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Abstract

Smaller plots have higher yields per unit area, referred as the Inverse Productivity Relationship

Puzzle. This paper presents evidence for several hypotheses for this puzzle. First and most impor-

tantly, I used a randomized experiment to directly test the edge e↵ects hypothesis which means

plot peripheries are more productive than plot interiors for this puzzle. Specifically, by objectively

measuring the yield at the random subplot in each field, I show that crop yield is unrelated to the

distance to the plot edge. Thus no edge e↵ects are found. Then I continue to explore plot labor

use and find that more intensive labor, mostly family labor, is used on smaller plots even within

households and this particular pattern could explain most or all of the inverse relationship in my

data. Some possible reasons for this pattern to occur are discussed in this paper. In addition, I

show that measurement error in plot size does not su�ce to explain the puzzle while measurement

error in plot yield cannot be ruled out.
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1 Introduction

The Inverse Productivity Relationship captures the empirical regularity that agricultural produc-

tivity, measured as output per unit of cultivated area, decreases with land size in many developing

nations (Carter, 1984; Frisvold, 1994; Benjamin, 1995; Chowdhury, 2016; Collier, 1983; Barrett,

1996; Barrett, Bellemare and Hou, 2010; Ali and Deininger, 2015; Restuccia and Santaeulalia-

Llopis, 2015). It has been long considered as puzzle based on neoclassical economic theories where

inputs are distributed to the most profitable uses for e�cient allocation. In this sense, the inverse

productivity relationship shows either a Pareto ine�cient resource allocation or a simply statistical

artifact. To determine which better explains this relationship, we need further theoretical and

empirical studies.

Five main competing groups of explanations have arisen in the literature. The first set are

household-level hypotheses mainly focusing on market failures (Chayanov, 1926/1986; Sen, 1962;

Feder, 1985; Barrett, 1996); while Assunção and Braido (2007) argued that the cross-household

heterogeneity does not su�ce to explain the puzzle by using plot-level dataset from India. The

second and third sets both center their discussion on whether the inverse relationship is due to

statistical issues such as measurement error in plot size (Lamb, 2003; Carletto, Savastano and

Zezza, 2013), measurement error in plot yield (Gourlay, Kilic and Lobell, 2017; Desiere and Jolli↵e,

2017), and omitted variable problems like soil quality (Benjamin, 1995; Barrett, Bellemare and

Hou, 2010) or farmer skills (Assuncao and Ghatak, 2003), but little consensus has been reached

so far. The fourth class believes that the use of labor and other related inputs like fertilizer and

chemicals may explain the relationship, though the reasons for that are not settled (Cornia, 1985;

Heltberg, 1998; Hazell et al., 2010; Foster and Rosenzweig, 2017). Bevis and Barrett (2017) recently

propose a new type of explanation called edge e↵ects where plot peripheries are more productive

than plot interiors, to explain part or all of the inverse relationship. They also provide suggestive

evidence favoring behavioral mechanisms related to labor use to drive the edge e↵ects.

In this paper I test these di↵erent hypotheses mentioned above by conducting a randomized

experiment as well as using geospatially-matched, two-round field survey in Odisha, India. Most

importantly, I o↵er direct evidence on whether edge e↵ects could explain the Inverse Productivity

Relationship Puzzle in Indian agriculture. Specifically, I use a randomized experiment where yield
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was measured objectively at random points in a subset of farmers fields. The distance from random

points to the plot edge is used as a direct measure of edge e↵ects. This type of design allows me

to measure whether crop yield is systematically higher on, or near, the edges of the plot. To my

best knowledge, this is the first direct test of whether the exteriors of smallholder plots are more

productive than the interiors.

Based on the experiment, the main finding is that edge e↵ects are unlikely to explain the inverse

relationship in India. More specifically, despite the relatively weak inverse relationship, the results

indicate that crop yields are unrelated to the distances from the edge of the plots. In other words,

crop yields do not decrease or increase with the distance from plot edge, nor do they appear to be

the highest around the periphery of plots compared to the yields of plot interiors. To show this,

I employ di↵erent discrete distance cuto↵s and the estimates before cuto↵ indicators are all not

significantly di↵erent from zero. These results reconfirm my finding that there is no edge e↵ects.

Since edge e↵ects are not the cause of this observed inverse relationship, I consider several

alternative explanations. First, I find that labor is used more intensively on smaller plots which is

consistent with other papers focusing on labor use (Chayanov, 1926/1986; Gollin and Udry, 2017).

What is more, based on my plot-level data, I am able to show that this labor use pattern persists

even within households; in other words, the head of household tends to allocate more intensive

labor, mostly family labor, on smaller plots than his larger plots. In my data, controlling for the

plot labor use measured in “persons days” explains most or all of the inverse relationship. Also,

when plot profit is used as the outcome variable instead of plot productivity, the inverse relationship

no longer exists. Though I am not able to fully identify the reason for this specific labor use pattern,

I provide some reassuring evidence for the importance of labor use on smallholders productivity and

further discuss some proposed mechanisms, for instance, with regards to transaction costs (Foster

and Rosenzweig, 2017).

In addition to the tests on edge e↵ects and labor use, I also test on the second type of ex-

planations related to measurement error. My results indicate that measurement error in plot size

does not su�ce to explain the puzzle. Farmers self-reported plot sizes are not significantly di↵erent

from the corresponding GPS-measured ones; and using GPS-measured plot size has no e↵ect on

the estimated relationship between plot productivity and plot size.

However, measurement error in plot yield cannot be ruled out. I show this by comparing self-
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reported plot yield with cropcut yield which is objectively measured on a random subset of plots.

Specifically, self-reported yield seems smaller than cropcut yield, and the discrepancy between the

two measures becomes larger for bigger plots. This pattern of measurement error in plot yield I

find1 may lead to an inverse relationship between plot size and yield. But it must be assumed that

the cropcut yield measured on a 5 meter by 5 meter subplot is closer to the “true” average plot yield.

Any heterogeneity in plot size or other unknown measurement errors induced by crop cut methods

could severely weaken this argument. For example, unknown measurement error added due to the

crop cut method which could be positively correlated with plot size, makes the disappearance of

the inverse relationship a statistical artifact (Bevis and Barrett, 2017).

The rest of this paper is organized as follows. Section 2 outlines the experimental design and the

data collection. Main results for the inverse relationship and edge e↵ects are presented in section

3. I include evidence about other potential explanations like labor use and measurement error in

section 4. Section 5 concludes.

2 The Data and Experiment

2.1 Overview of the survey data

The survey was carried out in 47 villages in Puri and Jajpur districts of Odisha in 2017. For each

village, 20 farmers who cultivated rice in the 2017 Rabi season were selected for the baseline survey.

Any village which has less than 20 farmers growing rice would be replaced by a new village. After

the farmer list was decided, enumerators visited each farmer in all the villages around early April

2017 (before planting) for the first time to collect information for rice plots (up to 3 plots) he or

she cultivated in the Rabi season.

In this first-round farmer survey, the characteristics of household heads like head age, gender,

education and asset, as well as plot characteristics such as self-reported plot size, planting method

and planting input uses were all recorded 2. Most importantly, enumerators were asked to walk along

all the surveyed plot boundaries to have them correctly recorded on GPS devices and uploaded.

