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REVISITING THE FARM SIZE-PRODUCTIVITY
RELATIONSHIP BASED ON A RELATIVELY WIDE
RANGE OF FARM SIZES: EVIDENCE
FROM KENYA

MILU MUYANGA AND T. S. JAYNE

This paper revisits the inverse farm size-productivity relationship in Kenya. The study makes two
contributions. First, the relationship is examined over a much wider range of farm sizes than most
studies, which is particularly relevant in Africa given the recent rise of medium- and large-scale
farms. Second, we test the inverse relationship hypothesis using three different measures of produc-
tivity including profits per hectare and total factor productivity, which are arguably more meaningful
than standard measures of productivity such as yield or gross output per hectare. We find a U-shaped
relationship between farm size and all three measures of farm productivity. The inverse relationship
hypothesis holds on farms between zero and 3 hectares. The relationship between farm size and pro-
ductivity is relatively flat between 3 and 5 hectares. A strong positive relationship between farm size
and productivity emerges within the 5 to 70 hectare range of farm sizes. Across virtually all measures
of productivity, farms between 20 and 70 hectares are found to be substantially more productive than
farms under 5 hectares. When the analysis is confined to fields cultivated to maize (Kenya’s main
food crop) the productivity advantage of relatively large farms stems at least partially from differen-
ces in technical choice related to mechanization, which substantially reduces labor input per hectare,
and from input use intensity.

Key words: Africa, agriculture, farm size, inverse relationship, Kenya, medium-scale farms,
productivity.
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Ever since the critical acclaim given to the
Asian green revolution starting in the 1980s,
it has been widely accepted that a
smallholder-led growth strategy would also
be the pathway for achieving economic trans-
formation and mass poverty reduction in
Africa. Over 80% of farms in India,
Bangladesh, Indonesia, China, Japan, and
Viet Nam were smaller than two hectares at
the beginning of the Green Revolution
(Johnston and Kilby 1975; Hayami and
Ruttan 1985; Anriquez and Bonomi 2007).
Because small-scale farms also constitute the
vast majority of farms in Africa, agricultural
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economists have for decades generally ac-
cepted that a smallholder-led strategy also
holds the best prospects for agricultural de-
velopment in Africa (e.g., Mellor 1995;
Lipton 2006; Hazell et al. 2007).

However, recent studies have questioned
the viability of a smallholder-led growth
strategy in Africa (e.g., Collier and Dercon
2014; Dercon and Gollin 2014). Many
African governments have actively promoted
the development of medium- and large-scale
farms in recent years as a means to transform
their countries’ agricultural sectors into more
capitalized and commercialized engines of
economic dynamism (African Development
Bank 2017).

These initiatives seem incongruous, at least
on the face of it, with the literature on the
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inverse farm size-productivity relationship
(IR), which has generally found that small
farms are more productive than larger farms.
Most of these studies use data in which the
vast majority of observations are between
zero and five hectares. However, parts of
Sub-Saharan Africa are witnessing rapid
changes in farm size distributions. “Medium-
scale” farm landholdings of five to 100 hec-
tares now account for a substantial and grow-
ing share of African farmland in many
countries (Jayne et al. 2016).! Major concerns
have arisen as to whether labor-intensive
small-scale farms are being marginalized in
the process (Anseeuw et al. 2016). Tests of
the relationship between farm size and pro-
ductivity in Africa covering a wide range of
farm scales take on even greater policy im-
portance in light of these dynamic changes in
the distribution of farm sizes.?

This study revisits the IR hypothesis in
Kenya. Several recent studies have examined
the IR hypothesis in Africa based on data
considered statistically representative of
smallholder farms between zero and 10 hec-
tares or so (Carletto, Savastano, and Zezza
2013; Larson et al. 2013). Their findings that
the IR is upheld are important, but such stud-
ies cannot address productivity differences
between small-scale and medium- or large-
scale farms because these farm sizes exceed
the range of farm sizes reliably covered in
these studies.

Our study makes two contributions to the
IR debate. First, we explore the IR hypothe-
sis over a much wider range of farm sizes by
including a representative sample of farms in
Kenya’s high-potential zones between zero
and 70 hectares. Our analysis replicates the
conventional IR result found in the literature
using a restricted sample of small-scale farms,
but we find that the farm size-productivity
relationship changes dramatically when uti-
lizing the full sample that includes medium-
scale farms. For these reasons, we conclude
that empirical studies of the relationship be-
tween farm size and productivity should be
explicit about the range of farm sizes over

! Consistent with the taxonomy of many African governments,
this paper defines “small-scale farms” as those between 0-5 hec-
tares of farmland. Medium-scale farms in this paper are defined
as farms between 5-100 hectares of land, while large farms are
those over 100 hectares. These definitions may not correspond
exactly to those used by all national governments in the region.

