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Abstract

The inverse farm size-productivity relationship (hereafter referred to as farm-size IR) has
long been investigated in the literature as it remains a puzzle in development microeconomics.
This paper sets up an agricultural household model that includes the causes of the farm-size
IR as identified in the literature. The paper investigates the farm-size IR problem in a context
of households mis-measuring land sizes, facing weather uncertainty, and exhibiting aversion
to risk in output prices. The model formulates three propositions, which are empirically
tested using four survey waves of nationally-representative household panel data from Uganda
(LSMS-ISA 2005/06 through 2011/12) and secondary data on prices at the nearest market
to the household and Water Requirement Satisfaction Index (WRSI). Estimation results
show that diminishing hectares cultivated by 1% increases farm productivity per hectare
by less than 1% (using the regressions with measurement errors in farm size) or more than
1% (using more appropriate regressions). We find a negative effect of farm size on the per
hectare intensity of use of labor, and a positive effect of this intensity on farm productivity.
Moreover, the results are robust to controlling for selectivity bias in GPS-measured farm
size, and the negative farm-size effect on farm productivity prevails, with no weather risk
effect but a positive output price-risk effect of a statistically same magnitude as the farm-
size effect. These results are also robust to controlling for intercropping, maize cultivation,
and district-fixed effects. After accounting for the distribution of farm sizes, our findings
suggest that as output price risk increases, the comparative productive advantage of small
farms relative to medium and large farms diminishes or disappears. Therefore, reducing
the volatility of output price is crucial to maintaining higher returns on investment in small
farms.
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1 Introduction

The inverse farm size-productivity relationship (hereafter referred to as farm-size IR) has long

been investigated in the literature as it remains a puzzle in development microeconomics. Four

explanations have been proposed from the sixties until the nineties. A first and earliest expla-

nation uses labor wage differential between small farms and large farms. Given that the shadow

labor wage in small farms is lower than the labor wage in the market, small farms can intensify

labor while capital-dependent large farms cannot, thus leading to a higher productivity of small

farms (Carter, 1984; Sen, 1962, 1966). A second explanation has been that decreasing returns

to scale technology drive the farm-size IR, but this finds little empirical support as it becomes

a stylized fact that agricultural production technology in developing countries exhibits constant

returns to scale (Bardhan, 1973; Berry and Cline, 1995; Carter, 1984; Cornia, 1985).

In the nineties, a third explanation points out that the farm-size IR is a result of multiple

market failures (for land, labor, and credit) combined with a substantial payment for labor and

cost of hired labor supervision (Binswanger and Rosenzweig, 1986; Eswaran and Kotwal, 1986;

Feder, 1985; Frisvold, 1994), which impede a higher intensity of labor on large farms relative to

small farms.

Also, in the eighties and nineties, a fourth explanation accounting for risks to drive the hy-

pothesis has emerged but remained relatively unexplored in the farm-size IR literature as stud-

ies rather address slightly different relationships (farm size-profitability and farmer’s wealth-

profitability1) and technology adoption under risk aversion2. One exception is the study by

Barrett (1996) that directly links the inverse farm size-productivity relationship to output price

risk aversion. According to Barrett (1996), the farm-size IR arises because small farmers face

food price risk which makes them net buyers and constrains them to over-employ family labor

per unit of land for adequate household food security, as opposed to large farmers.

In the last two decades, the focus has been on the exploration of statistical problems in the

empirical analysis of the farm-size IR. Investments in land quality have been reported to increase

1Binswanger and Rosenzweig (1993) suggest that farmers’ aversion to weather-related risk creates different risk
mitigation choices by less-wealthy and wealthier farmers, resulting into a higher profitability of farm investments
for poorer farmers.

2Under exposure to an adverse weather and highly variable prices but little or missing crop insurance and credit
markets, farmers employ various risk management practices such as controlling the levels of inputs (labor, fertilizer,
etc.), increasing crop diversity (multiple crops, traditional varieties, hybrids, and open-pollinated varieties), and
adopting conservation agriculture, with implications on farm profits. Feder (1980) and Suri (2011) are seminal
papers on the issue.
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land productivity, and smaller farms have been found investing in land quality more than larger

farms (Byiringiro and Reardon, 1996). Land quality has been proposed as an omitted variable

that induces bias in the farm-size IR (Benjamin, 1995; Chen et al., 2011). However, using

objective measures of soil quality, it has been refuted that land quality drives the productivity

differential (Barrett et al., 2010; Lamb, 2003), which shifts the debate to measurement errors in

land size and output.

The most recent literature raises three main measurement concerns in the farm-size IR: the

level of aggregation of land size (plot or total cropped area), the method for estimating yields

(farmer’s estimate after short recall periods, crop cut, or several other methods), and the method

for measuring land size (farmer’s estimate, GPS, or compass and rope). Aggregation bias brings

controversies in the farm-size IR as studies identify plot-size IR (Assunção and Braido, 2007;

Bevis and Barrett, 2020; Kimhi, 2006), which disappears when the benchmark crop-cut method

for yield estimation is used (Desiere and Jolliffe, 2018). At the policy level, plot-size IR would

also leave little applicability since it would suggest land fragmentation versus land consolidation

within a small farm, thus posing challenges to the use of mechanized agricultural technologies

and to agricultural development planning (Ali and Deininger, 2015; Desiere and Jolliffe, 2018).

Land size measurement issues gain prominence by suggesting a prevailing strong farm-size IR

even though small farmers over-report land sizes while large farmers under-report land sizes

(Abay et al., 2019b; Carletto et al., 2015, 2013; Desiere and Jolliffe, 2018; Dillon et al., 2019;

Kilic et al., 2017), and there is a non-random missingness in GPS-measured land sizes during

farm household surveys that is controlled for in the assessment of the farm-size IR (Kilic et al.,

2017).

This paper investigates the IR problem when land size is the total cropped area measured using

both farmer’s estimate or more precise GPS measurement, with yields obtained using farmer’s

estimate, in a context of risk averse agricultural households facing weather uncertainty and risk

in output prices in Uganda. The contribution of this research is twofold. First, to the best of our

knowledge, this paper is the first to explore in the same framework land size measurement and

weather and output price risk concerns in the farm-size IR. Second, if farm-size IR persists after

using an objective measure of farm size (GPS measurement) and controlling for selectivity bias

in farm-size measurement, but weather and/or output price risk effects counteract the farm-size

effect on farm productivity, then more consistent grounds are provided to promote productivity-
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increasing risk management practices and policies for smallholder farmers. The focus on Uganda

is due to recent evidence showing that higher prices and lower rainfalls decrease welfare for rural

households (Hill and Mejia-Mantilla, 2017), and that GPS-measured farm-size IR holds (Carletto

et al., 2013). Thus, given the importance of agricultural productivity growth for consumption

growth, sustaining higher productivity in the presence of risks for small farms is crucial to

contribute to welfare improvement.

We set up an agricultural household model that includes the causes of the farm-size IR as

identified in the literature and formulate three propositions which are empirically tested using

four survey waves of nationally-representative household panel data from Uganda (LSMS-ISA

2005/06 through 2011/12) and secondary data on prices at the nearest market to the household

and Water Requirement Satisfaction Index (WRSI). WRSI data are satellite rainfall data pro-

vided by geoWRSI v3.0 for the concerned crop, referring to the relative availability of rainfall

for the cultivation of the crop, with values ranging from 0 (full water stress) to 100 (no water

stress) for the main cropping season for each survey wave. Proposition 1 states that under con-

stant returns to scale production technology and land size mis-measurement, farm-size IR holds,

regardless of farmers’ risk aversion behavior. Proposition 2 adds that if small farms are char-

acterized by a higher relative risk aversion and an over-reporting of land size relative to large

farms, then small farms will intensify on-farm family labor per unit of land more than large

farms. Proposition 3 posits that if, in addition to the assumptions for Proposition 2, hired-in

labor supervision time costs are proportional to cropped area as well as strictly increasing and

strictly convex in hired-in labor, then small farms will intensify on-farm hired-in labor per unit

of land more than large farms.

We evaluate Proposition 1 by estimating a random-effects regression model of farm produc-

tivity on farm size with location dummies and other variables determining on-farm labor de-

mand functions as suggested from the agricultural household model: agricultural wage, non-

agricultural wage, average monthly real prices, their coefficients of variation, and WRSI for

maize. As expected, estimation results show that diminishing hectares cultivated by 1% in-

creases farm productivity per hectare by approximately 1%. The inverse relationship is even

stronger with GPS-measured areas compared to self-reported areas, which aligns with the earlier

finding from Carletto et al. (2013) in Uganda.

Next, we evaluate Propositions 2 and 3 by estimating random-effects IV regressions of farm
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productivity in which the per hectare intensity of use of each labor input is instrumented by

the independent variables presented above. We account for the mis-measurement problem in

choosing the regressions that use GPS-measured cropped area instead of farmer-reported cropped

area. We find a negative effect of farm size on the per hectare intensity of use of each labor input

corroborating Barrett (1996)’s results, and a positive effect of this intensity on farm productivity.

The opposite signs for these two effects emphasize the farm-size IR.

Moreover, our findings add to Barrett (1996)’s intuition that farm-size effect and price-risk

effect on productivity are of opposing directions and of similar magnitude. Our empirical strat-

egy addresses the non-random missingness in GPS-measured farm size using a Heckman sample

selection model. We test whether the farm-size IR still holds and whether risk effects strengthen

or oppose the farm-size effect on farm productivity. The results suggest that, after controlling

for selectivity bias in GPS-measured farm size, the negative farm-size effect on farm productivity

prevails, with no weather risk effect but a positive output price-risk effect of a statistically same

magnitude as the farm-size effect. These results are also robust to controlling for intercropping,

maize cultivation, and district-fixed effects.

A further econometric specification allows for a more flexible departure from linearity in the

farm-size IR using a linear spline (in logs) regression with knots at quantiles of the distribution

of GPS-measured farm size. The results remain unchanged. The farm-size IR still holds, and

the findings suggest that as output price risk increases, the comparative productive advantage of

small farms relative to medium and large farms diminishes or disappears. Therefore, reducing

the volatility of output price is crucial to maintaining higher returns on investment in small

farms.

In the remainder of this paper, Section 2 presents a model to derive testable propositions on

the farm-size IR. Section 3 describes the data and the econometric approach. Section 4 gives the

main empirical results. Section 5 conducts robustness analyses. Section 6 discusses the findings.

Section 7 concludes.

2 Model

This section sets up the conceptual foundations underlying the empirical investigation in Sections

4 and 5. It essentially regards farm size measurement as exogenous to derive the propositions

5



to be tested. Further, empirically, this assumption is relaxed with endogenous farm size mea-

surement, which does not change the core result established by the conceptual model.

Consider a farm household with preferences over net income (Y ) and leisure (Lc) which satisfy

the Von Neumann-Morgenstern assumptions and quasi-linearity in leisure. The household has

an exogenous income (I) and generates additional revenue from the production of a staple crop

using total cropped area Ã) and labor (L)3. Total cropped area is a multiplication of two

sub-components, a non-random sub-component (A) and a random sub-component (ε) due to

non-perfect measurement or reporting of land size. The latter land sub-component is inversely

proportional to A, with small land sizes taking values 1 < ε ≤ τ , τ > 1, and large land sizes

taking values 0 < ε ≤ 1. There are no markets for land or credit4. Labor used on the farm (L)

is the sum of on-farm family labor (Lf ) and a function of hired-in labor h(Lh), with h′(· ) > 0,

h′′(· ) > 0, h(0) = 0, h′(0) < 1. While hired-in labor supervision time costs are not so prohibitive

for hiring all labor required for crop cultivation (h′(0) < 1), it is proportional to cropped area.

The household can also sell out labor (Ls), which adds up to the on-farm family labor (Lf ) and

to the household leisure (Lc) as the components of the household labor endowment (L̄).

