in parentheses, *** p <0.001.

In CROP VALUE asinh Net PROFIT Ln TFP
Semi- Para- Semi- Para- Semi- Para-
parametric metric parametric metric parametric metric
Model 2.1 Model Model 2.3 Model 2.4 Model 2.5 Model 2.6
2.2
Liﬁ:;izgoii; Figure 3a 0.097 Figure 3b 1.5457" Figure 3¢ 0.227™
. (0.120) (0.357) (0.016)
in ha
Ln number of -0.009 -0.018 0.018 -0.048 -0.043™"  -0.045™"
plots (0.021) (0.024) (0.099) (0.097) (0.010) (0.010)
Observed
production yes yes no no no no
inputs (Xjj)
Observed land
characteristics yes yes yes yes yes yes
(qi)
Observed
socioeconomic yes yes yes yes yes yes
controls (si)
Year dummies(t) yes yes yes yes yes yes
Constant 0.452 2.654 0.5217"
(0.272) (2.455) (0.114)
Adj. R? 0.125 0.125 0.032 0.044 0.049 0.136
Observations 5444 5444 5272 5272 5272 5272
Log likelihood -7400 -7453 -16238 -16259 -345 -356
Notes: Likelihood ratio tests of significance indicate that village dummies do not significantly improve the

model fit.

244  Land tenure related Subsample Analysis

245  In 2014, 14 percent of the surveyed plots where leased. The analysis of subsamples for leased and
246  owned plots show a consistent picture of positive RAPFS. There is little difference in the shape of
247  the crop value function between leased and owned plots (Figures 4a & 4b) indicating that tenure

248  had little relationship to the RAPFS.

14



(a) m(Ai) for CROP VALUE estimated for
LEASED plots only (parametric fit
significant at 1% level)

Predicted crop value
(In and demeaned)
1

2 ¥ 0 1 2
Plotsize in ha (In and demeaned)

Parametric fit Non-parametric fit

(b) m(Ai) for CROP VALUE estimated for
OWNED plots only (parametric fit
significant at 0.1% level)

-

Predicted crop value
(In and demeaned)
1

2 4 0 1 2
Plotsize in ha (In and demeaned)

Parametric fit Non-parametric fit

Figure 4. Comparing the RAPFS of (a) LEASED and (b) OWNED plots based on the
indicator plot-level crop value per hectare. Parametric and Robinson’s semi-parametric
functions with household fixed effects are presented.

249 The net profit models indicate a significant and positive RAPFS in the case of leased plots that is

250  undifferentiated across plot sizes. In the case of the owned plots, however, smaller plots have a

251  higher marginal improvement to increases in plot area than larger plots (Figure 5a and Figure 5b).

(a) RAPFS for profit per hectare estimated for (b) RAPFS for profit per hectare estimated for

LEASED plots
significant at 1% level)

<

Predicted profit
(sinh and demeaned)

only (parametric fit

2 -1 0 1
Plotsize in ha (In and demeaned)

Parametric fit Non-parametric fit

OWNED plots only (parametric fit
significant at 0.1% level)
=)

e

°3

agc o

33

5o

35

ag |

2 ; ; j :
Plotsize in ha (In and demeaned)

Parametric fit Non-parametric fit

Figure 5. Comparing the RAPFS of (a) LEASED and (b) OWNED plots based on the
indicator plot-level net profit per ha. Parametric and Robinson’s semi-parametric
functions with household fixed effects are presented.
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Discussion

Our analysis provides consistent evidence for a positive RAPFS in Indian smallholder agriculture
in the 2010s. No matter whether we control for household fixed effects and plot characteristics,
whether we use crop value or profit as productivity indicator, or whether we conduct plot or
household level analysis, the farm size coefficients are positive and highly significant in almost all
cases, the exception being household level analyses in which the estimated RAPFS is insignificant
for a large portion of the range. The contrast of our findings of a consistently positive RAPFS
against a relatively large, but also largely out dated, body of evidence indicating an inverse RAPFS
indicates that policy frameworks around tenancy reform and equity objectives associated with
retaining smallholdings in agricultural systems in India may need reviewing. In particular, a
positive RAPFS indicates that alternative approaches to equity objectives that are more direct may
be more effective and efficient for achieving development objectives (i.e. facilitating aggregation

of land with sellers moving into alternative livelihood pathways).