2 As we argue later, farm productivity is only one of several
important criteria upon which land allocation and agricultural
policy decisions could be based.
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which their results apply to avoid potential
overgeneralization in policy discussions.

The study’s second contribution is that it
examines the relationship between farm size
and productivity for three alternative meas-
ures of productivity, both to examine robust-
ness of findings and to utilize measures of
productivity that are arguably more meaning-
ful than the measures used in most IR stud-
ies—yield or gross output per hectare—which
take no account of production costs. In addi-
tion to gross output per hectare, we also ex-
amine the farm size-productivity relationship
based on the net value of crop output per
unit of area planted (a measure of profits that
account for labor and other input costs) and
total factor productivity (TFP). We also ex-
amine the robustness of our findings to alter-
native valuations of family labor, to potential
differences in crop composition across farm
size categories, and to potential measurement
error in respondent-reported plot sizes.

The study focuses on areas of relatively fa-
vorable agro-ecological potential, which ac-
count for 70% of agricultural output in
Kenya. Our conclusions are confined to such
areas and cannot be considered nationally
representative, but it is in these high-
potential areas where medium-scale farms
are growing most rapidly and where the com-
petition for farmland is most acute (Jayne,
Chamberlin, and Headey 2014).

Overview of Prior IR Literature and
Extensions

Chayanov (1926) was the first to observe that
small farms tended to obtain higher crop
yields and output values per unit of land than
large farms. Literature from Asia and Latin
America has generally reinforced this finding
of an inverse relationship (IR) between farm
size and productivity (Schultz 1964; Hayami
and Otsuka 1993; Binswanger, Deininger,
and Feder 1995; Vollrath 2007; Kagin,
Taylor, and Yunez-Naude 2015).

Numerous explanations have been ad-
vanced to support the IR hypothesis. Some of
these explanations result from the omission
of input costs, particularly labor, as is often
the case in IR studies. Other explanations co-
alesce around imperfect factors markets, the
costs of supervising hired labor relative to
own family labor, systematic measurement
errors, and omitted variable issues.
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Imperfect factor markets may occur when
factor prices facing small and large farms sys-
tematically diverge. In developing countries,
agricultural wage rates in particular tend to
be higher on large farms than for small farms
(Carter 1984; Kagin, Taylor, and Yunez-
Naude 2015). Because family labor is inten-
sively used on small-scale farms in developing
countries, a low imputed opportunity cost of
family labor contributes to findings of rela-
tively high net value of output per hectare
compared to large farms (Mazumdar 1965;
Taslim 1989; Binswanger-Mkhize,
Bourguignon, and van den Brink 2009;
Hazell et al. 2010). Still, “large farms” in
these studies are generally not more than five
to ten hectares in size. Owner-operators have
an advantage in supervision (Yotopoulos and
Lau 1973). As residual claimants to farm
profits, owner-operators tend to exert more
effort than hired large farm managers
(Frisvold 1994). Owner-operators also have
better knowledge of local soil and climatic
conditions, which are often accumulated over
generations and tends to give small farms an
edge over non-family operated large farms
(Rosenzweig and Wolpin 1985).

The failure to fully capture land quality
was also found to contribute to the inverse
farm size-productivity relationship (Bhalla
and Roy 1988; Benjamin 1995; Lamb 2003;
Assuncao and Braido 2007). It is sometimes
argued that small farms are more productive
because owner-operators tend to farm their
highest quality land and sell or rent out less
fertile land (Larson et al. 2013). The IR rela-
tionship often still holds even when land
quality and unobserved effects are controlled
for using panel data estimation techniques
(Carter 1984; Benjamin 1995; Assuncao and
Braido 2007; Barrett, Bellemare, and Hou
2010; Foster and Rosenzweig 2017).

Systematic measurement errors associated
with respondent-reported plot sizes have also
been found to be important. Recent and
novel studies by Carletto, Savastano, and
Zezza (2013) and Dillon et al. (2016) using
Living Standards Monitoring  Surveys
(LSMS) data and GPS plot measurements in
Uganda and Nigeria, respectively, found that
the correction of measurement errors in plot
size further reinforces the IR hypothesis, at
least within the range of farm sizes examined
in these studies. Larger farms were more
likely to under-report the size of their land-
holdings, while small farms tend to overstate
them, further reinforcing the conclusions in
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support of the IR. However, as mentioned
earlier, IR studies based on LSMS data gen-
erally contain no more than a few observa-
tions on farms over 10 hectares.?