Assume that the production function is a constant returns to scale Cobb-Douglas production

technology, strictly increasing in each input and strictly concave, with production technology

constraint expressed as follows:

Q ≤ θF (Ã, L) = θF (εA,L) ≡ θϕ(ε)G(A,L) = θϕ(ε)KAαALαL (1)

where θ is the state of the nature (adverse weather, pests, and diseases) following a uniform

distribution U(0, 100) with value θ = 0 for total crop failure, value θ = 100 for total crop success,

and expectation E[θ] = 50; F (.) and G(.) are Cobb-Douglas functions with same constant K

and same input-output elasticities α., but G(.) does not have the random land sub-component;

and ϕ(ε) = εαA with αA the land-output elasticity. While we allow for bad states of the nature

(θ < 50) in the model, we rule out extreme bad states with values 0 ≤ θ ≤ 1. Given the

distribution of ε, ϕ(ε) follows a distribution with expectation E[ϕ(ε)] = µϕ(ε) and variance

var[ϕ(ε)] = σ2
ϕ(ε).

3Adding another crop to the crop list and fertilizer to the input list changes nothing in the results from the
model. For simplicity, we thus include in the model one staple crop and the main variable input.

4This remains the main production environment that applies to most farmers in sub-Saharan Africa. There is
evidence in the literature that investment decisions vary if credit markets are not missing (Karlan et al., 2014),
which will vary productivity levels.
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Assume that the household’s utility function is strictly increasing and strictly quasi-concave

in net income and leisure. Strict monotonicity implies that the household will exhaust its time

and budget constraints at its optimal decisions. The household maximizes its expected utility

expressed as follows:

max
Lf ,Lh,Lc

E[U(P qQ+ w(Ls − Lh) + I)] + Lc (2)

s.t. Q ≤ θϕ(ε)G(A,L)

Lf + h(Lh) ≤ L

Lf + Ls + Lc ≤ L̄

Lf , Lh, Lc ≥ 0

where w is the labor wage and P q the output price (P q > 1 assumed).

The household faces risk in the output price such that E[P q] = P̄ q and cov(P q, Q) ≤ 0 as

shown below. (i) ϕ(ε) arises from measurement issues independent on the state of the nature

and the output price; (ii) G(A,L) is non-random; (iii) ϕ(ε) > 0 and G(A,L) ≥ 0; and (iv)

output price is low in a good state and high in a bad state, by the law of demand and supply:

cov(P q, Q) = cov(P q, θϕ(ε)G(A,L)) = ϕ(ε)G(A,L)cov(P q, θ) ≤ 0.

To make the model more tractable, we also assume that the utility is additively separable in

fluctuating income and non-fluctuating income. This allows to decompose the objective function

into the expected utility of the fluctuating revenue and the non-fluctuating net income from

labor and exogenous sources. The household has constant relative risk aversion R on fluctuating

income. While all farmers are subjected to be risk-averse, large farmers are assumed to have a

lower limiting risk aversion (R = 1) and small farmers a higher risk aversion (R > 1)5. This

assumption brings in different utility functional forms for large farmers and small farmers.

5Risk aversion varies among farmers according to individual wealth (Just and Zilberman, 1983). Binswanger
and Rosenzweig (1993) find that wealthier (presumably larger) farmers have lower average profit losses than
less-wealthy (presumably smaller) farmers in rainfall-variable environments.
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2.1 Optimal decisions

With the assumptions on U(.), Q, and the net income, the problem boils down to:

max
Lf ,Lh,Lc≥0

E[U(P qθϕ(ε)G(A,Lf + h(Lh))] + w(L̄− Lf − Lc − Lh) + I + Lc (3)

After abstracting from leisure and the exogenous income, large farms solve the problem in Eq.4

and small farms the problem in Eq.5 :

large farms : max
Lf ,Lh≥0

E
[
log(P qθϕ(ε)G(A,Lf + h(Lh)))

]
+ w(L̄− Lf − Lh) (4)

small farms : max
Lf ,Lh≥0

E

[
(P qθϕ(ε)G(A,Lf + h(Lh)))

1−R

1−R

]
+ w(L̄− Lf − Lh) (5)

For large farms, the set of first-order conditions with respect to Lf and Lh, respectively, are:

∂G(· )
∂Lf

(G(· ))−1 − w ≤ 0 (with equality if Lf > 0) (6)

h′(Lh)
∂G(· )
∂h(Lh)

(G(· ))−1 − w ≤ 0 (with equality if Lh > 0) (7)

Eq.6 and Eq.7 are much revealing on the behavior of large farms, which is unchanged with uncer-

tainty in output price and state of nature and is unaffected by imperfect land size measurement.

For small farms, the set of first-order conditions with respect to Lf and Lh, respectively, are:

E
[
(P qθϕ(ε))1−R

]
(G(· ))−R ∂G(· )

∂Lf
− w ≤ 0 (with equality if Lf > 0) (8)

E
[
(P qθϕ(ε))1−R

]
(G(· ))−R h′(Lh)

∂G(· )
∂h(Lh)

− w ≤ 0 (with equality if Lh > 0) (9)

Eq.8 and Eq.9 reveal that the optimal labor decisions of small farms are not invariant to un-

certainty in output price and state of the nature and are affected by imperfect land size mea-

surement. Under certainty, P q, θ, ϕ(ε) return their average values. Under risk aversion in the

fluctuating revenue (R > 1), application of Jensen’s inequality suggest:

E
[
(P qθϕ(ε))1−R

]
≥ (50P̄ qµϕ(ε))

1−R.
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This implies that, as compared to the levels under certainty, small farms must reduce on-

farm labor productivity levels to equate on-farm labor marginal cost (w) under uncertainty.

However, this does not preclude the inverse farm size-productivity relationship as it is shown in

the propositions below.

Proposition 1 Under constant returns to scale production technology and land size mis-measurement,

the inverse farm size-productivity relationship holds, regardless of farmers’ risk aversion behav-

ior.

Proof:

Log

(
Q

A

)
= Log(θ) + Log [ϕ(ε)] + Log(K) + αLLog(L) + (αA − 1)Log(A).

With the assumptions on ϕ(ε), for some τ > 1, ϕ(ε) = (τ/A)αA . Therefore, constant returns to

scale give the result.

∂Log(Q/A)

∂Log(A)
= −1 < 0. � (10)

The inverse farm size-productivity relationship can be decomposed into two components as

shown in Eq.11. As the inverse farm size-productivity relationship holds, it must be the case

that the two components have opposite signs. This decomposition of the inverse farm size-

productivity relationship plays a central role in our empirical analysis. The model offers two

additional propositions to identify the sign of the two components in Eq.11.

∂Log(Q/A)

∂Log(A)
=
∂Log(Q/A)

∂Log(L/A)

∂Log(L/A)

∂Log(A)
. (11)

Proposition 2 If small farms are characterized by a higher relative risk aversion (R > 1) and

an over-reporting of land size (higher ϕ(ε)) relative to large farms (R = 1 and lower ϕ(ε)), then

small farms will intensify on-farm family labor per unit of land more than large farms.

Proof:

In a first step, the comparison of the first-order condition for large farms (Eq.6) and small

farms (Eq.8) helps to establish that ∂G(·)
∂Lf

is higher for small farms than for large farms. It

suffices to show:

E
[
(P qθϕ(ε))1−R

]
(G(· ))−R < (G(· ))−1. (12)
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As R > 1 for small farms, (G(· ))−R < (G(· ))−1 is guaranteed and the above inequality holds

if E
[
(P qθϕ(ε))1−R

]
< 1. By the independence of ϕ(ε) on θ and P q:

E
[
(P qθϕ(ε))1−R

]
= E

[
(P q)1−R

]
E
[
(θϕ(ε))1−R

]
+ (ϕ(ε))1−Rcov((P q)1−R, θ1−R)

= E
[
(P q)1−R

]
E
[
θ1−R]E [(ϕ(ε))1−R

]
+ (ϕ(ε))1−Rcov((P q)1−R, θ1−R).

Since R > 1 and ϕ(ε) > 1 for small farms, with P q > 1, θ > 1, and cov(P q, θ) ≤ 0, the result

∂
∂A

[
∂G(·)
∂Lf

]
< 0 is established.

In a second step, when only family labor is used on the farm, the result from the first step

implies
∂Log( G

Lf
)

∂Log(A) < 0 and
∂Log

(
Lf

A

)
∂Log(A) < 0, as shown below.

∂

∂A

[
∂G(· )
∂Lf

]
=

∂

∂A

[
∂Log(G(· ))
∂Log(Lf )

G(· )
Lf

]
= αL

∂( G
Lf

)

∂A
.

∂

∂A

[
∂G(· )
∂Lf

]
< 0 ⇒

∂( G
Lf

)

∂A
< 0 ⇒

∂Log( G
Lf

)

∂Log(A)
< 0.

∂Log
(
Lf

A

)
∂Log(A)

=
∂
[
Log(L

f

G ) + Log(GA )
]

∂Log(A)
=
∂Log

(
Lf

G

)
∂Log(A)

+
∂Log

(
G
A

)
∂Log(A)

=
∂Log

(
Lf

G

)
∂Log(A)

+ (αA − 1) =
−∂Log

(
G
Lf

)
∂Log(A)

− αL =

∣∣∣∣∣∂Log
(
G
Lf

)
∂Log(A)

∣∣∣∣∣− αL.
∂Log

(
Lf

A

)
∂Log(A)

= −αA − αL = −1 < 0. � (13)

A straightforward corollary from Propositions 1 and 2 is that, when only family labor is used

on the farm, ∂Log(Q/A)
∂Log(Lf/A)

> 0.
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Proposition 3 If small farms are characterized by a higher relative risk aversion (R > 1) and

an over-reporting of land size (higher ϕ(ε)) relative to large farms (R = 1 and lower ϕ(ε)), but

hired-in labor supervision time costs (h(Lh)) are proportional to cropped area as well as strictly

increasing and strictly convex in Lh, then small farms will intensify on-farm hired-in labor per

unit of land more than large farms.

Proof:

The assumptions on h(Lh) and the comparison of the first-order condition for large farms

(Eq.7) and small farms (Eq.9) help to establish that h′(Lh) ∂G(·)
∂h(Lh)

decreases with farm size. As

previously for family labor, Eq.12 holds. Although h′(· ) > 0 and h(· ) proportional to farm size

ensure a higher h′(Lh) for large farms, the strict convexity of h(· ) ensures a much lower ∂G(·)
∂h(Lh)

for large farms. Thus, the same result as the one for family labor in the proof of Proposition 2

is obtained. �

To verify for consistency, when only one type (l) of labor is used, constant returns to scale

technology and Proposition 1 imply that the intensity of labor input use per unit of land decreases

with land size :

Q

A
= θϕ(ε)KA(αA−1)(Ll)αL l = f, h.

Q

A
= θταAK(Ll)αL−1

(
Ll

A

)
τ > 1, l = f, h.

∂Log(Q/A)

∂Log(Ll/A)
= 1 l = f, h.

∂Log(Ll/A)

∂Log(A)
= −1 < 0 l = f, h.

3 Data and methods

3.1 Data description

The analysis in this paper relies mainly on the nationally-representative longitudinal data from

the Uganda National Panel Survey (UNPS) from 2005/06 to 2011/12 made available by the

Uganda Bureau of Statistics and the World Bank LSMS-ISA surveys. The multi-topic surveys

cover demographic characteristics of households, agricultural module, consumption module, mi-

gration, wages, shocks, and community-level information. Originally, 3,123 households were
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surveyed in 2005/06, of which 2,607 households were re-surveyed in 2009/10. There are 2,391

original households surveyed in the first three waves, and 2,247 original households surveyed

in all four waves for this study. During the last three waves considered, 2,462 households were

constantly surveyed. Table 1 maps out all figures of balanced panels with at least three data

points per household. About half of the households in each of these panels are agricultural

households in the sense that the household’s gross income from crop activities is non-zero. The

standard issue of having missing parcel measurements, described by Kilic et al. (2017), is present

in the sample as only 38% of agricultural households have non-missing both GPS-measured and

self-reported farm sizes for all survey waves in the panel samples. This feature of the sample is

accounted for in the analysis because missing measurement might be nonrandom.