They also needed to record the coordinates of the farmers’ house.

1This specific pattern I find is not the same as what Gourlay, Kilic and Lobell (2017) and Desiere and Jolli↵e
(2017) have found. I provide some possible reasons for why the pattern I find may occur in section 4.2.2.

2More details are provided in section 2.3.
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GIS tracking is very important to the overall analysis because it provides more accurate measure-

ments for geometrical characteristics such as plot area, shape and perimeter. These measurements

allow for the random assignment of the cropcut points and the direct measurement of distances

from the assigned center points to their closest plot edge, which are fundamental for my test on

edge e↵ects. Additionally, with the GPS-measured plot size, the hypothesis about measurement

error in plot size for the inverse relationship can be easily tested by comparing it with self-reported

ones collected from the first-round farmer survey.

The Survey team then revisited the same farmers in 47 villages in July 2017 after the harvest.

The main purpose of this second-round farmer survey is to collect production and management

related information. Specifically, self-reported plot yield and output price were collected for every

plot surveyed. Enumerators also asked detailed questions about the quantity and expenditure of

major plot inputs such as labor, fertilizer and chemicals (pesticides and herbicides). Too small GPS-

measured plot size (<= 0.02 acres) or too high plot input spending (watercost (> 50000), chemicals

cost (> 50000) and fertilizer cost (> 700000)) are viewed as outliers and dropped. Overall, 2303

plots remain in the dataset, combining these two rounds of farmer surveys.

2.2 Overview of the randomized experiment

The randomized experiment was conducted on a randomly selected subsample between the first-

round and the second-round farmer survey. I first identified 20 villages by taking a random sample

from 47 villages in my baseline survey. For each farmer in the selected 20 villages, I then randomly

chose one plot per farmer for field cropcut activities. In total, 400 plots were selected at this stage.

Among the treatment group, a center point was randomly selected on every plot, and from that

a 5m by 5m square subplot was designated. Once identified, the trained field team harvested and

weighted all these subplots. This technique is also known as cropcut. Ultimately, 302 subplots were

successfully cropcut. The rest cannot be used due to some practical reasons. For example, in some

cases, harvest work was already completed before cropcut team arrived so no cropcut data can be

collected. While in other few cases, plots were not successfully cultivated by the households. These

plots are also discarded from the base dataset.

I also calculated the distances from cropcut points to their nearest plot edge for every one of

the 302 plots. These distances are treated as the direct measures for edge e↵ects. In other words, I

4



can then easily test on edge e↵ects by regressing cropcut yield on distance (Main results are shown

in section 3.2). The reasons why this experiment is preferred are twofold. First, a more direct and

accurate measure of edge e↵ects can be obtained, compared to the indirect “perimeter-to-area”

ratio approach (Bevis and Barrett, 2017). Second, the special cropcut arrangement also allows for

a more direct test on measurement error on plot yield hypothesis for the inverse relationship.

2.3 Summary statistics

Table 1 summarizes the key variables. From this table, the mean plot size is about 0.37 acres and

the size ranges from about 0.02 acres to about 3.30 acres in both GPS-measured and self-reported

plot size. The plot yield averaged around 2000 kilograms per acre, with the average rice price of

15 Rupees ( per kilogram). The distribution of plot size as well as plot yield and productivity are

shown in Figure 1.

Generally speaking, the plots in my data are pretty small, especially when compared to plots

in Africa. For example, in Bevis and Barrett (2017)’s paper, the mean or median plot size they use

from Africa is about two times larger than mine, with an even larger range. Recently, there are

some critiques of few “real” large farms in the analysis. Collier and Dercon (2014) argue that most

existing investigations without including enough large plots in a meaningful sense cannot really tell

us much about the yield of large farms. In the same spirit, Foster and Rosenzweig (2017) point out

that the previous research addressed the wrong puzzle and a U-shape relationship between farm

productivity and scale would be more appropriate after using India ICRISAT VLS panel survey

where larger farms are over-sampled in a way. It could be true that real large farms or plots are

important but missed in a sense that real large farms are e�cient due to economies of scales in

the ability of machines (Foster and Rosenzweig, 2017) or higher labor productivity (Cornia, 1985;

Adamopoulos and Restuccia, 2014). However, based on the fact that at least 80% of farms in India

are below 10 acres and the existence of the significant inverse relationship, we still need to figure

out the right explanation for this puzzle on smaller plots (without referring much to largest farms

or plots).

I also noticed that in Table 1 that about 9% plots, though not many, are reported to be used

for hybrid seed production which display distinct production pattern. Typically, these plots would

have lower yield but higher price compared to the average yield or price of other non-hybrid seed
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Notes: Figure displays the distribution of self-reported plot area, GPS-measured plot area, plot yield and plot
productivity. The data are from 2017 surveys in Odisha, India. For plot productivity, hybrid seed production plots
were excluded due to their distinct production pattern (explained in text).

Figure 1: Distribution of four main variables

production plots. According to Table 2, plots for hybrid seed production also tend to have more

intensive capital inputs use such as chemicals, irrigated water and fertilizer. Transplanting planting

method and combine harvesting method is more often employed on these plots as well. Considering

this special pattern, main results have been reported both with and without hybrid seed production

plots, which turn out to be quite similar. The set of results without hybrid seed production plots

are reported in Appendix.

Table 3 verifies that the cropcut group and non-cropcut group are similar regarding main plot

characteristics. Table 4 then provides another simple balance test, among cropcut plots, to show

that plots with “closer to edge” cropcut are not significantly di↵erent from those with “further to

edge” cropcut.3

3I separate the cropcut plots into two groups (i.e.“closer to edge” and “further to edge”) with same numbers of
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Table 1: Summary Statistics
Variable Mean Std. Dev. Min. Max.

Household Characteristics
Head male 0.996 0.059 0 1
Head age 47.724 11.439 22 97
Head education 7.458 4.358 0 45
Head own total area(acres) 2.692 2.903 0 30
Plot Characteristics
GPS measured plot area(acre) 0.377 0.35 0.021 3.258
Self-reported plot area(acre) 0.382 0.349 0.02 3.5
Yield of plot(kgs/acre) 1969.222 504.915 250 4166.667
Output price(Rupees/kgs) 15.457 9.944 8.5 120
Seed used(kgs/acre) 33.986 28.895 1.411 367.529
Plot labor use(person days/acre) 60.149 115.036 0 2642.059
Fertilizer used(kgs/acre) 362.807 809.477 27.787 35984.707
Chemicals used(Rupees/acre) 2189.324 1727.018 0 38961.039
Watercost(Rupees/acre) 1432.976 2134.436 0 40000
Variety Lalat 0.168 0.374 0 1
Variety Hybrid 0.084 0.278 0 1
Variety other 0.747 0.435 0 1
Combine(harvesting method) 0.412 0.492 0 1
Transplating(planting method) 0.675 0.468 0 1
Hybrid seed production 0.091 0.288 0 1

Note: The table provides basic summary statistics for main household characteristics and plot characteristics. The
data are from 2017 surveys in Odisha, India. Plot labor use includes both hired labor and family labor for planting
and harvesting periods. Fertilizer consists of urea, dap and mop. Chemicals include pesticides and herbicides.