While most studies on the farm size-
productivity relationship have found that the
IR hypothesis holds, some studies have found
evidence to the contrary. Advantages associ-
ated with intensive use of modern technology
(e.g., mechanization, precision farming)
available to large farms may in some cases be
reversing the historical inverse farm size-
productivity relationship (Zaibet and Dunn
1998; Foster and Rosenzweig 2011, 2017).
High transactions costs associated with small-
holders’ participation in input and output
markets may provide advantages to relatively
large farms (Dorward 1999). Food security
concerns may lead small farms to specialize
in less profitable staple crops (Fafchamps
1992; Omamo 1998; Dorward 1999; Lipton
2006). And small farms might obtain higher
yields than larger farms due to more intensive
use of labor, but obtain relatively low net out-
put value after deducting the cost of labor.
Studies examining the relationship between
farm size and profits have generally either re-
versed the IR or weakened it (Carter 1984;
Carter and Wiebe 1990; Rosenzweig and
Binswanger 1993; Lamb 2003). Others have
found a U-shaped relationship between farm
size and productivity. For example, in
Zambia, maize yield was found to decline
with operated farm size up to about three
hectares, which constitutes 86% of the study
sample, and rise thereafter (Kimhi 2006).
Foster and Rosenzweig (2017), using data
from India, find that a U-shaped relationship
may arise due to two factors: (a) fixed trans-
action costs in labor markets, which can re-
sult in an under-provision of hired farm
labor, with the depressing effect on produc-
tivity becoming more severe as farms in-
crease in size and need more labor (this
finding would reinforce the IR hypothesis at
low farm sizes); and (b) economies of scale in

3 For example, the 2010/11 Tanzania LSMS contains 11 farms
cultivating between 20-50 hectares, and only one farm between
50-100 hectares. In the Uganda LSMS, there are 12 farms be-
tween 20-50 hectares and none over 50 hectares. The Malawi
2010/11 LSMS contains one farm observation between 10-20 hec-
tares, 1 farm between 20-50 hectares, and zero farms over 50
hectares. These surveys obviously do not contain a sufficient sam-
ple size to draw any meaningful conclusions about farms over 20
hectares. This conclusion is also acknowledged in the World
Bank’s recent 2018 Myths and Facts book relying on the use of
LSMS data (Christiaensen and Demery 2018).
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the utilization of machinery, which might re-
sult in higher levels of productivity beyond the
minimum farm size at which mechanization
becomes attractive. This study utilizes data to
examine both of these hypotheses based on
the case of high-productivity areas of Kenya.

Description of the Data and Variables

Data Sources

The study uses data from two main sources.
The first is the nationwide Egerton University/
Tegemeo Institute Rural Household Survey, a
panel dataset tracking roughly 1,300 small-scale
farm households in five survey waves over the
13-year period from 1997 to 2010. The sam-
pling frame for the panel was prepared in con-
sultation with the Central Bureau of Statistics
(CBS; now Kenya National Bureau of
Statistics) in 1997. The sample is representative
of all the broad range of agro-ecological zones
(AEZs) and agricultural production systems in
Kenya. However, for reasons explained below,
this study uses data only from the 2010 survey
from the high-potential agro-ecological regions
of the Rift Valley and Western Provinces. This
zone accounts for 70% of Kenya’s agricultural
output. Hence, while the areas covered in this
survey are not nationally representative, they
do represent the country’s most important agri-
cultural zones. The surveys collect information
on household socio-demographic characteris-
tics, landholding size, farming practices, and
plot-level output and input levels, and input
costs including local labor wages.
Population-based data sets such as the
Tegemeo surveys are not ideal for testing the
farm size-productivity relationship because
medium and large farms constitute a low pro-
portion of the population (and hence a low
probability of being included in the sample)
even though they may account for a sizeable
proportion of national farmland
(Christiaensen and Demery 2018). Jayne
et al. (2016) indicate that farms larger than 5
hectares account for over one-quarter of
Kenya’s farmland, and even this may be
grossly underestimated.* To augment the
sample of farms cultivating over 10 hectares,
a supplemental survey of 200 medium-scale
farm households was carried out in 2012 that
randomly selected villages from the same