Table 1: Three-wave and four-wave balanced panel samples

05/09/10 09/10/11 four-wave

Total number of households per panela

2005/06 2391 2247
2009/10 2391 2462 2247
2010/11 2391 2462 2247
2011/12 2462 2247

Number of agricultural households per panelb

2005/06 1283 1232
2009/10 1283 1353 1232
2010/11 1283 1353 1232
2011/12 1353 1232

Number of agricultural households with measured parcel areasc

2005/06 485 465
2009/10 485 486 465
2010/11 485 486 465
2011/12 486 465

a Total sample of balanced panel: includes both agricultural and non-agricultural households.
b Agricultural household is defined by a non-zero value of agricultural output (positive gross real income

from crop activities computed using the agricultural module).
c Refers to agricultural households with non-missing GPS-measured and self-reported parcel areas for all

concerned survey waves in the panel.

The paper uses three additional sources of data. The first one is a primary data source provided

by FAO’s project on Rural Income Generating Activities (RIGA). As this project collaborates

with the World Bank LSMS-ISA surveys, it makes available real gross and net income from crop

activities for households of the UNPS sample from 2005/06 to 2011/12. We could therefore use

the real gross income from crop activities as our variable of total real value of agricultural output,

which enters the nominator for land size productivity computation. The other two data sources
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are secondary data for prices and Water Requirement Satisfaction Index (WRSI) as described

by Hill and Mejia-Mantilla (2017). Price data are collected by the Uganda Bureau of Statistics

and deflated by national Consumer Price Indices. For each household, prices refer to the nearest

market to the household. WRSI data are satellite rainfall data provided by geoWRSI6 v3.0 for

the concerned crop, referring to the availability of rainfall ranging from 0 to 100 for the main

cropping season for each survey wave. Following the description in World-Bank (2011), WRSI

takes value 0 if there is no water available in the soil relative to the water level required for the

crop to grow (full water stress), and value 100 if there is no relative rainfall deficit (no water

stress) for the cultivation of the concerned crop. Hill and Mejia-Mantilla (2017) identify four

main crops as main sources of agricultural income in the sample: beans, maize, matooke (banana

plantains), and cassava. We choose to consider only maize crop for WRSI and prices for three

reasons. First, beans do represent the only crop spatially represented across all four regions in

Uganda, but water requirements for the production of beans are minimal to justify their choice

in the analysis. Second, matooke (banana plantains) and cassava are less spatially represented

than maize. Third, maize is the most important crop in sub-Saharan Africa.

While our empirical analysis is conducted on each balanced panel presented in Table 1, to

ensure consistency in the results across several samples, we describe the data below only for the

fully-balanced household panel across all four survey waves considered. Table 2 describes the

household characteristics. The agricultural household sample for each survey wave is relatively

evenly distributed across the four regions of Uganda. About one-fourth of the households are

headed by women. On average, the household head is 50 years old (in 2011/12) and has 7 years

of schooling (finished primary education level). More than 90% of households own their farm (do

not rent parcels) but have no certificates for these parcels. It is quite common for the studied

households to mix crops (approximately 90% of the sample) as part of their soil and fertility

management practices and their food security objectives. Maize is central in the crop mix as it

is grown by 62 to 74% of the sample every year. Average non-agricultural wages are relatively

higher than agricultural wages.

6http://chg.geog.ucsb.edu/tools/geowrsi/

13



Table 2: Demographic and parcel characteristics of agricultural households
in the four-wave panel sample

Obs Min Mean Std. Dev. Max

2005/06 survey wave

Female head of household
†

1093 0 0.24 0.43 1
Age of household head (years) 1232 17 44.1 15.1 98
Education of household head (years) 1232 0 6.93 3.35 17

Location of HH: Central region
†

1232 0 0.23 0.42 1

Location of HH: Eastern region
†

1232 0 0.27 0.44 1

Location of HH: Northern region
†

1232 0 0.22 0.41 1

Location of HH: Western region
†

1232 0 0.27 0.45 1
Log annual wage from ag/fishing (UShs) 1232 9.9 13.4 0.69 17.9
Log annual wage from nonfarm activities UShs) 1232 9.4 14.0 0.43 16.6

Maize grown on farm
†

1232 0 0.62 0.49 1

Intercropping on farm
†

1232 0 0.90 0.29 1

Ownership status of main parcel: non-owner
†

1095 0 0.13 0.33 1

Ownership status of main parcel: owner without certificate
†

1095 0 0.84 0.37 1

Ownership status of main parcel: owner with certificate
†

1095 0 0.036 0.19 1

2009/10 survey wave

Female head of household
†

1190 0 0.27 0.44 1
Age of household head (years) 1230 18 48.0 14.8 98
Education of household head (years) 1230 0 7.08 3.33 17

Location of HH: Central region
†

1232 0 0.23 0.42 1

Location of HH: Eastern region
†

1232 0 0.27 0.44 1

Location of HH: Northern region
†

1232 0 0.22 0.41 1

Location of HH: Western region
†

1232 0 0.27 0.45 1
Log annual wage from ag/fishing (UShs) 1232 7.9 12.6 0.69 15.6
Log annual wage from nonfarm activities UShs) 1232 9.1 13.9 0.84 17.3

Maize grown on farm
†

1232 0 0.74 0.44 1

Intercropping on farm
†

1232 0 0.88 0.32 1

Ownership status of main parcel: non-owner
†

1190 0 0.063 0.24 1

Ownership status of main parcel: owner without certificate
†

1190 0 0.73 0.44 1

Ownership status of main parcel: owner with certificate
†

1190 0 0.21 0.40 1

2010/11 survey wave

Female head of household
†

1113 0 0.29 0.45 1
Age of household head (years) 1223 14 48.7 14.8 98
Education of household head (years) 1211 0 7.27 3.42 17

Location of HH: Central region
†

1226 0 0.23 0.42 1

Location of HH: Eastern region
†

1226 0 0.27 0.45 1

Location of HH: Northern region
†

1226 0 0.22 0.41 1

Location of HH: Western region
†

1226 0 0.27 0.45 1
Log annual wage from ag/fishing (UShs) 1232 8.7 12.6 0.55 15.3
Log annual wage from nonfarm activities UShs) 1232 9.7 14.1 0.66 16.6

Maize grown on farm
†

1232 0 0.72 0.45 1

Intercropping on farm
†

1232 0 0.87 0.34 1

Ownership status of main parcel: non-owner
†

1113 0 0.057 0.23 1

Ownership status of main parcel: owner without certificate
†

1113 0 0.75 0.43 1

Ownership status of main parcel: owner with certificate
†

1113 0 0.19 0.40 1

2011/12 survey wave

Female head of household
†

1147 0 0.29 0.46 1
Age of household head (years) 1230 14 49.5 14.5 98
Education of household head (years) 1230 0 7.24 3.47 17

Location of HH: Central region
†

1232 0 0.23 0.42 1

Location of HH: Eastern region
†

1232 0 0.27 0.44 1

Location of HH: Northern region
†

1232 0 0.22 0.41 1

Location of HH: Western region
†

1232 0 0.27 0.45 1
Log annual wage from ag/fishing (UShs) 1232 6.0 13.3 0.46 15.5
Log annual wage from nonfarm activities UShs) 1232 10.6 14.5 0.58 18.6

Maize grown on farm
†

1232 0 0.71 0.45 1

Intercropping on farm
†

1232 0 0.87 0.33 1

Ownership status of main parcel: non-owner
†

1147 0 0.081 0.27 1

Ownership status of main parcel: owner without certificate
†

1147 0 0.72 0.45 1

Ownership status of main parcel: owner with certificate
†

1147 0 0.20 0.40 1

† Indicates dummy variables.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.
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Table 3 gives the descriptive statistics of the farm productivity-related variables appearing in

the structural model. On average, GPS-measured farm sizes are lower than self-reported farm

sizes, particularly in the last three survey waves. As a result, on average, per hectare intensity

of use of each labor input and land productivity are higher when computed using GPS-measured

rather than self-reported farm sizes.

Table 3: Land size, labor, productivity, and risk characteristics for agricultural house-
holds in the four-wave panel sample

Obs Min Mean Std. Dev. Max

2005/06 survey wave

Log total cropped area measured by GPS in Ha 465 0.0 0.57 0.46 3.66
Log total cropped area reported by farmer in Ha 465 0.1 0.60 0.50 4.12
Log family labor days (Person days/GPS-measured Ha) 465 1.3 5.77 1.22 10.1
Log family labor (Person days/Self-reported Ha) 465 1.2 5.63 1.14 8.41
Log payment to hired labor (UShs/GPS-measured Ha) 465 6.5 10.7 1.42 15.0
Log payment to hired labor (UShs/Self-reported Ha) 465 6.0 10.6 1.28 13.8
Log productivity (UShs/GPS-measured Ha) 465 1.7 10.6 2.43 16.4
Log productivity (UShs/Self-reported Ha) 465 2.0 10.4 2.40 15.4
WRSI for maize in current main cropping season 465 61.5 86.7 7.93 99.5

2009/10 survey wave

Log total cropped area measured by GPS in Ha 465 0.0 1.33 0.91 4.08
Log total cropped area reported by farmer in Ha 465 0.1 1.47 0.85 4.12
Log family labor days (Person days/GPS-measured Ha) 465 1.4 5.06 1.29 9.98
Log family labor (Person days/Self-reported Ha) 465 1.6 4.77 1.07 7.43
Log payment to hired labor (UShs/GPS-measured Ha) 460 5.2 10.5 1.63 14.6
Log payment to hired labor (UShs/Self-reported Ha) 460 5.5 10.2 1.36 14.3
Log productivity (UShs/GPS-measured Ha) 465 7.1 12.3 1.53 16.3
Log productivity (UShs/Self-reported Ha) 465 6.5 12.0 1.31 16.2
WRSI for maize in current main cropping season 465 52 73.4 8.40 99
Log average monthly real price of maize (at previous survey wave) 465 5.6 5.82 0.14 6.10
CV real price of maize (at previous survey wave) 465 0.1 0.15 0.075 0.28

2010/11 survey wave

Log total cropped area measured by GPS in Ha 465 0.0 1.27 0.90 4.08
Log total cropped area reported by farmer in Ha 465 0.1 1.40 0.84 4.12
Log family labor days (Person days/GPS-measured Ha) 465 0.4 5.17 1.32 9.80
Log family labor (Person days/Self-reported Ha) 465 0.8 4.87 1.03 7.80
Log payment to hired labor (UShs/GPS-measured Ha) 459 6.1 10.7 1.51 15.4
Log payment to hired labor (UShs/Self-reported Ha) 459 5.7 10.4 1.32 14.0
Log productivity (UShs/GPS-measured Ha) 465 8.9 12.6 1.38 17.1
Log productivity (UShs/Self-reported Ha) 465 9.0 12.3 1.10 15.3
WRSI for maize in current main cropping season 465 57 87.9 9.44 100
Log average monthly real price of maize (at previous survey wave) 465 6.0 6.20 0.15 6.43
CV real price of maize (at previous survey wave) 465 0.3 0.34 0.035 0.40

2011/12 survey wave

Log total cropped area measured by GPS in Ha 465 0.0 1.17 0.88 4.08
Log total cropped area reported by farmer in Ha 465 0.1 1.36 0.81 4.12
Log family labor days (Person days/GPS-measured Ha) 465 0.8 5.17 1.33 8.80
Log family labor (Person days/Self-reported Ha) 465 0.7 4.77 1.01 7.76
Log payment to hired labor (UShs/GPS-measured Ha) 465 5.4 10.9 1.53 14.8
Log payment to hired labor (UShs/Self-reported Ha) 465 5.6 10.5 1.23 13.6
Log productivity (UShs/GPS-measured Ha) 465 9.7 13.2 1.35 16.9
Log productivity (UShs/Self-reported Ha) 465 9.9 12.8 1.00 15.3
WRSI for maize in current main cropping season 465 60 85.9 12.0 100
Log average monthly real price of maize (at previous survey wave) 465 5.3 5.51 0.11 5.65
CV real price of maize (at previous survey wave) 465 0.3 0.34 0.035 0.40

UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.
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Our rainfall measure, WRSI for maize, has a value above 85 in all survey waves except in

2009/10, suggesting a relatively high rainfall deficit and high weather risk in 2009/10. Average

monthly real prices are relatively the highest for 2010/11, aligning with a negative correlation

between state of the nature and output price. Average price dispersion (at previous survey

wave) is relatively the lowest for 2009/10, thus suggesting relatively lower price risk expected

for 2009/10.