Table 2: Mean Values of Characteristics by Hybrid Seed Production Status
Non-hybrid Hybrid p-value of di↵erence

GIS measured area 0.375 0.385 0.699
Plot yield(kgs/acre) 1995.662 1711.278 0.000
Crop Price(Rupee/kgs) 13.404 34.268 0.000
Plot seed use(kgs/acre) 35.506 18.054 0.000
plot labor input(person days/acre) 60.901 55.614 0.532
Fertilizer(kgs/acre) 353.973 459.699 0.076
Chemical cost(Rupees/acre) 2114.790 3223.137 0.000
Watercost(Rupees/acre) 1362.659 2222.840 0.000
Transplating(planting method) 0.649 0.966 0.000
Combine(Harvesting method) 0.649 0.966 0.000
Number of plots 2050 205 –

Note: This table looks at two groups among all plots based on hybrid seed production. Column 1 and 2 show mean
values of each characteristics in the group without hybrid seed production and the group with only hybrid seed
production, respectively. Column 3 gives the p-value for joint test of equality.

observations in each group, based on their distance to the plot edge.
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Table 3: Mean Values of Characteristics by Cropcut Status
Non-cropcut Cropcut p-value of di↵erence

GIS measured area 0.373 0.398 0.223
Plot yield(kgs/acre) 1970.511 1962.090 0.775
Plot seed use(kgs/acre) 33.797 35.032 0.463
plot labor input(person days/acre) 60.984 55.535 0.416
Fertilizer(kgs/acre) 356.405 398.202 0.376
Chemical cost(Rupees/acre) 2158.577 2362.052 0.043
Watercost(Rupees/acre) 1416.539 1523.569 0.390
Broadcasting(planting method) 0.325 0.322 0.897
Variety Other 0.753 0.715 0.130
Variety Lalat 0.172 0.144 0.200
Number of plots 1955 348 –

Note: This table compare cropcut plots with non-cropcut plots. Column 1 and 2 show mean values of each
characteristics in non-cropcut group and cropcut group, respectively. Column 3 gives the p-value for joint test of
equality.

Table 4: Mean Values of Characteristics by Distance to Edge Status
Near Not-near p-value of di↵erence

Plot yield(kgs/acre) 1938.686 1991.126 0.336
Plot seed use(kgs/acre) 32.750 37.516 0.232
plot labor input(person days/acre) 53.492 57.801 0.631
Fertilizer(kgs/acre) 350.011 444.715 0.016
Chemical cost(Rupees/acre) 2571.838 2123.938 0.079
Watercost(Rupees/acre) 1682.460 1372.465 0.113
Broadcasting(planting method) 0.341 0.306 0.492
Variety Other 0.740 0.692 0.324
Variety Lalat 0.127 0.163 0.349
Number of plots 173 173 –

Note: This table focuses on in total 346 cropcut plots based on the random assignment, whose basic characteristics
recorded in the baseline survey. Among these plots, 44 plots have no cropcut yield and are excluded in the test for
edge e↵ects. Column 1 and 2 show mean values of each characteristics of plots with “close-to-edge” cropcut (near)
and plots with “further-to-edge” cropcut (not-near), respectively. Column 3 gives the p-value for joint test of
equality.

3 Results

This section starts by showing the inverse relationship in India. After establishing its existence,

section 3.2 tests edge e↵ects based on the randomized experiment described above in section 2.2.

The main finding here is that there is no edge e↵ects observed so that this type of explanation

cannot explain the inverse relationship in my data.
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3.1 How is the Inverse Relationship in India?

First, I show the existence of the inverse relationship based on the baseline model. I simply regress

the yield or productivity of plot i in household j from village k (denoted as Yijk)4 on the plot area

Aijk
5. The results show the inverse relationship denoted by �1 of around -0.06 which is negatively

significant at 1% level as seen in column 1 and 2 in Table 56. In other words, a 1% increase in

GPS-measured plot area is associated with about 0.06% decrease in plot yield (or productivity). I

also show the relationship graphically7(see Figure 2).

The regression specification for the inverse relationship is

Yijk = �0 + �1 ⇤Aijk + ✏ijk (1)

Yijk = �0
0 + �0

1 ⇤Aijk + �0
2 ⇤Xijk + ✏0ijk (2)

where Yijk is an indicator for the yield of plot i of household j from village k. Aijk is for plot size

in acres and Xijk represents di↵erent controls such as plot characteristics.

Compared to the plot-level inverse relationship observed in other recent researches, mostly in

Africa8, the IR estimates I obtain for rice in India are much smaller. Those estimates for African

countries such as Uganda and Ghana range from -0.4 to -0.7 (Carletto, Savastano and Zezza, 2013;

Ali and Deininger, 2015; Bevis and Barrett, 2017; Gourlay, Kilic and Lobell, 2017). Among those

works, di↵erent or multiple crop types, instead of pure rice (what I used), are analyzed. The

di↵erences in the IR estimates could well be due to various types of crops investigated, di↵erent

land distribution pattern or other factors unique by countries and regions.

Interestingly, I also find that, when plot profit, instead of plot yield or productivity, is used as

the dependent variable, the inverse relationship no longer exists and the estimate (0.078) becomes

positively significant at a 10% significance level (column 3). When family labor cost is further

4Plot productivity is the most popular indicator for plot e�ciency which equals plot yield times crop price. For
easy comparison with other works, I use productivity as the dependent variable for most of the analysis. Other
proxies for plot e�ciency could be yield and profit. Results with these proxies are discussed as well.

5I use GPS-measured plot size for most of the tests.
6I exclude observations either with missing crop price or with negative profit for better comparison between

di↵erent columns. Robustness checks are included in Appendix.
7In addition to the linear inverse relationship, I extended the discussion by considering the possibility of a U-shape

relationship (see in Appendix).
8A large portion of recent researches on the inverse relationship have been done in Africa. Though this relationship

was first observed in India, there are few works updating the estimates in East Asia like India and Bangladesh in
recent years.

9



considered shown in column 4, the estimate becomes larger (0.116) and now significant at a 5%

level. Here, profit equals productivity minus the cost of irrigation, fertilizer, chemicals and hired

labor9; while “profit net of fam labor” (in column 4) further accounts in the shadow price for family

labor, considering family labor as “not free”10. This distinct pattern with profit11 could suggest

that labor is used more intensively on smaller plots and higher labor cost among small plots make

them less profitable12. More detailed analysis and discussion can be found in section 4.

In addition to the simple baseline model with only plot size included as the independent variable,

I then add in several di↵erent controls such as household characteristics and/or plot characteristics

to check if these factors could explain a large part of the inverse relationship. The regression model

for Table 6 is shown as equation (2)13. Note that, the controls together with the plot size, are

all endogenous so that no causal relationship can be reached. Nevertheless, �1 in Table 6 does

not change much and are all statistically significant, suggesting that these characteristics added

can explain, at best, only a very small part of, the inverse relationship. Particularly, the inverse

relationship persists when controlling for some plot inputs like water, fertilizer, and chemicals.14,

which suggests that these cost related factors are not the main cause.

In short, I find that in my data, smaller plots are more productive which supports the existence

of the inverse relationship and those main characteristics I controlled in Table 6 at best, explain only

a very small part of the relationship. The rest of my paper focuses on testing di↵erent explanations

for this relationship.