These results differ from many previous studies for the case of Indian agriculture (Binswanger et
al., 1995; Lamb, 2003; Assuncdo & Braido 2007). Whilst data collection and time-period
differences may be a difference, with our study using an approach that limits measurement errors,
there is also the possibility that the situation for Indian agriculture has simply changed in more
recent times. This conclusion would be in line with the analysis of Foster and Rosenzweig (2011)
and Deininger et al., (2018). The latter argue that the shape of the RAPFS has changed due to
changes in wage levels, newly available technologies and non-agricultural labor demand. Between
2006 and 2014, wage rates in India have increased by more than three times (ILO 2016b) with the
result that capital increasingly substitutes for labour. New information technologies make it easier

to supervise hired labour. As the result, it is very likely that the productivity disadvantages of hired
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labour which negatively affects the productivity of larger farms decreased over the last decades
(Deininger et al., 2018). Our models indicate a still large efficiency difference between family and
hired labour. It can be questioned whether markets will ever be able to balance the motivational

effect of working on your own farm.

In line with the most recent evidence (Deininger et al., 2018) from 2008, the results show that
investing in material inputs has a considerably more positive effect on the productivity than
investing in hired labour on a per-rupee basis. This supports the hypothesis of factor substitution.
If this was the case, land ownership should become increasingly important as it potentially
facilitates credit access (Deininger et al., 2018). Theoretically, owners of large plots, compared to
tenants of large plots, would have more financial capital and stronger incentives to invest in their
land with greater potential to achieve economies of scale (Eastwood et al., 2010). Our results do
not indicate any substantive and/or significant differences in the RAPFS for owned versus leased
plots. This may partially be due to the analysis involving mostly smaller plots here where even the

‘larger’ plots in this sample may not be sufficient in size to achieve true economies of scale.

Whilst there has been a substantial focus on the potential for nonparametric approaches to assist
in resolving the ‘paradox’ associated with a persistently inverse RAPFS, our results show no such
promise. In all cases the RAPFS estimated here is positive, and in most cases significantly so. The
remaining key differences between this analysis and previous analyses are: (1) omitted variable
bias for estimation of univariate nonparametric functions; (2) aggregation level (we include plot-
level analysis); (3) the time period of analysis — ours being up to 6 years later than the most recent
analysis in India and having 6 years of data (compared to only 1 in the next most recent comparable

study), and; (4) data quality. Whilst we are unable to test (4), the differences in data quality, our
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study provides insights into the remaining three potential causes of our findings of a positive

RAPFS.

Our results do not show any support for the potential for omitted variable bias reasoning with
univariate nonparametric methods and partial linear approaches both indicate a strongly positive

and significant RAPFS at the plot level.

The second case, aggregate analysis at the household level indicates substantial potential
differences from plot-level analysis however. Specifically, estimation of the RAPFS at the
household level (aggregating all plots owned by households) indicated that the RAPFS was not
significantly different from zero across a large range of farm sizes for either revenue or profit
measures. Given the large number of studies that rely on a household-level analysis this provides
a likely candidate for the RAPFS being ‘consistently’ negative over the 40 years of analysis in

India, and in other regions.

The third case is also a potential cause of differences with Deininger et al (2018) finding that the
inverse RAPFS had become substantially less negative over time. Given the more recent
dynamism of agriculture and food supply chains in India, including indications in this study and
that labour markets have become more efficient over time, our findings support those of Deininger

et al (2018).

Conclusion

Our study tested for the direction of the relationship between agricultural productivity and farm
size (RAPFS). In contrast to a large number of other studies, including studies based also in India,
we find strong evidence for a positive RAPFS. We suggest these differences may be associated

with genuine changes in the RAPFS that have shifted the relationship from a weak negative one

18



319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

(Deininger et al. 2018) to a strongly positive one in recent times. A range of approaches confirmed
the robustness of this approach to omitted variables bias and functional form restrictions including
the use of alternative productivity measures, inclusion of land quality measures, and the application
of semi-parametric methods. The positive relationship is observed on the plot and the household

level as well as for three different productivity indicators.

The presence of a positive RAPFS implies trade-offs between food production and reducing
inequalities (Eastwood et al., 2010; Harris & Orr, 2014). This demands more sensitive policy
choices due to the potential for land consolidation policies to generate improved productivity but
potentially also increases in inequality (Deininger et al., 2018). The results also indicate that
productivity related to operated land area is undifferentiated between freehold and leasehold land
indicating that land consolidation need not be based on permanent transfers of land (Thapa &

Niroula, 2008).

However, there appears to be a relatively low ceiling for improving household level productivity.
Our results show that profit increases associated with increasing household operated land area are
effectively zero for moderately large plots. Thus, preventing large land agglomerations with the
aim to improve wealth distribution as intended by land ceiling policies may cause only moderate

productivity loss (NABARD, 2018).
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