Besides the average over-reporting of farm sizes across the sample described in Table 3, Figure 1

highlights further farmers’ mis-reporting behavior by depicting an inverse relationship between

the ratio of self-reported farm size to GPS-measured farm size and the objective measure of farm

size (GPS measurement). In all survey rounds, below some threshold level of GPS-measured

farm size that defines small farmers, the value of the ratio is greater than one, suggesting that

small farms over-report land areas; above the threshold (large farms), the value of the ratio is

lower than one (under-reporting of land areas).

Figure 1: Land size mis-reporting problem by survey wave
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3.2 Estimation methods

To evaluate Proposition 1, we estimate a random-effects regression of farm productivity on farm

size and all variables determining the labor demand functions as indicated by the first-order

conditions in Section 2.2 and expressed as follows:

Ll ≡ Ll(w,P q, R, θ, ϕ(ε), A) l = f, h. (14)

The econometric specification testing Proposition 1 is:

Log

(
Yi,t
Ai,t,m

)
= Log (Ai,t,m)βm + Z

′
γm + ci + ui,t,m t = 1, ..., T. T = 3, 4. (15)

where Yi,t is the total gross real value of agricultural output of household i at survey wave t;

Ai,t,m is the total cropped area of household i at survey wave t obtained through the method

m (i.e. self-reported or GPS-measured); Z is the vector of exogenous determinants of labor

input use capturing the parameters in Eq.14 other than farm size: agricultural wage in logs,

non-agricultural wage in logs, average monthly real price of maize at the precedent survey

wave in logs, coefficient of variation of real price of maize at the precedent survey wave, and

lagged difference in WRSI for maize WRSIt−WRSIt−1 ; ci is the household heterogeneity that

accounts for location-fixed effects and ui,t,m,l the idiosyncratic errors. Eq.15 is estimated using

random-effects, which yield unbiased coefficient estimates if there are no fixed effects that are

correlated with the variables in Eq.15. After accounting for all the exogenous variables imposed

by the optimal behavior in Eq.14 and location-fixed effects, there is no correlation between the

unobserved household effect and the observed farm productivity.

In Eq.15, which expresses the reduced-form relationship between productivity and farm size,

the parameter of interest is βm, with βgps preferred over βself due to potential measurement

errors. Following Proposition 1, we expect to obtain βm < 0 for an inverse farm size-productivity

relationship to hold even after accounting for measurement errors in the total cropped area by

using GPS-based measurements.

Moreover, using Eq.15, we can also test whether weather and/or output price risks counteract

the farm-size effect on farm productivity. Given the high levels of WRSI (little water stress)

in all survey waves as presented in Table 3, our proxy for perceived weather risks is likely not

to impact farm productivity, and we choose to test whether the output price-risk effect (γCV )
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strengthens or opposes the farm-size effect on farm productivity (βm). Note that one of the

advantages of the coefficient of variation (CV) lies in that it is a dimensionless number. By

including the CV as a control in Eq.15, γCV captures the effect of a one-unit increase in the

relative standard deviation of real price of maize at the precedent survey wave (or a 100%

increase in the ratio of the standard deviation to the average monthly real price of maize at the

precedent survey wave) on log farm productivity. Since βm is expected to be negative, testing

the null hypothesis βm = −γCV is equivalent to testing that log farm size and CV have opposing

effects on log farm productivity or that the sum of the farm-size effect and the maize price-risk

effect on farm productivity is zero.

Next, to evaluate Propositions 2 and 3, we employ the decomposition of the farm size-

productivity relationship into its two components as established in Eq.11. For each input,

family labor or hired-in labor, we estimate a random-effects IV regression of farm productivity

on the intensity of the input use per hectare. The structural equation is:

Log

(
Yi,t
Ai,t,m

)
= Log

(
Xi,t,l

Ai,t,m

)
βl + di + vi,t,m,l t = 1, ..., T. T = 3, 4. (16)

where Xi,t,l is the quantity of input l, family labor in person-days or payment to hired-in labor

in Uganda Shillings for household i at survey wave t; di represents the household’s location-fixed

effects and vi,t,m,l the idiosyncratic errors. The intensity of input use per unit of land,
Xi,t,l
Ai,t,m

is endogenous in Eq.16 due to potential measurement errors in Ai,t,m and omitted variables in

vi,t,m,l. We address the mis-measurement problem by also including the regression using the

GPS-measured area over the one using the self-reported area. To address the additional omitted

variables problem, we instrument the intensity of input use per unit of land using farm size and

the vector Z described above. The reduced form equation in Eq.17 thus solves the identification

problem for βl in Eq.16.

Log

(
Xi,t,l

Ai,t,m

)
= Log(Ai,t,m)δl + Z

′
γl + ηi + νi,t,m,l t = 1, ..., T. T = 3, 4. (17)

Both the structural and the reduced form equations are estimated using random-effects. Follow-

ing Propositions 2 and 3, we expect to obtain δl < 0 to indicate that small-farmers over-employ

labor per unit of land. And, to ensure consistency with the inverse farm size-productivity

relationship, we expect βl > 0.
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After the main estimations in Eq.15, Eq.16, and Eq.17 investigate the presence of the farm

size-productivity relationship and the intensity of input use per unit of land as the underlying

mechanism, we question the robustness of the estimations. In Eq.15, although we prefer βgps over

βself due to potential measurement errors, the estimate of βgps would be inconsistent in the pres-

ence of a non-random sample selection and/or correlated household heterogeneity (Wooldridge,

2002). Therefore, another econometric specification in our empirical strategy uses a Heckman

sample selection model to address the non-random error due to missing GPS measurement of

farm sizes and test whether the inverse farm size-productivity relationship still holds and how

it plays in conjunction with the output price risk.

Because observed and unobserved GPS-measured farm sizes may lead to a different sample of

GPS-measured farms on which the estimations are carried out, the Heckman sample selection

model addresses the measurement-specific selection using a correction term (Heckman, 1979).

The classic Heckman approach includes in the farm productivity outcome equation the Inverse

Mills Ratio λ–that is the predicted likelihood of selection of households into the sample of farms

with observed productivity per GPS-measured farm size–obtained using the estimation of the

first-step equation below (Eq.18):

si,t,gps = 1
[
Ψ
′
κgps + ξi,t,gps > 0

]
t = 1, ..., T. T = 3, 4. (18)

in which si,t,gps takes value one if GPS-measured farm size is observed for household i at survey

wave t, and zero otherwise; 1 [· ] is the indicator function, which equals one if its argument is

true, and zero otherwise; Ψ is a vector representing the variables in Z augmented by at least

one variable that does not appear in the the farm productivity outcome equation, for proper

model identification. The exclusion variables used are potential correlates to parcel’s GPS

measurement status identified in Kilic et al. (2017): household tracking status (whether or not

the farm household has moved), household’s ownership status of the main parcel (non-owner,

owner without a certificate for the main parcel, or owner with a certificate for the main parcel),

and survey characteristics (year dummies)7. In Eq.18, ξi,t,gps is the idiosyncratic error term.

7Although weather conditions at the time of measurement and the density of tree canopy covers reported as
constraints for the accuracy of GPS measures in Carfagna and Keita (2009) could also leave little motivation for
enumerators to take GPS-based land size measurement during surveys, we choose not to include weather-related
variables and the cultivation of tree crops in the first-step selection equation because these variables directly
determine farm productivity, and will create endogeneity problem by making λ now correlated to the error term
ωi,t,gps in the second-step outcome equation in Eq.19. Respondent’s willingness to show enumerators each parcel
cultivated within the farm for their measurement, distance to each of parcel, rural road infrastructure, number of
parcels, and enumerator-fixed effects could all potentially explain whether GPS-based total cropped area could
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Heckman’s two-step estimation procedure augments the regression in Eq.15 by an estimate of

the omitted regressor λ(Ψ
′
κgps) and uses positive values of the dependent variable Log

(
Yi,t

Ai,t,gps

)
to estimate farm productivity from the second-step outcome equation below (Eq.19):

Log

(
Yi,t

Ai,t,gps

)
= Log (Ai,t,gps)βgps + Z

′
γgps + λ(Ψ

′
κgps) + ςi + ωi,t,gps t = 1, ..., T. T = 3, 4.

(19)

in which ςi captures household heterogeneity that controls for land quality using region-fixed

effects or district-fixed effects, and ωi,t,gps is the idiosyncratic error term. If the correlation

coefficient ρ between error terms ξi,t,gps from Eq.18 and ωi,t,gps from Eq.19 takes value zero,

then there is no sample selection bias. The test of random sample selection is given by the test

of the significance of the parameter associated with λ; if the parameter is significant, the null

hypothesis of random selection is rejected (and Heckman estimates are consistent). Using these

estimates, we then test for farm-size IR and for the equality of farm-size and price-risk effects.

A final robustness check in our empirical strategy regards farm size distribution or nonlinear-

ity in the farm-size effect. By specification default, the estimations above attribute the same

marginal effects of log farm size on log farm productivity, regardless of whether the given farm

is at the bottom, middle, or top of the size distribution. However, recent studies highlight an in-

creasing rise in medium and large farms (Jayne et al., 2016) and dynamic economic development

stages for farms (Rada and Fuglie, 2019), which generate a shift from an inverse relationship to

a U-shaped relationship between farm size and farm productivity (Muyanga and Jayne, 2019;

Rada and Fuglie, 2019). To address robustness to farm size distribution, a linear spline (in

logs) econometric specification is used that allows farm-size effects to remain linear but flexible

enough to vary slopes across quantiles of log farm size.

The regression model estimates Eq.20 that is similar to Eq.15 except for the spline function

introduced for log farm size :

Log

(
Yi,t

Ai,t,gps

)
= f(Log (Ai,t,gps))βgps + +Z

′
γgps + ci + ui,t,gps t = 1, ..., T. T = 3, 4. (20)

where marginal effects are given by Eq.21 in the two-group categorization of log farm size (knot

at the median P50) and by Eq.22 in the three-group categorization of log farm size (knots at the

be observed for a given farm. To account for all these selectivity biases across time in the panel sample due to
survey characteristics, we choose to include survey wave fixed effects.
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33th and 67th percentiles P33 and P67, respectively).

dLog
(

Yi,t
Ai,t,gps

)
dLog (Ai,t,gps)

=

{
βgps,small if Log (Ai,t,gps) < P50

βgps,large if P50 ≤ Log (Ai,t,gps)
(21)

dLog
(

Yi,t
Ai,t,gps

)
dLog (Ai,t,gps)

=

{ βgps,small if Log (Ai,t,gps) < P33

βgps,medium if P33 ≤ Log (Ai,t,gps) < P67

βgps,large if P67 ≤ Log (Ai,t,gps)

(22)

For each piece of the spline, the usual tests of interest (farm-size IR and equality between

farm-size and price-risk effects) follow the estimation of Eq.20.