9Fertilizer price is not directly collected in my survey so I use the averaged price for each type of fertilizer from
www.indexmundi.com.

10I use the same daily wage for family labor as hired labor for male and female.
11A few papers also use profits as the main indicator of plot e�ciency and find similar results that small holders are

usually not more profitable (Heltberg, 1998; Lamb, 2003). While some papers suggest that the inverse relationship
remain with profits (Bevis and Barrett, 2017)

12It is also likely that profit is a noisier measure and the estimates become insignificant due to the larger standard
error.

13All standard errors are clustered on household level.
14Here I use watercost (spending), chemicals cost (spending), and fertilizer use (in quantity, not spending).
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Table 5: Baseline IR Results
(1) (2) (3) (4)

Yield Productivity Profit Profit(net fam labor)
GPS-measured plot -0.060⇤⇤⇤ -0.078⇤⇤⇤ 0.078⇤⇤ 0.116⇤⇤⇤

area(Log acre) (0.010) (0.014) (0.037) (0.041)
Observations 1736 1736 1736 1618
R squared 0.037 0.036 0.004 0.009

Note: Dependent variables vary in each column but all in log/acre forms. Productivity in column 2 equals yield
times crop price. Profit in column 3 is productivity minus plot input cost regarding water, fertilizer, chemicals and
hired labor. Profit (net fam labor) in column 4 is the profit in column 3 subtracting family labor cost, assuming
family labor as costly as well. I exclude observations either with missing crop price or with negative profit.
Robustness checks for baseline IR based on samples with di↵erent restrictions are included in Appendix. Standard
errors are clustered on household level shown in parentheses. Asterisks indicate that coe�cient is statistically
significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

Notes: Figure shows the baseline inverse relationship by the pink dotted line; while the blue dashed line represents
a U-shape relationship if any (discussed in Appendix)

Figure 2: Inverse Relationship
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Table 6: Baseline IR Results With Controls
Plot Productivity

(1) (2) (3) (4) (5) (6) (7)
GPS-measured plot -0.050⇤⇤⇤ -0.075⇤⇤⇤ -0.044⇤⇤⇤ -0.042⇤⇤⇤ -0.043⇤⇤⇤ -0.035⇤⇤ -0.033⇤⇤

area(Log acre) (0.014) (0.014) (0.013) (0.014) (0.013) (0.014) (0.014)

Household Characteristics

Log of head age 0.036 0.005 0.012 0.002 0.019 0.018 0.017
(0.052) (0.051) (0.048) (0.049) (0.048) (0.048) (0.049)

Head education 0.003 0.002 0.002 0.001 0.002 0.002 0.001
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Motorbike 0.036 0.056⇤⇤ 0.057⇤⇤ 0.056⇤⇤ 0.042 0.042⇤ 0.039
(0.029) (0.027) (0.026) (0.025) (0.025) (0.025) (0.025)

Access to 0.089⇤⇤ 0.084⇤⇤ 0.072⇤ 0.086⇤⇤ 0.073⇤⇤ 0.060⇤ 0.062⇤

electricity (0.042) (0.040) (0.037) (0.037) (0.035) (0.036) (0.036)

Plot Characteristic

Seed used(Log KGs -0.138⇤⇤⇤ -0.060⇤⇤⇤ -0.044⇤⇤ -0.066⇤⇤⇤ -0.080⇤⇤⇤ -0.077⇤⇤⇤

per acre) (0.023) (0.019) (0.019) (0.019) (0.021) (0.021)

Transplating(planting) 0.078⇤⇤⇤ 0.094⇤⇤⇤ 0.084⇤⇤⇤ 0.094⇤⇤⇤

(0.027) (0.027) (0.027) (0.027)

Manual(harvesting) -0.061⇤⇤ -0.055⇤⇤ -0.049⇤ -0.043
(0.028) (0.028) (0.027) (0.027)

Watercost(Log Rupees -0.052⇤⇤⇤ -0.057⇤⇤⇤ -0.058⇤⇤⇤

per acre) (0.014) (0.014) (0.014)

Fertilizer used(Log 0.061⇤⇤ 0.050⇤⇤

KGs per acre) (0.024) (0.024)

Chemicals cost(Log 0.041⇤⇤

Rupees per acre) (0.018)
Observations 2086 2086 2085 2085 2078 2078 2070
R squared 0.020 0.066 0.158 0.168 0.184 0.188 0.194

Note: Dependent variable is plot productivity. Di↵erent characteristics controls are added in columns. Standard
errors are clustered on household level shown in parentheses. Asterisks indicate that coe�cient is statistically
significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

3.2 Do edge e↵ects explain this?

Here I show the main methodology and results for testing edge e↵ects wherein plot peripheries are

more productive than plot interiors. Specifically, I propose two ways of thinking about edge e↵ects.

I call the first type “discrete” where the edge e↵ects exist at a specific distance cuto↵ that defines

the peripheral area. The second type is considered as “continuous” where the plot productivity

declines steadily as the distance to edge gets larger.
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The cropcut experiment described in section 2.2 serves as a benchmark to directly compare

the yield of plot edges to that of plot interiors to see if the two types of edge e↵ects exist. A

simple scatter plot of plot yield and distance to edge is shown in Figure 3. The basic regression

specification is

Yijks = ↵0 + ↵1 ⇤Dijks + vijks (3)

where Yijks is an indicator for the yield of subplot s in plot i of household j from village k. Dijks

represents the distance to plot edge, in meters for the continuous type and in a binary variable

for the discrete type (1 if the subplot s is near the edge with a smaller distance than the specific

cuto↵; 0 otherwise). In either case, ↵1 measures the edge e↵ects at plot level. If ↵1 is close to 0 or

positive then no edge e↵ects is observed in my sample. Only if ↵1 is negatively significant at 5%

significance level, edge e↵ects may exist to explain the inverse relationship.

The estimates in Table 7 indeed show neither continuous type nor discrete type exist in my

sample. In addition to the three values of distance cuto↵s used in Table 7, I include Figure 4 to

show the same results, no edge e↵ects, regardless of the cuto↵s. I also show the result is robust

when more controls such as plot characteristics are added (see in Appendix).

From above, it is clear that there is no edge e↵ects based on my data from India, contrasting the

findings in Bevis and Barrett (2017). There could be many possible reasons for getting the di↵erent

results. First, the di↵erence can be due to the estimation strategy we use. For example, I use a

direct measure of edge e↵ects by distance rather than indirect “perimeter area ratio” they used.

Also my dataset is cross-sectional while they use plot-level panel data and explored the variation

overtime within plot by including plot and year fixed e↵ects. Since the variation is endogenous,

it may be hard to determine what drives the variation. Second, our findings could be both valid

and the di↵erences simply suggest that edge e↵ects exist in Africa but not India. After all, various

factors like crop cultivated, production mode, or land distribution can be di↵erent between Uganda

(where their research was conducted) and India. To shed more light on the possible reasons, I use

a similar regression model from Bevis and Barrett (2017) on my data from India15. The model is

15Note that, my dataset is cross-sectional while they use plot-level geospatially-matched panel data. Two sets of
results with plot-level fixed e↵ect and household-time fixed e↵ects respectively are compared in their paper.
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shown in equation (4).