4 Results

4.1 Reduced-form relationship between productivity and farm size

This sub-section provides the evidence of the farm-size IR as identified in the literature and

hypothesized in Proposition 1. Reduced-form estimation results in Table 4 show that in all

three study samples, farm productivity decreases with the farm size, whether farm size is self-

reported or GPS-measured. Hypothesis tests indicate that βself ∈ (−1, 0) and βgps ∈ (−∞,−1)

at the 5% level of significance. Hence, diminishing hectares cultivated by 1% increases farm

productivity per hectare by less than 1% in the regressions with measurement errors in farm

size but by more than 1% in the more appropriate regressions.

Table 4 provides evidence that weather risk does not influence farm productivity but that

output price risk does. In all estimations, the ceteris paribus effect of perceived weather risk as

measured by the difference in WRSI is insignificant, as opposed to the ceteris paribus effect of

the coefficient of variation of real price of maize on farm productivity. Hypothesis tests using

the regressions with measurement errors in farm size indicate that the output price-risk effect

is larger than the absolute effect of farm size (columns 2 and 3), while in the more appropriate

regressions the two effects have the same magnitude.

From the results in Table 4, we fail to reject the null hypothesis that labor wages in the

farming and in the non-farm sectors have no influence on farm productivity at the 5% level of

significance.

21



Table 4: Regressions of farm productivity on farm size and labor determinants

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

Dependent variable: Log farm productivity (UShs/Self-reported Ha)

Log total cropped area reported by farmer in Ha (βself ) -0.918*** -0.933*** -0.933***
(0.032) (0.028) (0.028)

Log annual wage from ag/fishing (UShs) 0.055 0.083 0.087
(0.075) (0.058) (0.060)

Log annual wage from nonfarm activities UShs) 0.005 0.020 0.020
(0.040) (0.030) (0.030)

Lagged difference in WRSI maize in main cropping season t-(t-1) -0.000 -0.000 0.000
(0.003) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) 0.032 -0.387*** -0.396***
(0.162) (0.079) (0.082)

CV real price of maize (at previous survey wave) (γcv) 1.045*** 1.801*** 1.743***
(0.360) (0.282) (0.286)

Location of HH: Eastern regiona -0.109 -0.216** -0.198**
(0.105) (0.086) (0.089)

Location of HH: Northern regiona -0.098 -0.253*** -0.246***
(0.110) (0.089) (0.093)

Location of HH: Western regiona 0.686*** 0.564*** 0.583***
(0.096) (0.080) (0.083)

Constant 12.063*** 13.991*** 13.993***
(1.285) (1.112) (1.157)

Ho: βself = −1 p-value = 0.0117 0.0160 0.0183
Ho: βself ≤ −1 p-value = 0.0058 0.0080 0.0091
Ho: βself ≥ −1 p-value = 0.9942 0.9920 0.9909

Ho: βself = −γcv p-value = 0.7276 0.0025 0.0055
Ho: βself ≤ −γcv p-value = 0.3638 0.0013 0.0027
Ho: βself ≥ −γcv p-value = 0.6362 0.9987 0.9973

Number of agricultural households 970 1,437 1,395
Wald chi-square(9) 1,273.74 1,761.93 1,702.68
Prob. 0.000 0.000 0.000

Dependent variable: Log farm productivity (UShs/GPS-measured Ha)

Log total cropped area measured by GPS in Ha (βgps) -1.106*** -1.143*** -1.143***
(0.037) (0.033) (0.034)

Log annual wage from ag/fishing (UShs) 0.079 0.103* 0.112*
(0.076) (0.059) (0.062)

Log annual wage from nonfarm activities UShs) 0.022 0.042 0.041
(0.047) (0.035) (0.035)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.002 0.001 0.002
(0.003) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) 0.002 -0.441*** -0.454***
(0.166) (0.083) (0.087)

CV real price of maize (at previous survey wave) (γcv) 0.690* 1.580*** 1.514***
(0.364) (0.296) (0.299)

Location of HH: Eastern regiona -0.092 -0.164 -0.147
(0.118) (0.102) (0.106)

Location of HH: Northern regiona -0.202* -0.383*** -0.377***
(0.120) (0.100) (0.105)

Location of HH: Western regiona 0.717*** 0.603*** 0.613***
(0.103) (0.090) (0.094)

Constant 12.211*** 14.240*** 14.230***
(1.395) (1.188) (1.235)

Ho: βgps = −1 p-value = 0.0039 0.0000 0.0000
Ho: βgps ≤ −1 p-value = 0.9981 0.9999 0.9999
Ho: βgps ≥ −1 p-value = 0.0019 9.25e-06 0.0000

Ho: βgps = −γcv p-value = 0.2606 0.1433 0.2194

Number of agricultural households 970 1,437 1,395
Wald chi-square(9) 1,414.75 1,996.85 1,934.37
Prob. 0.000 0.000 0.000

Random-effects GLS regressions of farm productivity on farm size and variables determining labor demand.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Reference category for location of household: Central region.
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There are significant differences in farm productivity arising from differences in farm house-

hold’s location. Relative to households located in the central region, the households in the

Western region have a higher land productivity and those households in the Northern or East-

ern regions have a lower land productivity. After controlling for the regional differences, however,

the results on the effects of output price risk and land size on land productivity prevail.

4.2 Farm size-productivity relationship led by family labor intensity

Proposition 2 is evaluated using self-reported farm sizes (Table 5) and GPS-measured farm

sizes (Table 6). The family labor demand functions estimated in the first-stage models show a

negative elasticity of farm size on family labor person days per hectare that is significant at the

1% level of significance, with a lower magnitude using regressions with measurement errors than

using more appropriate regressions ([-0.995,-0.987] for self-reported sizes versus [-1.159,-1.149]

for GPS-measured sizes). The two models highlight the association of higher family labor per

hectare with smaller farm sizes.

The family labor demand functions also emphasize that an increase in the relative stan-

dard deviation of real price of maize by one unit leads to a decrease in family labor person

days per hectare by [61.1%,67.1%] using regressions with measurement errors (Table 5) and by

[79.4%,102.7%] using more appropriate regressions (Table 6). Thus, the effect of price volatility

on family labor demand decisions is larger in appropriate than inappropriate regressions.

Second-stage models indicate a positive elasticity of family labor person days per hectare on

farm productivity that is also significant at the 1% level of significance, with a relatively lower

magnitude using regressions with measurement errors than using more appropriate regressions

([0.913,0.943] for self-reported sizes versus [0.978,0.980] for GPS-measured sizes). Hence, based

on these models, higher farm productivity per hectare is associated with higher family labor per

hectare.

Taking results from first-stage and second-stage models together, the two tables provide sup-

portive evidence to the decomposition of the farm-size IR into two effects of opposite sign as

shown in Eq.11, which prevails with or without land size mis-measurement.

Estimation results from Table 5 and Table 6 also depict the typical situation of farms relying

entirely on family resources to provide on-farm labor, which is likely the case for small farms.

23



Table 5: First-stage and second-stage regressions of farm productivity on family labor per self-reported
hectare

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

First stage: Dependent variable is Log family labor per Ha (Person days/Self-reported Ha)

Log total cropped area reported by farmer in Ha -0.995*** -0.987*** -0.989***
(0.026) (0.023) (0.023)

Log annual wage from ag/fishing (UShs) -0.031 0.008 0.002
(0.032) (0.028) (0.028)

Log annual wage from nonfarm activities UShs) 0.009 0.025 0.026
(0.026) (0.021) (0.021)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.002 0.000 0.001
(0.002) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) 0.211* 0.230*** 0.205***
(0.115) (0.060) (0.061)

CV real price of maize (at previous survey wave) -0.671** -0.611*** -0.621***
(0.315) (0.230) (0.233)

Location of HH: Eastern regiona -0.187*** -0.226*** -0.214***
(0.065) (0.056) (0.057)

Location of HH: Northern regiona -0.577*** -0.635*** -0.613***
(0.068) (0.055) (0.057)

Location of HH: Western regiona -0.105* -0.156*** -0.141***
(0.057) (0.048) (0.049)

Constant 5.625*** 4.811*** 5.019***
(0.871) (0.679) (0.690)

Number of agricultural households 970 1,437 1,395
Wald chi-square(9) 1,709.96 2,175.49 2,101.30
Prob. 0.000 0.000 0.000

Second-stage: Dependent variable is Log farm productivity (UShs/Self-reported Ha)

Instrumented Log family labor (Person days/Self-reported Ha) 0.943*** 0.913*** 0.917***
(0.039) (0.035) (0.035)

Constant 7.626*** 7.999*** 7.971***
(0.185) (0.163) (0.167)

Number of agricultural households 970 1,437 1,395
Wald chi-square(1) 597.43 692.25 670.94
Prob. 0.000 0.000 0.000

G2SLS random-effects IV regressions of farm productivity on family labor per self-reported hectare.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Reference category for location of household: Central region.
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Table 6: First-stage and second-stage regressions of farm productivity on family labor per GPS-measured
hectare

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

First stage: Dependent variable is Log family labor per Ha (Person days/GPS-measured Ha)

Log total cropped area measured by GPS in Ha -1.149*** -1.158*** -1.159***
(0.030) (0.027) (0.027)

Log annual wage from ag/fishing (UShs) -0.008 0.029 0.027
(0.035) (0.028) (0.029)

Log annual wage from nonfarm activities UShs) 0.021 0.050** 0.050**
(0.026) (0.023) (0.023)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.004* 0.002 0.002
(0.002) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) 0.234** 0.195*** 0.169**
(0.119) (0.065) (0.067)

CV real price of maize (at previous survey wave) -1.027*** -0.794*** -0.812***
(0.319) (0.237) (0.240)

Location of HH: Eastern regiona -0.160** -0.167** -0.155**
(0.081) (0.072) (0.075)

Location of HH: Northern regiona -0.664*** -0.750*** -0.728***
(0.076) (0.062) (0.066)

Location of HH: Western regiona -0.070 -0.111* -0.103*
(0.068) (0.058) (0.061)

Constant 5.458*** 4.824*** 4.999***
(0.858) (0.686) (0.704)

Number of agricultural households 970 1,437 1,395
Wald chi-square(9) 1,814.83 2,280.52 2,212.22
Prob. 0.000 0.000 0.000

Second-stage: Dependent variable is Log farm productivity (UShs/GPS-measured Ha)

Log family labor days (Person days/GPS-measured Ha) 0.979*** 0.978*** 0.980***
(0.031) (0.027) (0.028)

Constant 7.459*** 7.693*** 7.674***
(0.160) (0.138) (0.141)

Number of agricultural households 970 1,437 1,395
Wald chi-square(1) 975.59 1,288.76 1,252.21
Prob. 0.000 0.000 0.000

G2SLS random-effects IV regressions of farm productivity on family labor per GPS-measured hectare.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Reference category for location of household: Central region.
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4.3 Farm size-productivity relationship led by hired-in labor intensity

Similarly to family labor, Proposition 3 is evaluated using self-reported farm sizes (Table 7) and

GPS-measured farm sizes (Table 8). From these tables, a larger payment of hired-in labor per

hectare is correlated to smaller farm sizes, higher wages in the non-farm sector, higher weather

risk, and lower output price risk. The results also indicate that a rise in the intensity of use of

hired-in labor per hectare is associated with higher farm productivity. Thus, Eq.11 is satisfied.

Estimation results from Table 7 and Table 8 illustrate the typical situation of farms relying

entirely on capital to provide for on-farm labor, which is likely the case for large farms. Unlike

family labor intensity in small farms, measurement errors in land size do not influence much the

estimates of farm-size effect and price-risk effect on hired-in labor intensity in large farms. The

magnitude of the estimated elasticity of farm size on the payment to hired labor per hectare

is -1.1 using regressions with measurement errors (Table 7) but about -1.3 to -1.2 using more

appropriate regressions (Table 8). An increase in the relative standard deviation of real price of

maize by one unit lowers the payment to hired labor per hectare by [72.3%,130.3%] using self-

reported farm sizes (Table 7) and by [86.6%,159.8%] using GPS-measured farm sizes (Table 8).

5 Robustness checks

5.1 Robustness to selectivity bias in farm size measurement

Results after controlling for selectivity bias in GPS-measured farm size are presented for the

models with region-fixed effects (Table 9) and district-fixed effects (Table 10). We do not

interpret the two-step models in column (1) of these tables because we fail to reject the null of

random sample selection using the panel 05/09/10.

Based on the results in Table 9 and Table 10, we find evidence of nonrandom sample selection

of GPS measurements of farm sizes in the panel sample 09/10/11 (column 2) and the four-wave

panel sample (column 3). In the Heckman-consistent estimations, we find evidence of a strong

farm-size IR as hypothesis tests indicate |βgps > 1|. We also fail to reject the null hypothesis that

the absolute farm-size effect |βgps| and price-risk effect γcv have the same magnitude. The results

are unchanged using models that control for intercropping (Table A.1) and maize cultivation

(Table A.2) in the Appendix.

26



Table 7: First-stage and second-stage regressions of farm productivity on payment to hired labor per self-
reported hectare

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

First-stage: Dependent variable is Log payment to hired labor per Ha (UShs/Self-reported Ha)

Log total cropped area reported by farmer in Ha -1.087*** -1.142*** -1.145***
(0.047) (0.044) (0.045)

Log annual wage from ag/fishing (UShs) 0.055 0.066* 0.073*
(0.044) (0.038) (0.039)

Log annual wage from nonfarm activities UShs) 0.173*** 0.114*** 0.113***
(0.043) (0.035) (0.035)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.008** 0.008*** 0.008***
(0.003) (0.003) (0.003)

Log average monthly real price of maize (at previous survey wave) 0.044 -0.180* -0.181*
(0.151) (0.095) (0.096)

CV real price of maize (at previous survey wave) -1.303*** -0.729** -0.723**
(0.424) (0.322) (0.324)

Location of HH: Eastern regiona -0.184* -0.235*** -0.229**
(0.103) (0.090) (0.093)

Location of HH: Northern regiona -0.373*** -0.357*** -0.363***
(0.118) (0.102) (0.105)

Location of HH: Western regiona 0.130 0.085 0.075
(0.091) (0.084) (0.086)

Constant 8.871*** 10.868*** 10.807***
(1.247) (1.024) (1.042)

Number of agricultural households 959 1,426 1,384
Wald chi-square(9) 699.51 806.04 803.54
Prob. 0.000 0.000 0.000

Second-stage: Dependent variable is Log farm productivity (UShs/Self-reported Ha)

Instrumented Log payment to hired labor (UShs/Self-reported Ha) 0.876*** 0.879*** 0.878***
(0.040) (0.033) (0.033)

Constant 3.159*** 3.277*** 3.278***
(0.406) (0.340) (0.343)

Number of agricultural households 959 1,426 1,384
Wald chi-square(1) 487.22 709.90 695.70
Prob. 0.000 0.000 0.000

G2SLS random-effects IV regressions of farm productivity on family labor per self-reported hectare.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Reference category for location of household: Central region.
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Table 8: First-stage and second-stage regressions of farm productivity on payment to hired labor per GPS-
measured hectare

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

First stage: Dependent variable is Log payment to hired labor per Ha (UShs/GPS-measured Ha)

Log total cropped area measured by GPS in Ha -1.242*** -1.328*** -1.331***
(0.050) (0.047) (0.047)

Log annual wage from ag/fishing (UShs) 0.075 0.080** 0.091**
(0.045) (0.039) (0.040)

Log annual wage from nonfarm activities UShs) 0.188*** 0.134*** 0.133***
(0.042) (0.034) (0.034)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.010*** 0.009*** 0.009***
(0.004) (0.003) (0.003)

Log average monthly real price of maize (at previous survey wave) 0.043 -0.197** -0.202**
(0.153) (0.098) (0.099)

CV real price of maize (at previous survey wave) -1.598*** -0.866** -0.870**
(0.440) (0.337) (0.339)

Location of HH: Eastern regiona -0.154 -0.169 -0.165
(0.113) (0.103) (0.106)

Location of HH: Northern regiona -0.453*** -0.447*** -0.454***
(0.123) (0.108) (0.111)

Location of HH: Western regiona 0.167* 0.125 0.106
(0.100) (0.095) (0.098)

Constant 8.825*** 10.915*** 10.841***
(1.267) (1.051) (1.070)

Number of agricultural households 959 1,426 1,384
Wald chi-square(9) 871.00 1,074.67 1,079.77
Prob. 0.000 0.000 0.000

Second-stage: Dependent variable is Log farm productivity (UShs/GPS-measured Ha)

Instrumented Log payment to hired labor (UShs/GPS-measured Ha) 0.914*** 0.921*** 0.919***
(0.031) (0.025) (0.026)

Constant 2.797*** 2.872*** 2.881***
(0.325) (0.269) (0.271)

Number of agricultural households 959 1,426 1,384
Wald chi-square(1) 871.27 1,311.76 1,295.14
Prob. 0.000 0.000 0.000

G2SLS random-effects IV regressions of farm productivity on payment to hired labor per GPS-measured hectare.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Reference category for location of household: Central region.
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Table 9: Farm productivity models controlling for selectivity bias in GPS-measured farm size

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

Sample selection (1=nonmissing farm size)

Household tracking status: mover original householda -0.927** -0.900** -0.896**
(0.422) (0.422) (0.424)

Ownership status of main parcel: owner without certificateb 1.358*** 1.059*** 1.152***
(0.217) (0.148) (0.156)

Ownership status of main parcel: owner with certificateb 1.094*** 0.879*** 0.952***
(0.225) (0.157) (0.165)

Survey wave: 2010/11c 0.250 0.168 0.193
(0.165) (0.157) (0.159)

Survey wave: 2011/12c 0.607*** 0.667***
(0.129) (0.131)

Number of agricultural households 2,006 2,763 2,663

Log farm productivity (UShs/GPS-measured Ha)

Log total cropped area measured by GPS in Ha (βgps) -1.098*** -1.116*** -1.113***
(0.033) (0.029) (0.030)

Log annual wage from ag/fishing (UShs) 0.088* 0.102** 0.104**
(0.049) (0.045) (0.047)

Log annual wage from nonfarm activities UShs) 0.014 0.055 0.054
(0.041) (0.037) (0.037)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.002 0.000 -0.000
(0.003) (0.003) (0.003)

Log average monthly real price of maize (at previous survey wave) -0.049 -0.267** -0.259**
(0.187) (0.115) (0.119)

CV real price of maize (at previous survey wave) (γcv) 0.731 1.140*** 1.122***
(0.446) (0.388) (0.391)

Location of HH: Eastern regiond -0.142 -0.374*** -0.372***
(0.130) (0.100) (0.102)

Location of HH: Northern regiond -0.253* -0.612*** -0.594***
(0.135) (0.107) (0.106)

Location of HH: Western regiond 0.640*** 0.238* 0.226*
(0.167) (0.122) (0.124)

lambda -0.159 -0.826*** -0.839***
(0.283) (0.215) (0.207)

rho -0.173 -0.769 -0.774
sigma 0.920 1.073 1.083

Ho: βgps = −1 p-value = 0.0028 0.0001 0.0001
Ho: βgps ≤ −1 p-value = 0.9986 0.9999 0.9999
Ho: βgps ≥ −1 p-value = 0.0014 0.0000 0.0001

Ho: βgps = −γcv p-value = 0.4092 0.9509 0.9815

Number of censored agricultural households 1,036 1,326 1,268
Wald chi-square(9) 1,398.56 1,753.73 1,650.99
Prob. 0.000 0.000 0.000

Heckman selection model – two-step estimates (regression model with sample selection).
All covariates of the second step model are controlled for in the first step (sample selection) model.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Dummy-variable.
b Reference category for parcel ownership status: non-owner.
c Reference category for survey wave: 2009/10.
d Reference category for location of household: Central region.
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Table 10: Farm productivity models controlling for selectivity bias in GPS-measured farm size with district-
fixed effects

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

Sample selection (1=nonmissing farm size)

Household tracking status: mover original householda -0.691 -0.693 -0.676
(0.454) (0.458) (0.465)

Ownership status of main parcel: owner without certificateb 1.488*** 1.205*** 1.264***
(0.231) (0.161) (0.166)

Ownership status of main parcel: owner with certificateb 1.331*** 1.123*** 1.173***
(0.240) (0.171) (0.176)

Survey wave: 2010/11c -0.081 -0.043 -0.054
(0.213) (0.192) (0.195)

Survey wave: 2011/12c 0.415*** 0.448***
(0.146) (0.148)

Number of agricultural households 2,006 2,763 2,663

Log farm productivity (UShs/GPS-measured Ha)

Log total cropped area measured by GPS in Ha (βgps) -1.078*** -1.108*** -1.102***
(0.034) (0.029) (0.030)

Log annual wage from ag/fishing (UShs) 0.092* 0.124*** 0.125***
(0.048) (0.043) (0.044)

Log annual wage from nonfarm activities UShs) -0.000 0.031 0.031
(0.039) (0.034) (0.034)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.003 0.003 0.003
(0.004) (0.003) (0.003)

Log average monthly real price of maize (at previous survey wave) 0.051 -0.346*** -0.359***
(0.199) (0.122) (0.124)

CV real price of maize (at previous survey wave) (γcv) 0.788* 1.007** 0.899**
(0.472) (0.421) (0.433)

lambda 0.285 -0.706*** -0.730***
(0.293) (0.223) (0.219)

rho 0.337 -0.741 -0.757
sigma 0.846 0.953 0.965

Ho: βgps = −1 p-value = 0.0210 0.0002 0.0006
Ho: βgps ≤ −1 p-value = 0.9895 0.9999 0.9997
Ho: βgps ≥ −1 p-value = 0.0105 0.0001 0.0003

Ho: βgps = −γcv p-value = 0.5420 0.8107 0.6400

Number of censored agricultural households 1,036 1,326 1,268
Wald chi-square(52) 1,871.74 2,433.68 2,303.59
Prob. 0.000 0.000 0.000

Heckman selection model – two-step estimates (regression model with sample selection and district-fixed effects).
All covariates of the second step model are controlled for in the first step (sample selection) model.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Dummy variable.
b Reference category for parcel ownership status: non-owner.
c Reference category for survey wave: 2009/10.
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5.2 Robustness to linearity in the farm-size effect

Table 11 presents the estimation results for a more flexible departure from linearity in the farm-

size IR, and the slopes are represented in Figure 2 by panel sample and farm size-based typology

of farms. While Figure 2 provides supportive evidence for an inverse rather than a U-shaped

relationship between log farm size and log farm productivity, it shows no evidence of differences

in the farm-size effect between medium and large farms at first glance.

As indicated in the models for the two-group categorization of log farm size in Table 11,

the farm-size IR is stronger among small farms (elasticity higher than one) than among large

farms (elasticity higher than one). Moreover, depending on the panel sample, the price-risk

effect may not cancel out or dominate the farm-size effect. Under higher price risk, in the panel

sample 05/09/10 (column 1), hypothesis tests suggest that smaller farms could still have a net

comparative productive advantage, and larger farms keep net productivity at the same levels.

In the panel sample 09/10/11 (column 2) or in the full panel sample (column 3), under higher

risk, smaller farms rather keep net productivity at the same levels but larger farms become more

productive. Hence, in price risk-prone environments, pro- land consolidation as well as pro- land

fragmentation policies could equally be recommended if there are no medium-size farms.

From the estimations that account for medium-size farms by allowing for a three-group cat-

egorization of log farm size, the results in Table 11 reveal an elasticity of farm size on farm

productivity statistically equal to one for medium-size farms. For medium and large farms, the

sum of farm-size and price-risk effects is statistically zero (column 1) or positive (columns 2 and

3). For small farms, the sum of the two effects is statistically always negative, implying that,

to respond positively to rising output prices, small farms would have to become smaller while

medium and large farms may maintain their size.