Yijk = ✓0 ⇤Aijk + ✓1 ⇤ (Pijk/Aijt) + µijk (4)

where edge e↵ects are measured as the perimeter-area ratio by Pijk/Aijt. Other notations are the

same as equation (2).

The estimates for equation 4 are shown in column 1 and 2 of Table 8, which indeed display

a very di↵erent pattern suggesting no edge e↵ects. Specifically, when the perimeter-area ratio is

additionally controlled for, the inverse relationship in my results strengthens rather than weakens

as they showed in their paper. What’s more, the perimeter-area ratio in my results is negatively

significant at a 10% level with an estimate around -0.13; whereas in their paper, the ratio of 0.903

is strongly positively correlated with the productivity. In this sense, the contrasting results suggest

that other factors such as crop type or land distribution di↵er in both settings are more likely to

be the reason. Put di↵erently, edge e↵ects may well be a limited phenomenon. Actually in Bevis

and Barrett (2017), they also point out that “the edge e↵ect should vary by crop type, cropping

system, plot lay-out, border direction, and likely many other factors”.
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Figure 3: No Edge E↵ect
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Table 7: Test Results for Edge E↵ects
Cropcut Yield (log acre)

(1) (2) (3) (4) (5)
Distance to edge(log meter) 0.012 0.010

(0.011) (0.013)

Plot Size (log acre) 0.005
(0.018)

Dist1 = 1 if distance <= 1 -0.016
(0.035)

Dist1 = 2 if distance <= 2 0.001
(0.030)

Dist1 = 3 if distance <= 5 0.008
(0.028)

Observations 276 276 276 276 276
R squared 0.004 0.004 0.001 0.000 0.000

Note: Dependent variable is plot yield collected from standard cropcut activities. In column 1 and 2, continuous
distance is used as the explanatory variable for testing the continuous type of edge e↵ects; While in column 3 to 5,
three di↵erent distance cuto↵s (1,2,5 meters respectively) are used for testing the discrete type of edge e↵ects.
Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.
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Notes: Figure shows no discrete type of edge e↵ects. Vertical lines in the graph represent the confidence interval for
each distance cuto↵; while the horizontal line connects all e↵ect estimates for all di↵erent cuto↵s.

Figure 4: No Edge E↵ect

Table 8: Results of Edge E↵ects Measured by P-A Ratio
Plot Productivity (log acres)

(1) (2) (3) (4)
GPS-measured plot area(Log acre) -0.046⇤⇤⇤ -0.111⇤⇤⇤ 0.023

(0.014) (0.034) (0.031)

the plot perimeter area ratio(Log) -0.134⇤⇤ 0.070⇤⇤⇤

(0.060) (0.025)

Plot perimeter(Log meters) -0.134⇤⇤

(0.060)
Observations 2086 2086 2086 2086
R squared 0.009 0.012 0.006 0.012

Note: In column 2 and 3, the plot perimeter area ratio is used. All variables are in log forms. Standard errors are
clustered on household level shown in parentheses.Asterisks indicate that coe�cient is statistically significant at the
1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.
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4 Other Explanations

4.1 Intensive labor use on small plots

In the previous section, I show strong evidence suggesting that edge e↵ects do not explain the

inverse relationship. Here, I continue to test if di↵erent labor use intensity across small and large

plots could explain the inverse relationship.

First, I add in plot labor use as a control variable and find that labor use seems to explain

away the inverse relationship. Main results are shown in Table 9. Specifically, for plot yield,

when adding in plot labor use, the inverse relationship disappears with the coe�cients for labor use

being significant at 1% significance level (see column 1 & 2); for plot productivity, the IR estimate16

becomes smaller and less significant compared to that in column 3 without labor as a control (see

column 3 & 4). I also show that the significance of the IR estimate (-0.037 at a 5% level) in column

4 after controlling plot labor use, is mostly likely due to the inclusion of plots with hybrid seed

production, whose crops are usually sold at much higher crop prices (compared to those without

hybrid seed production). I show it by running the same set of regressions on the restricted sample

without hybrid seed production (about 9% of the overall sample excluded). According to Table

10, there is no inverse relationship regarding either plot yield or productivity among plots without

hybrid seed production, when plot labor use is controlled. In this sense, labor use is likely to be a

factor leading the inverse relationship.

The pattern of labor use can be seen more clearly in Table 11 and Table 12 where I separately

look at two types of labor use - family labor and hired labor - for both planting and harvesting

work. I find that smaller plots are more intensively cultivated in terms of labor use, especially

family labor (see in Table 11). This pattern persists even within households (see in Table 12).17

Specifically, for planting labor use, 1% increase in plot area is associated with about 0.9% decrease

in family labor use; but only about 0.23% (about one third of 0.9%) decrease in hired labor use.

Similarly, for harvesting labor use, 1% increase in plot size lead to about 0.9% decrease in family

labor use and about 0.33% decrease in hired labor18.
16IR is the abbreviation for inverse relationship.
17I employed household fixed e↵ects to show the specific labor use pattern within households.
18Given the fact that about 49% plots (usually larger) were harvested by combined harvesters which are versatile

machines designed to e�ciently harvest a variety of grain crops (shown in Table 1), about 40% plots didn’t hire any
labor and overall 30% plots have zero harvesting labor use.
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Similar inverse labor use patterns, especially in Asia and Africa, are not new findings (Cor-

nia, 1985; Feder, 1985; Deolalikar and Vijverberg, 1987; Thapa, 2007; Chowdhury, 2016). Several

reasons for this pattern are proposed as well, such as fixed transaction cost in the hiring of labor

(Foster and Rosenzweig, 2017), motivation and self-supervision (Hazell, 2011; Frisvold, 1994), dif-

ferent farming system (family-based or wage-based) (Deolalikar and Vijverberg, 1987), and local

knowledge (Bevis and Barrett, 2017). It could also be due to the fact that family labor provision is

limited in quantity. In other words, family labor may be able to handle small plots but hired labor

are still much needed on larger plots, not to mention the fairly fluctuating labor demand for agricul-

tural activities across seasons. In addition, if smaller plots tend to be closer to their heads’ homes

where family labor is more conveniently applied, then naturally smaller plots would be observed to

be more intensively cultivated by family labor and be more productive.19 Risks faced by farmers

may also be an important factor to consider here. Smallholders are considered as vulnerable to

risks related to credit access or climate conditions for instance (Hazell, 2011). With the hope of

reducing risks, they tend to cultivate their plots more intensively by exploiting more plot labor

(or with other inputs) on their plots. If the small plots within a household happen to the most

vulnerable ones, it is not surprising to observe such a pattern of more intensive labor (or input) use

on smaller plots. What’s more, Bevis and Barrett (2017) suggest a behavioral mechanism to partly

explain the pattern, which means that “farmers change crop or soil management based on visual

signals of crop growth conditions”. It is possible that smaller plots are more visually identifiable

so that more labor is used (usually family labor) and these plots become more productive. Little

consensus has been reached yet.

Though I am not able to identify the exact reason with my data, my results still contribute in

two main ways. First, I specifically show the inverse labor use pattern exists on a plot level within

households. In other words, the household head tends to employ more labor, mostly family labor,

onto his or her smaller plots (usually less than 1 acre). This improved finding is important since

it provides some insights on determining the mechanism behind. Because the pattern I observes

persists within households, any factors common at household or village level would less likely to

19I have run tests to see whether distances from home are positively correlated with plot sizes and whether this
correlation, if exists, explains the inverse relationship. Results shown in Appendix suggest that distance from home
does not explain away the inverse relationship, though there seems to be a positive and significant relationship between
distance from home and plot size.
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be the reason. For example, labor market frictions, such as labor searching costs or supervision

costs, usually occurring at the household level, are not good reasons for explaining this labor use

pattern. Second, together with my finding of no edge e↵ects in section 2, I am able to further show

that more intensive labor is used on smaller plots but not exclusively on plot edges; otherwise,

significant edge e↵ects would be observed based on the common finding that more labor use lead

to higher yield and productivity.

Table 9: Regression Results with Plot Labor Use as a Control
Plot Yield Plot Productivity

(1) (2) (3) (4)
GPS-measured plot area(Log acre) -0.047⇤⇤⇤ -0.001 -0.045⇤⇤⇤ -0.037⇤⇤

(0.009) (0.012) (0.012) (0.016)

Plot labor use(Log person days/acre) 0.095⇤⇤⇤ 0.018
(0.017) (0.022)

Observations 2260 2253 2260 2253
R squared 0.018 0.050 0.010 0.010

Note: Dependent variables for column 1 and 2 are productivity and for column 3 and 4 are plot yield. Plot labor
use consists of hired labor and family labor for both planting and harvesting with units as “person days per acre”.
All variables are in log forms. Standard errors in parentheses. Asterisks indicate that coe�cient is statistically
significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

Table 10: Regression Results with Plot Labor Use as a Control (Without Hybrid)
Plot Yield Plot Productivity

(1) (2) (3) (4)
GPS-measured plot area(Log acre) -0.053⇤⇤⇤ -0.017 -0.041⇤⇤⇤ -0.011

(0.009) (0.011) (0.010) (0.013)

Plot labor use(Log person days/acre) 0.072⇤⇤⇤ 0.060⇤⇤⇤

(0.016) (0.018)
Observations 2055 2048 2055 2048
R squared 0.026 0.047 0.011 0.021

Note: Dependent variables for column 1 and 2 are productivity and for column 3 and 4 are plot yield. Plot labor
use consists of hired labor and family labor for both planting and harvesting with units as “person days per acre”.
All variables are in log forms. Standard errors in parentheses. Asterisks indicate that coe�cient is statistically
significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.
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Table 11: Plot Labor Use Pattern (no HH FE)
Planting Labor intensity Harvesting Labor intensity

(1) (2) (3) (4) (5) (6)
Overall Family Hired Overall Family Hired

GPS-measured plot -0.340⇤⇤⇤ -0.918⇤⇤⇤ -0.248⇤⇤⇤ -0.745⇤⇤⇤ -0.949⇤⇤⇤ -0.361⇤⇤⇤

area(Log acre) (0.015) (0.014) (0.016) (0.041) (0.020) (0.024)
Observations 2156 1606 2122 1556 1323 1303
R squared 0.296 0.822 0.166 0.346 0.737 0.219

Note: This table look at planting and harvesting labor separately. For labor used during either stages, the estimates
for use pattern of overall labor, family labor, and hired labor are shown in columns. All variables are in log forms.
Standard errors in parentheses. Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤,
and 10% ⇤ levels.

Table 12: Plot Labor Use Pattern (with HH FE)
Planting Labor intensity Harvesting Labor intensity

(1) (2) (3) (4) (5) (6)
Overall Family Hired Overall Family Hired

GPS-measured plot -0.295⇤⇤⇤ -0.876⇤⇤⇤ -0.222⇤⇤⇤ -0.487⇤⇤⇤ -0.853⇤⇤⇤ -0.305⇤⇤⇤

area(Log acre) (0.024) (0.024) (0.026) (0.038) (0.029) (0.035)
Observations 2156 1606 2122 1556 1323 1303
Household Fixed E↵ects Yes Yes Yes Yes Yes Yes
R squared 0.799 0.955 0.747 0.930 0.944 0.818

Note: This table look at planting and harvesting labor separately. For labor used during either stages, the estimates
for use pattern of overall labor, family labor, and hired labor are shown in columns. All variables are in log forms.
Standard errors in parentheses. Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤,
and 10% ⇤ levels.

4.2 Does measurement error explain this?

In this subsection, I focus on two types of measurement error. Results for measurement error in

plot size are provided in section 4.2.1; while section 4.2.2 discusses measurement error in plot yield.

4.2.1 Measurement error in plot size

I first show, on average, GPS-measured and self-reported plot sizes are quite similar, though some

papers show non-negligible discrepancy in between. Seen from Figure 5, points (representing plots)

cluster around the 45 degree line (in dashed red), indicating the GPS-measured plot size is not

very di↵erent from self-reported plot size. Also from Table 1, the average size of plots using GPS

is 0.377, roughly the same as (slightly smaller) the average area reported by the household.

Though the average discrepancy is small as shown above, I look directly at the di↵erences

(GPS-measured plot size minus self-reported) at di↵erent percentiles of plot size to show that the
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Notes: Figure compares GPS-measured plot area with self-reported ones. The red dashed line is the 45 degree line.
The blue line is the fitted line for all plots.

Figure 5: Compare Self-Reported Plot Size with GPS-measured Plot Size

bias pattern, if systematic, even strengthens the inverse relationship. Specifically, in Table 12, I

show the discrepancy is negative when plots are small and becomes less negative or even positive

as plot size gets larger.20 A relative -18% discrepancy is observed for plots around 0.1 acre; -1%

for plots about 0.5 acre; and 3% for plots with mean area around 1 acre. These findings mean that

households tend to overestimate plot area with smaller plots but underestimate with larger plots,

which go in the same direction as the results of Groote and Traoré (2005) and Carletto, Savastano

and Zezza (2013) suggest. However, for the measurement error in plot size hypothesis to work,

smaller plots must be underestimated while larger plots be overestimated; otherwise, the inverse

relationship would get even stronger. In this sense, I would expect to see an inverse relationship

when replacing self-reported with GPS-measured plot size.

20Respondents (or enumerators) tend to round their reported plot size to the nearest acre or half acre which is
common in most survey data. Rounding error is not the type of error I focus here.
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In line with the ideas above, I show that the inverse relationship is consistent (slightly larger)

when using either self-reported plot size or GPS-measured area, which means that the observed

type of measurement error in plot size is unlikely a good explanation for the inverse relationship.

Specifically, in Table 13, the IR estimates in column 1 to 4 (around -0.046) are all negatively

significant, and become slightly more negative when self-reported plot area is used.

To summarize, in my data, I find a relatively small measurement error in plot size, whose pat-

tern, if anything, is opposite in sign to mitigate the inverse relationship. Thus measurement error

in plot size does not explain away the inverse relationship in my sample.

Table 13: Discrepancy Between GPS-measured and Self-reported Plot Size
Quantiles Mean GPS-measured Mean Self-reported Mean Discrepancy Relative Discrepancy
20% .0864 .1021 -.0157 -18%
40% .1711 .1891 -.0180 -10%
60% .2744 .2866 -.0122 -4%
80% .4363 .4439 -.0076 -1%
100% .9185 .8889 .030 3%

Note: The table directly looks at the di↵erence between the two measures of plot size at five di↵erent quantiles of
plot area. Mean discrepancy equals mean GPS-measured minus mean self-reported plot size. Relative discrepancy
equals mean discrepancy divided by mean GPS-measured.