We control for intercropping with or without maize cultivation effects, and vary the level of

location-fixed effects in additional estimations (Table A.3 in the Appendix). We find in these

robustness analyzes, however, no significant changes in the conclusions drawn from Table 11.
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Figure 2: Estimated spline for the farm size-productivity relationship by panel sample
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Table 11: Linear spline (in logs) regressions of farm productivity on GPS-measured farm size

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

Dependent variable: Log farm productivity (UShs/GPS-measured Ha)

Log GPS-measured farm size: segment 1 (small farms) (βgps,smallf )a -2.273*** -1.945*** -2.297***
(0.108) (0.062) (0.083)

Log GPS-measured farm size: segment 2 (large farms) (βgps,largef )a -0.878*** -0.850*** -0.875***
(0.028) (0.025) (0.024)

Log annual wage from ag/fishing (UShs) 0.046 0.106*** 0.102***
(0.042) (0.034) (0.035)

Log annual wage from nonfarm activities UShs) 0.030 0.057** 0.056**
(0.031) (0.027) (0.027)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.001 -0.002 -0.001
(0.002) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) 0.119 -0.263*** -0.274***
(0.120) (0.067) (0.069)

CV real price of maize (at previous survey wave) (γcv) 0.960*** 1.886*** 1.836***
(0.312) (0.242) (0.244)

Location of HH: Eastern regionb -0.162*** -0.238*** -0.227***
(0.062) (0.052) (0.053)

Location of HH: Northern regionb -0.346*** -0.414*** -0.416***
(0.064) (0.052) (0.053)

Location of HH: Western regionb 0.517*** 0.458*** 0.459***
(0.054) (0.045) (0.046)

Constant 12.506*** 13.420*** 13.700***
(0.911) (0.785) (0.797)

Ho: βgps,smallf
a = −1 p-value = 0.000 0.000 0.000

Ho: βgps,largef
a = −1 p-value = 0.000 0.000 0.000

Ho: βgps,smallf
a = −γcv p-value = 0.000 0.812 0.066

Ho: βgps,largef
a = −γcv p-value = 0.794 0.000 0.000

Number of agricultural households 2,006 2,763 2,663
R-squared 0.626 0.659 0.660
F-stat 382.65 573.89 561.70
Prob. 0.000 0.000 0.000

Dependent variable: Log farm productivity (UShs/GPS-measured Ha)

Log GPS-measured farm size: segment 1 (small farms) (βgps,smallf )c -3.378*** -2.723*** -3.306***
(0.250) (0.129) (0.188)

Log GPS-measured farm size: segment 2 (medium farms) (βgps,medf )c -1.094*** -0.967*** -1.124***
(0.097) (0.071) (0.081)

Log GPS-measured farm size: segment 3 (large farms) (βgps,largef )c -0.905*** -0.901*** -0.899***
(0.035) (0.035) (0.029)

Log annual wage from ag/fishing (UShs) 0.037 0.097*** 0.094***
(0.042) (0.034) (0.035)

Log annual wage from nonfarm activities UShs) 0.030 0.057** 0.057**
(0.031) (0.027) (0.027)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.001 -0.002 -0.001
(0.002) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) 0.116 -0.272*** -0.275***
(0.120) (0.067) (0.069)

CV real price of maize (at previous survey wave) (γcv) 1.001*** 1.891*** 1.851***
(0.311) (0.240) (0.243)

Location of HH: Eastern regionb -0.161*** -0.242*** -0.226***
(0.062) (0.051) (0.053)

Location of HH: Northern regionb -0.347*** -0.409*** -0.414***
(0.064) (0.052) (0.053)

Location of HH: Western regionb 0.517*** 0.457*** 0.461***
(0.054) (0.045) (0.046)

Constant 12.950*** 13.873*** 14.083***
(0.919) (0.781) (0.803)

Ho: βgps,smallf
c = −1 p-value = 0.000 0.000 0.000

Ho: βgps,medf
c = −1 p-value = 0.333 0.641 0.126

Ho: βgps,largef
c = −1 p-value = 0.006 0.004 0.001

Ho: βgps,smallf
c = −γcv p-value = 0.000 0.002 0.000

Ho: βgps,medf
c = −γcv p-value = 0.774 0.000 0.004

Ho: βgps,largef
c = −γcv p-value = 0.760 0.000 0.000

Number of agricultural households 2,006 2,763 2,663
R-squared 0.630 0.665 0.664
F-stat 356.22 538.24 524.73
Prob. 0.000 0.000 0.000

OLS regressions: linear spline (in logs) models with region fixed effects.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Two-group categorization of log farm size: knot at the median of log farm size.
b Reference category for location of household: Central region.
c Three-group categorization of log farm size: knots at the 33th and 67th percentiles of log farm size.
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6 Discussion

Measurement errors and the farm-size effect on productivity

The result that the inverse relationship is even stronger with GPS-measured areas than with

self-reported areas is consistent with earlier evidence of the farm-size IR from Uganda despite

not controlling for potential weather and price-risk effects on productivity–reported by Carletto

et al. (2013). Following Abay et al. (2019b), this paper could investigate deeper whether the

measurement errors in land size arise from mis-reporting, mis-perceptions, or both, and how to

correct the estimates based on self-reports, but there is little focus on the measurement error

mechanisms since we establish all findings based on the GPS-measured farm sizes.

Notwithstanding, estimates from our preferred regressions using GPS-measured farm sizes

would remain biased if these are further subject to non-classical measurement errors (Bound

et al., 2001). Since we use self-reported measures of output, having in addition non-classical

errors in the GPS-measured farm sizes would have biased the estimated farm-size effect in either

direction, thus even making regressions using self-reported farm sizes less biased and more

preferred for policy inference (Abay et al., 2019a). Cohen (2019) suggests instrumenting GPS-

measured areas with self-reported areas, although this corrective measure does not remove the

farm-size effect on productivity. It is, however, commonly agreed that the GPS-based measures

for land areas are objectively valid relative to the cumbersome accurate measures using the

benchmark–compass and rope–land size measurement method (Carletto et al., 2017).

The validity of our estimated farm-size effects now hinges upon the productivity measures.

Although measurement errors in the dependent variable would not lead to biased farm-size

effects, self-reported measures of output become questionable in recent evidence of maize plot-

size IR from Eastern Uganda by Gourlay et al. (2019). These authors highlight a negative

elasticity of plot size on plot productivity of absolute value between 0.53 and 0.89 when using

self-reported output and GPS-measured plot sizes, but no support of plot-size IR when using

objective measures of output and GPS-measured plot sizes. This is contrary to our negative and

statistically significant farm-size effects from our robust estimation results on farms that might

be growing maize without intercropping. One possible reason is that, mathematically, from

log-log specifications, farm-size effect would be the weighted average of plot-size effects only if

separate plots within the farm are assumed of similar sizes and yielding the same production

levels; otherwise, aggregation problems make it difficult to compare plot-size with farm-size
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effects on productivity.

Price-risk effect on productivity and the farm-size IR

Besides farm-size effects and contrary to most previous studies, results from our estimations

identify significant price-risk effects on productivity, which suggest that their omission could

have biased prior findings on the farm-size IR. Using self-reported measures of land size and

the value of rice output per are8, Barrett (1996) indicates that the farm-size IR can result from

the prevailing land distribution and price risks in an evidence from Madagascar. The argument

is that price risk triggers food insecurity, which makes small farmers–most likely net buyers–to

exert more labor on the farm and become more productive. Foremost, our findings add that the

intuition is robust to measurement errors in land size and endogeneity in labor decisions without

even referring to farmer’s market participation. From the mismeasurement-robust estimation

of the reduced-form relationship between farm size and productivity in Table 9 and Table 10,

increases in farm productivity per hectare are led by decreases in farm sizes and increases

in price risk. Additional results summarized in Table 6 show that for family labor-dependent

farms, higher farm productivity per hectare is associated with higher intensity of family labor per

hectare, and the latter is associated with smaller farm sizes. Table 8 poses similar associations

for capital-dependent farms. Between these two extremes lie farms using both hired-in labor and

family labor, but the net farm-size and price-risk effects on productivity as illustrated earlier

apply to all types of farms.

Moreover, our findings add to Barrett (1996)’s intuition that farm-size effect and price-risk

effect on productivity are of opposing directions and of similar magnitude. This has practical

implications if the farm-size effect does not vary along the size distribution. Consider two

farms A and B of similar characteristics except that A has an objective size of 5 hectares,

and B has an objective size of 4.95 hectares and is experiencing a rise in maize prices by one

standard deviation relative to average prices faced by A. First, our models would predict no

land productivity differences between A and B, while previous literature–except the evidence

in Muyanga and Jayne (2019) which suggests flat farm size-productivity relationship for sizes

between 3 and 5 hectares–would have predicted B to be more productive than A. Second, our

models add that the result of same land productivity levels for A and B occurs because the

effect of soaring prices on the intensity of use of labor cancels out the effect of diminishing land

81 are = 0.025 acre = 0.01 hectare.
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size on the intensity of use of labor. Therefore, pro-smallholder agricultural productivity growth

policies would not meet their goals if prices are volatile.

Furthermore, our results summarized in Table 11 relax the lack of sensitivity of the farm-size

effect to the farm size distribution. We find that the elasticity of farm size on farm productivity

decreases along the size distribution. Given this result and the opposing price-risk effect, farmers’

response to price risk would require a reduction in size for small farms, while medium and large

farms may maintain their size. Although the evidence does not lend support to a U-relationship

between farm size and productivity, as highlighted in studies by Muyanga and Jayne (2019)

and Rada and Fuglie (2019), the evidence suggests the existence of size-dependent productivity

growth stages that are in favor of medium and large farms.

7 Conclusion

This paper investigates the inverse relationship between farm size and productivity about which

empirical literature emphasizes several sources of bias in the estimations of productivity returns

to farm size: (1) omitted variables, (2) endogeneity of farm’s labor demand, (3) measurement

errors in output, (4) measurement errors in land size, (5) sample selection bias with respect to

land size measurement, and (6) linearity in the land size effect on productivity. We address

(1) by including measures for weather and price risks in the productivity regressions and find

that the weather risk effect (at least in our data) is insignificant but that price-risk effect and

(linear) farm-size effect are of opposing directions and of similar magnitude. We deal with (2)

by setting up a household model to derive the labor demand and use its determinants in an

instrumental variables approach. Results show that the productivity differential between small

and large farms follows labor intensification differential, and that price risk has a diminishing

effect on labor intensification. We disregard (3) due to lack of data and because this problem

does not affect the consistency of the estimates. Regarding (4), we do not have access to the

gold standard land measurement method, compass-and-rope, but we compare self-reports to

a more objectively valid GPS measurement method and find that measurement errors in land

size weaken the farm-size effect on productivity. Given that GPS measurement of land sizes in

surveys are prone to sample selection bias (5), we use corrective estimations that fail to reject

the results obtained using nonrandom samples. Finally, we allow for more flexibility in the

farm-size effect (6). We find an elasticity of farm size on farm productivity above one among
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small farms, equal to one among medium farms, and less than one among large farms. We do

not have supportive evidence to a U-shaped relationship between farm size and productivity,

but we find that the sum of farm-size and price-risk effects is non-positive for small farms and

non-negative for medium and large farms.

Although this paper explores just one indicator of productivity, gross value of output per

hectare, the results generate policy implications arising from price-risk effect on productivity. In

price risk-prone environments, pro- land consolidation policies as well as pro- land fragmentation

policies could equally be recommended if there are no medium-size farms. To respond positively

to rising output prices, small farms would have to shrink sizes while medium and large farms may

maintain their size. Our findings suggest that as output price risk increases, the comparative

productive advantage of small farms relative to medium and large farms diminishes or disappears.