Table 14: Test IR with Two Measures of Plot Size
(1) (2) (3) (4)

Yield Productivity Yield Productivity
GPS-measured plot -0.047⇤⇤⇤ -0.046⇤⇤⇤

area(Log acre) (0.009) (0.014)

Self-reported plot -0.048⇤⇤⇤ -0.050⇤⇤⇤

area(Log acre) (0.009) (0.014)
Observations 2271 2085 2271 2085
R squared 0.018 0.009 0.019 0.011

Note: This table includes the IR results with both GPS-measured and self-reported plot area. All variables are in
log forms. Standard errors in parentheses. Asterisks indicate that coe�cient is statistically significant at the 1%
⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

4.2.2 Measurement error in plot productivity

To test if measurement error in plot yield explains the inverse relationship, I first show the mean

value of the di↵erences between cropcut yield and self-reported yield. I also show how the value

changes as the mean GPS area increases in Table 14, similar to Table 12 in section 4.2.1. Here,

in total only 275 plots are considered, for which cropcut yield and self-reported yield are both

collected. Recall that the cropcut yield is measured on 5 meter by 5 meter subplots, the subplot
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yield is then used to represent the corresponding overall plot yield. This approximation is only

valid if little plot heterogeneity exists in the subsample. I also assume cropcut yield to be closer to

the “true” yield and the bias, if any, to not be correlated with plot area.

In Table 14, the mean discrepancy (cropcut yield minus self-reported yield) is about 100 for

smallest plots (area around 0.1); while the average di↵erence increase to about 200 or more for

large plots, especially in the higher half of the plot area distribution. The statistics based on

the subsample suggest that yields are usually underestimated by farmers, and that the downward

biases are larger for bigger plots21. This kind of the measurement error in plot yield could lead

to a spurious inverse relationship. To see it more clearly, I show that when cropcut yield is used,

the inverse relationship no longer exists in Table 15. The IR estimate with self-reported yield is

around -0.034 significant at 10% level; while the estimate in column 2 becomes positive, though

insignificant, when cropcut yield is applied.

However, before concluding that measurement error in yield is the right explanation for IR, a

closer look at the possible reasons for this specific pattern of measurement error in yield is needed.

It could be that household heads find it harder to accurately estimate the yield or productivity

for large plots (assuming cropcut yield is close to the averaged plot yield).22 It could also be that

there is more heterogeneity in large plots than small plots, which makes my way of measuring plot

yield by cropcut yield (on a 5m by 5m subplot) much less accurate. In this sense, this argument

can be weakened if plots are too heterogeneous to validate the way of approximating overall plot

yield by the subplot (cropcut) yield. or if there are other unknown measurement errors induced by

crop cut methods which correlated with plot area.

To conclude, the measurement error in plot yield, based on my results, seems to explain the

inverse relationship; but this hypothesis could only be valid under plot homogeneity and cropcut

accuracy. Before further evidence validating the two main concerns are provided, the measurement

error in plot yield hypothesis cannot be ruled out.

21This pattern of measurement error in yield is di↵erent from the two papers favoring measurement error hypoth-
esis (Gourlay, Kilic and Lobell, 2017; Desiere and Jolli↵e, 2017). In their papers, small plots are systematically
overreported by farmers, while larger plots are underreported.

22Intuitively, this discrepancy in plot yield could also be due to “recall bias”, if farmers are surveyed a long time
after they actually harvested. However, I show “recall bias” is less likely a reason by regressing yield discrepancy on
the number of days between harvest and survey. The main coe�cient is not di↵erent from zero. Regression results
are not shown in this paper.
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Table 15: Compare Cropcut Plot Yield with Self-reported Yield
Quantiles Mean GPS-measured Mean Cropcut Mean Self-reported Mean Discrepancy
20% .0864 2171.1 2072.3 98.797
40% .1727 2174.0 1969.1 204.91
60% .2646 2138.5 1955.3 183.23
80% .4395 2196.0 1825.7 370.39
100% .9325 2163.0 1876.4 286.61

Note: The table compares cropcut yield with self-reported yield at five di↵erent quantiles of plot size. Mean
discrepancy equals mean Cropcut minus mean self-reported plot yield.

Table 16: Test IR with Cropcut Yield
(1) (2)

Self-reported yield Cropcut yield
GPS-measured plot area(Log acre) -0.034⇤ 0.010

(0.018) (0.014)
Observations 275 275
R squared 0.009 0.001

Note: The table shows IR estimates based on the baseline model for self-reported yield (column 1) and cropcut
yield (column 2) in a subsample of plots. Cropcut yield data is only available for plots randomly selected in the
experiment described in section 2. All variables are in log forms. Standard errors in parentheses.Asterisks indicate
that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

5 Conclusions

I have shown evidence about the existence of the inverse productivity relationship in India and

tested the main groups of hypotheses. Applying a randomized experiment to directly measure

the edge e↵ects by cropcut distance, I am able to test for edge e↵ects where plot peripherals are

more productive than plot interiors. I find no edge e↵ects based on my sample. Even if I apply

a similar regression specification as Bevis and Barrett (2017) did by using perimeter-area ratio

for edge e↵ects, the estimates display a very di↵erent pattern, indicating no edge e↵ects. In this

sense, my finding may suggest that edge e↵ects are likely to be restricted to Africa but not valid

in India. Further research may test the edge e↵ects in various settings, i.e., in di↵erent regions or

with various kinds of crops.

In addition to the edge e↵ects, I also test the labor use hypothesis. I find that more intensive

labor, especially family labor, is used on smaller plots within households, which could explain the

inverse relationship. The inverse relationship goes away once plot labor is controlled for. Also,

no edge e↵ects further suggests that intensive labor is used on smaller plots, but not exclusively

on plot edges. However, despite the specific labor use pattern observed, there does not appear
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to be a single mechanism explaining why this inverse labor use pattern happens and how it can

explain the puzzle. It could be both that family labor is more e�cient, and also smaller plots, with

intensive use of family labor, are more productive. It could also be due to the limitation of family

labor quantity in face of fluctuating labor demand or multiple risk exposures. To tease out the

mechanisms behind the labor use pattern, future works are needed as well.

What’s more, I test on measurement error related explanations. For plot area, self-reported

plot size is on average very similar to that measured by GPS. The bias in between, if any, could not

explain the inverse relationship. For plot yield, the specific pattern of measurement error seems to

be correlated with plot size and may lead to a spurious inverse relationship. But some concerns

regarding plot heterogeneity or error induced by cropcut, are raised as well, though this explanation

cannot be ruled out based on my dataset.

Taken together, the results favor the labor use hypothesis (i.e. more intensive labor is used on

smaller plots.) to be the main explanation for the inverse relationship, while measurement error in

plot yield cannot be ruled out. Neither edge e↵ects nor measurement error in plot size could explain

this relationship. In conclusion, I suggest that small plots are not necessarily more profitable when

taking labor cost into consideration, though they may be more productive. Turning to policy,

it may be unwise to exclusively focus on small farms with the purpose of promoting production

e�ciency and poverty reduction. In the same spirit, as suggested by Collier and Dercon (2014), a

much more open-minded approach to di↵erent modes of production is referred, instead of a narrow

focus on smallholders.
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6 Appendix

Table 17: Robustness Test for IR using a Restricted Plot Sample
(1) (2) (3) (4)

Yield Productivity Profit Profit(net fam labor)
GPS-measured plot -0.061⇤⇤⇤ -0.059⇤⇤⇤ 0.108⇤⇤⇤ 0.153⇤⇤⇤

area(Log acre) (0.010) (0.011) (0.036) (0.039)
Observations 1719 1719 1719 1601
R squared 0.039 0.026 0.008 0.015

Note: This table uses a restricted plot sample, with high plot productivity in 95 percentiles excluded. Productivity
in column 2 equals yield times crop price. Profit in column 3 is productivity minus plot input cost regarding water,
fertilizer, chemicals and hired labor. Profit (net fam labor) in column 4 is the profit in column 3 subtracting family
labor cost, assuming family labor as costly as well. All variables are in log forms. Standard errors in parentheses.
Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

Table 18: IR estimates with averaged crop price
(1) (2) (3)

Yield Productivity Productivity(averaged price)
GPS-measured plot -0.047⇤⇤⇤ -0.046⇤⇤⇤ -0.045⇤⇤⇤

area(Log acre) (0.009) (0.014) (0.012)
Observations 2271 2085 2271
R squared 0.018 0.009 0.010

Note: This table provides the basic IR estimates. Note that about 200 plots are missing crop price values. It could
be that the crops from these plots are not for sale (maybe only for consumption). In column 2, only plots with crop
price are used; while in column 3, all plots are used, with averaged prices at village level replacing the missing ones.
All variables are in log forms. Standard errors in parentheses. Asterisks indicate that coe�cient is statistically
significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

Table 19: IR estimates with (or w/o) distance from home
Plot Yield Plot Productivity

(1) (2) (3) (4)
GPS-measured plot area(Log acre) -0.043⇤⇤⇤ -0.044⇤⇤⇤ -0.044⇤⇤⇤ -0.043⇤⇤⇤

(0.009) (0.009) (0.014) (0.014)

Distance from home(Log meters) 0.009 -0.013
(0.009) (0.012)

Observations 2176 2176 2012 2012
R squared 0.016 0.016 0.009 0.010

Note: This table provides the basic IR estimates with or without distance from home as a control. It basically
shows that distance from home does not explain away the inverse relationship. All variables are in log forms.
Standard errors in parentheses. Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤,
and 10% ⇤ levels.
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Table 20: Edge E↵ects Tests with Controls
Cropcut Yield(Log acre)

(1) (2) (3) (4)
Distance to edge(log 0.012 0.014 0.012 0.012
meters) (0.011) (0.011) (0.011) (0.011)

Seed used(Log KGs 0.068⇤⇤⇤ 0.047⇤⇤ 0.050⇤⇤

per acre) (0.020) (0.020) (0.021)

Broadcasting(plant) 0.059⇤ 0.040 0.037
(0.030) (0.030) (0.031)

Watercost(Log Rupees -0.042⇤⇤⇤ -0.039⇤⇤⇤

per acre) (0.012) (0.012)

Fertilizer used(Log -0.020
KGs per acre) (0.028)

Chemicals cost(Log -0.017
Rupees per acre) (0.019)
Observations 276 273 273 273
R squared 0.004 0.080 0.121 0.127

Note: This table adds in plot level controls for testing edge e↵ects in column 2 - 4. All variables are in log forms.
Standard errors in parentheses. Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤,
and 10% ⇤ levels.

Table 21: Test on U-shape Relationship
Plot Yield Plot Productivity

(1) (2) (3) (4)
GPS-measured plot area -0.047⇤⇤⇤ -0.020 -0.046⇤⇤⇤ 0.022

(0.009) (0.022) (0.014) (0.029)

Squared GPS-measured plot area 0.010 0.026⇤⇤⇤

(0.007) (0.010)
Observations 2271 2271 2085 2085
R squared 0.018 0.019 0.009 0.013

Note: The table includes a quadratic term of GPS-measured plot area in column 2 (with plot yield) and 4 (with
plot productivity). All variables are in log forms. Standard errors in parentheses. Asterisks indicate that coe�cient
is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.
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Table 22: Baseline IR Results (No Hybrid)
(1) (2) (3) (4)

Yield Productivity Profit Profit(net fam labor)
GPS-measured plot -0.068⇤⇤⇤ -0.062⇤⇤⇤ 0.106⇤⇤⇤ 0.147⇤⇤⇤

area(Log acre) (0.008) (0.010) (0.037) (0.041)
Observations 1558 1558 1558 1443
R squared 0.067 0.041 0.008 0.015

Note: This table is based on a plot sample without hybrid seed production. Dependent variables vary in each
column but all in log/acre forms. Productivity in column 2 equals yield times crop price. Profit in column 3 is
productivity minus plot input cost regarding water, fertilizer, chemicals and hired labor. Profit (net fam labor) in
column 4 is the profit in column 3 subtracting family labor cost, assuming family labor as costly as well. I exclude
observations either with missing crop price or with negative profit. All variables are in log forms. Standard errors in
parentheses. Asterisks indicate that coe�cient is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

Table 23: Regression Results with Plot Labor Use as a Control (No Hybrid)
Plot Yield Plot Productivity

(1) (2) (3) (4)
GPS-measured plot area(Log acre) -0.053⇤⇤⇤ -0.017 -0.041⇤⇤⇤ -0.011

(0.009) (0.011) (0.010) (0.013)

Plot labor use(Log person days/acre) 0.072⇤⇤⇤ 0.060⇤⇤⇤

(0.016) (0.018)
Observations 2055 2048 2055 2048
R squared 0.026 0.047 0.011 0.021

Note: Dependent variables for column 1 and 2 are productivity and for column 3 and 4 are plot yield. Plot labor
use consists of hired labor and family labor for both planting and harvesting with units as “person days per acre”.
All variables are in log forms. Standard errors in parentheses. Asterisks indicate that coe�cient is statistically
significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.

Table 24: Plot Labor Use Pattern (No Hybrid)
Planting Labor intensity Harvesting Labor intensity

(1) (2) (3) (4) (5) (6)
Overall Family Hired Overall Family Hired

GPS-measured plot -0.281⇤⇤⇤ -0.867⇤⇤⇤ -0.207⇤⇤⇤ -0.469⇤⇤⇤ -0.842⇤⇤⇤ -0.280⇤⇤⇤

area(Log acre) (0.026) (0.028) (0.028) (0.040) (0.033) (0.037)
Observations 2056 1516 2020 1512 1274 1266
Household Fixed E↵ects Yes Yes Yes Yes Yes Yes
R squared 0.757 0.933 0.728 0.902 0.911 0.794

Note: This table look at planting and harvesting labor separately in a plot sample without hybrid seed production.
For labor used during either stages, the estimates for use pattern of overall labor, family labor, and hired labor are
shown in columns. All variables are in log forms. Standard errors in parentheses. Asterisks indicate that coe�cient
is statistically significant at the 1% ⇤⇤⇤, 5% ⇤⇤, and 10% ⇤ levels.
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