Therefore, reducing the volatility of output price is crucial to maintaining higher returns on

investment in small farms.
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Appendix

Table A.1: Farm productivity models with intercropping and selectivity in GPS-measured farm size

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

Sample selection (1=nonmissing farm size)

Household tracking status: mover original householda -0.932** -0.908** -0.903**
(0.422) (0.423) (0.424)

Ownership status of main parcel: owner without certificateb 1.352*** 1.058*** 1.150***
(0.216) (0.148) (0.156)

Ownership status of main parcel: owner with certificateb 1.089*** 0.878*** 0.950***
(0.225) (0.157) (0.165)

Survey wave: 2010/11c 0.256 0.182 0.204
(0.165) (0.157) (0.160)

Survey wave: 2011/12c 0.613*** 0.671***
(0.129) (0.131)

Number of agricultural households 2,006 2,763 2,663

Log farm productivity (UShs/GPS-measured Ha)

Log total cropped area measured by GPS in Ha (βgps) -1.105*** -1.121*** -1.119***
(0.033) (0.030) (0.030)

Log annual wage from ag/fishing (UShs) 0.090* 0.101** 0.104**
(0.049) (0.045) (0.047)

Log annual wage from nonfarm activities UShs) 0.015 0.056 0.055
(0.041) (0.037) (0.037)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.002 0.000 0.000
(0.003) (0.003) (0.003)

Log average monthly real price of maize (at previous survey wave) -0.062 -0.268** -0.263**
(0.187) (0.115) (0.119)

CV real price of maize (at previous survey wave) (γcv) 0.718 1.136*** 1.114***
(0.445) (0.386) (0.390)

Intercropping on farma 0.173* 0.067 0.090
(0.104) (0.091) (0.092)

Location of HH: Eastern regiond -0.126 -0.372*** -0.367***
(0.131) (0.101) (0.103)

Location of HH: Northern regiond -0.221 -0.600*** -0.576***
(0.138) (0.110) (0.109)

Location of HH: Western regiond 0.656*** 0.242** 0.233*
(0.168) (0.123) (0.124)

lambda -0.145 -0.825*** -0.834***
(0.283) (0.213) (0.206)

rho -0.158 -0.770 -0.772
sigma 0.917 1.072 1.080

Ho: βgps = −1 p-value = 0.0014 0.0000 0.0001
Ho: βgps ≤ −1 p-value = 0.9993 0.9999 0.9999
Ho: βgps ≥ −1 p-value = 0.0007 0.0000 0.0000
Ho: βgps = −γcv p-value = 0.3827 0.9688 0.9913
Ho: βgps ≤ −γcv p-value = 0.8087 0.4844 0.5044
Ho: βgps ≥ −γcv p-value = 0.1913 0.5156 0.4956

Number of censored agricultural households 1,036 1,326 1,268
Wald chi-square(10) 1,408.67 1,766.10 1,664.75
Prob. 0.000 0.000 0.000

Heckman selection model – two-step estimates (regression model with sample selection).
All covariates of the second step model are controlled for in the first step (sample selection) model.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Dummy variable.
b Reference category for parcel ownership status: non-owner.
c Reference category for survey wave: 2009/10.
d Reference category for location of household: Central region.
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Table A.2: Farm productivity models with intercropping, maize cultivation, and selectivity in GPS-measured
farm size

(1) Panel 05/09/10 (2) Panel 09/10/11 (3) Four-wave Panel

Sample selection (1=nonmissing farm size)

Household tracking status: mover original householda -0.940** -0.908** -0.907**
(0.423) (0.423) (0.425)

Ownership status of main parcel: owner without certificateb 1.346*** 1.058*** 1.147***
(0.216) (0.148) (0.156)

Ownership status of main parcel: owner with certificateb 1.084*** 0.878*** 0.949***
(0.224) (0.157) (0.165)

Survey wave: 2010/11c 0.255 0.182 0.203
(0.165) (0.157) (0.160)

Survey wave: 2011/12c 0.613*** 0.668***
(0.129) (0.131)

Number of maize-growing households 2,006 2,763 2,663

Log farm productivity (UShs/GPS-measured Ha)

Log total cropped area measured by GPS in Ha (βgps) -1.103*** -1.122*** -1.121***
(0.034) (0.030) (0.030)

Log annual wage from ag/fishing (UShs) 0.089* 0.101** 0.105**
(0.049) (0.045) (0.047)

Log annual wage from nonfarm activities UShs) 0.015 0.056 0.056
(0.041) (0.037) (0.037)

Lagged difference in WRSI maize in main cropping season t-(t-1) 0.003 0.000 -0.000
(0.003) (0.003) (0.003)

Log average monthly real price of maize (at previous survey wave) -0.061 -0.266** -0.260**
(0.187) (0.116) (0.119)

CV real price of maize (at previous survey wave) (γcv) 0.704 1.139*** 1.123***
(0.445) (0.387) (0.390)

Intercropping on farma 0.183* 0.062 0.078
(0.107) (0.094) (0.095)

Maize grown on farma -0.029 0.015 0.036
(0.074) (0.064) (0.065)

Location of HH: Eastern regiond -0.118 -0.373*** -0.369***
(0.131) (0.101) (0.103)

Location of HH: Northern regiond -0.216 -0.600*** -0.574***
(0.138) (0.110) (0.108)

Location of HH: Western regiond 0.657*** 0.245** 0.242*
(0.167) (0.124) (0.124)

lambda -0.130 -0.827*** -0.834***
(0.283) (0.214) (0.207)

rho -0.142 -0.771 -0.772
sigma 0.916 1.073 1.080

Ho: βgps = −1 p-value = 0.0021 0.0000 0.0001
Ho: βgps ≤ −1 p-value = 0.9989 0.9999 0.9999
Ho: βgps ≥ −1 p-value = 0.0011 0.0000 0.0000
Ho: βgps = −γcv p-value = 0.3685 0.9640 0.9948
Ho: βgps ≤ −γcv p-value = 0.8157 0.4820 0.4974
Ho: βgps ≥ −γcv p-value = 0.1843 0.5180 0.5026

Number of censored maize-growing households 1,036 1,326 1,268
Wald chi-square(11) 1,407.53 1,764.24 1,662.74
Prob. 0.000 0.000 0.000

Heckman selection model – two-step estimates (regression model with sample selection).
All covariates of the second step model are controlled for in the first step (sample selection) model.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Dummy variable.
b Reference category for parcel ownership status: non-owner.
c Reference category for survey wave: 2009/10.
d Reference category for location of household: Central region.
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Table A.3: Linear spline (in logs) regressions of farm productivity on GPS-measured
farm size with intercropping and maize cultivation

(1) (2) (3) (4)

Dependent variable: Log farm productivity (UShs/GPS-measured Ha)

Log GPS-measured farm size: segment 1 (small farms) (βgps,smallf )a -2.343*** -2.341*** -2.318*** -2.320***
(0.084) (0.084) (0.085) (0.085)

Log GPS-measured farm size: segment 2 (large farms) (βgps,largef )a -0.877*** -0.876*** -0.864*** -0.866***
(0.023) (0.023) (0.023) (0.023)

Log annual wage from ag/fishing (UShs) 0.101*** 0.100*** 0.078** 0.079**
(0.034) (0.034) (0.034) (0.034)

Log annual wage from nonfarm activities UShs) 0.055** 0.054** 0.038 0.038
(0.026) (0.027) (0.025) (0.025)

Lagged difference in WRSI maize in main cropping season t-(t-1) -0.001 -0.001 0.001 0.001
(0.002) (0.002) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) -0.294*** -0.296*** -0.438*** -0.438***
(0.069) (0.069) (0.074) (0.074)

CV real price of maize (at previous survey wave) (γcv) 1.761*** 1.756*** 1.688*** 1.694***
(0.242) (0.242) (0.259) (0.260)

Intercropping on farm (1=yes) 0.313*** 0.322*** 0.291*** 0.277***
(0.063) (0.064) (0.063) (0.063)

Maize grown on farm (1=yes) -0.026 0.049
(0.043) (0.042)

Location of HH: Eastern regionb -0.206*** -0.205***
(0.053) (0.053)

Location of HH: Northern regionb -0.362*** -0.364***
(0.054) (0.054)

Location of HH: Western regionb 0.473*** 0.467***
(0.046) (0.048)

Ho: βgps,smallf
a = −1 p-value = 0.000 0.000 0.000 0.000

Ho: βgps,largef
a = −1 p-value = 0.000 0.000 0.000 0.000

Ho: βgps,smallf
a = −γcv p-value = 0.019 0.019 0.022 0.024

Ho: βgps,largef
a = −γcv p-value = 0.000 0.000 0.002 0.002

Number of agricultural households 2,663 2,663 2,663 2,663
R-squared 0.664 0.664 0.701 0.701
F-stat 516.31 473.09 123.43 121.46
Prob. 0.000 0.000 0.000 0.000

Dependent variable: Log farm productivity (UShs/GPS-measured Ha)

Log GPS-measured farm size: segment 1 (small farms) (βgps,smallf )c -3.385*** -3.382*** -3.300*** -3.302***
(0.185) (0.186) (0.187) (0.187)

Log GPS-measured farm size: segment 2 (medium farms) (βgps,medf )c -1.139*** -1.138*** -1.149*** -1.151***
(0.080) (0.080) (0.079) (0.079)

Log GPS-measured farm size: segment 3 (large farms) (βgps,largef )c -0.900*** -0.899*** -0.884*** -0.886***
(0.029) (0.029) (0.029) (0.029)

Log annual wage from ag/fishing (UShs) 0.092*** 0.092*** 0.071** 0.071**
(0.035) (0.035) (0.035) (0.035)

Log annual wage from nonfarm activities UShs) 0.056** 0.056** 0.039 0.040
(0.026) (0.026) (0.025) (0.025)

Lagged difference in WRSI maize in main cropping season t-(t-1) -0.001 -0.001 0.001 0.001
(0.002) (0.002) (0.002) (0.002)

Log average monthly real price of maize (at previous survey wave) -0.297*** -0.299*** -0.441*** -0.441***
(0.069) (0.069) (0.074) (0.074)

CV real price of maize (at previous survey wave) (γcv) 1.773*** 1.769*** 1.696*** 1.702***
(0.240) (0.240) (0.257) (0.258)

Intercropping on farm (1=yes) 0.330*** 0.337*** 0.306*** 0.291***
(0.063) (0.063) (0.062) (0.063)

Maize grown on farm (1=yes) -0.021 0.050
(0.043) (0.042)

Location of HH: Eastern regionb -0.204*** -0.203***
(0.052) (0.053)

Location of HH: Northern regionb -0.357*** -0.359***
(0.053) (0.054)

Location of HH: Western regionb 0.477*** 0.472***
(0.046) (0.048)

Ho: βgps,smallf
c = −1 p-value = 0.000 0.000 0.000 0.000

Ho: βgps,medf
c = −1 p-value = 0.084 0.085 0.061 0.056

Ho: βgps,largef
c = −1 p-value = 0.001 0.001 0.000 0.000

Ho: βgps,smallf
c = −γcv p-value = 0.000 0.000 0.000 0.000

Ho: βgps,medf
c = −γcv p-value = 0.011 0.012 0.043 0.042

Ho: βgps,largef
c = −γcv p-value = 0.000 0.000 0.002 0.002

Number of agricultural households 2,663 2,663 2,663 2,663
R-squared 0.668 0.668 0.704 0.705
F-stat 488.98 451.11 124.14 122.19
Prob. 0.000 0.000 0.000 0.000

Region-fixed effects included yes yes no no
District-fixed effects included no no yes yes
Maize cultivation dummy included no yes no yes

OLS regressions using the four-wave panel: linear spline (in logs) models with location fixed effects.
Robust standard errors are in parentheses. Significance levels: *** 1%, ** 5%, * 10%.
UShs: Ugandan Shillings. 5000 Ugandan Shillings are approximately 1.5 USD.

a Two-group categorization of log farm size: knot at the median of log farm size.
b Reference category for location of household: Central region.
c Three-group categorization of log farm size: knots at the 33th and 67th percentiles of log farm size.
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