4 See Namwaya (2004).

Revisiting the Farm Size-Productivity ~ 1143
high-potential regions that were surveyed in
2010. Lists of all farmers owning over 5 hec-
tares in these villages were developed, and
farms were randomly selected from these
lists. The two surveys in 2010 and 2012 were
conducted by the same research institute us-
ing the same questionnaire design, in the
same villages, at the same time of year, and
inputs and production in the two surveys
were valued exactly in the same manner. This
approach at least partially controls for unob-
served time-constant geographic and commu-
nity variables that might otherwise confound
our study’s findings. Unobserved time-
varying differences are more problematic and
our approach for addressing this is described
below. We ended up with a sample of 479
households in which 282 (59%) were from
the Tegemeo 2010 survey and 197 (41%)
were from the 2012 survey. Of the total sam-
ple, 253 households were small-scale holdings
(cultivating zero to five hectares), while 226
were medium-scale holdings (ranging from
five to a maximum of 113 hectares culti-
vated). About 87% of the smallholder sub-
sample came from the 2010 Tegemeo data,
while 73% of the medium-scale sub-sample
came from 2012 survey.

We examined whether the resulting pooled
sample of small- and medium-scale farms was
in the same proportion as in the overall popu-
lation from the high-potential zone. Based on
the most recently available Population Based
Survey undertaken by Tegemeo Institute and
the Kenyan National Bureau of Statistics in
2016, we find that 66%, 19%, and 15% of the
farms cultivated between 0-5 hectares, 5-20
hectares, and over 20 hectares, respectively.
The distribution in our pooled sample was
53%, 31% and 16%, respectively. We cor-
rected for over/under sampling using inverse
proportional weights computed by dividing
the population shares by corresponding sam-
ple shares for each of the three farm types.

To control for other spatial factors, the me-
dium- and small-scale farmers’ survey instru-
ments both recorded geographic positioning
system (GPS) coordinates of each household.
This made it possible to extract geographic
information system (GIS) data to control for
localized differences in soil type, elevation,
slope, and length of growing period.’> The
GIS data was extracted at the 10x10 km pixel

> We thank Jordan Chamberlin of CIMMYT for extracting
the GIS data used in this study.
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level. The length of the growing period
(LGP) combines information on temperature
and available moisture to determine the loca-
tions’ average duration of adequate crop
growth (Fischer et al. 2000). Elevation and
slope variables were extracted from Shuttle
Radar Topography Mission (SRTM) data.®
Data on growing season rainfall came from
the Climate Prediction Center and are part of
the USAID/Famine Early Warning System
(FEWS) project. This data interpolates rain-
fall estimates based on data from meteoro-
logical stations as well as satellite data such
as cloud cover and cloud top temperatures.
The FEWS rainfall estimates were then
matched to surveyed households using their
GPS coordinates. The rainfall variability vari-
able is defined as the percentage of 20-day
periods during the main growing season with
less than 40 mm of rainfall.

Dependent and Explanatory Variables

This study utilizes three measures of agricul-
tural productivity, namely (a) the gross value
of output per hectare planted (the “standard
IR measure”); (b) the net value of output per
hectare planted, and (c) total factor produc-
tivity, computed following Zhang and Carter
(1997) and Assuncao and Braido (2007).
While each measure may have its advantages,
net output per hectare accounts for the costs
of inputs—presumably an important consid-
eration in productivity analysis—and TFP
measures the returns on all measured inputs
in addition to land. Agricultural production
data come from respondents’ reports on each
field and sub-field on the farm.

The net value of crop production per hect-
are is computed as the value of total crop
production minus variable and fixed input
costs, divided by area planted. Variable costs
include the cost of buying seed, fertilizer,
land preparation (manual, draft power and
tractor hire services, etc.) and labor (family
and hired) costs. Family labor costs is the
product of the total days worked by adult
members of the household and the village
median agricultural wage per day. Fixed costs
constitute the estimated annual use value of
all family agricultural assets and their depre-
ciation. Each asset’s annual use value is the
asset’s current value divided by its useful life.
Where asset rental rates were available from

© Available at: http:/srtm.csi.cgiar.org/.
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the survey data, we used these as the best
available indication of seasonal cost. Both
variable and fixed costs are consistently de-
fined across the two surveys. Output and pro-
duction costs for the 2012 survey were
computed using the 2010 village median pri-
ces to ensure comparability in valuation.

The major explanatory variable of interest
in this study is area planted by the farm, as
reported by farmer respondents. Other ex-
planatory variables include household demo-
graphic variables (age and sex of the
household head, and household size), dis-
tance to the nearest motorable road, amount
of rainfall received in the cropping year and
rainfall variability, community variables
(length of growing period, and elevation). In
addition to models with these exogenous var-
iables, we also ran production function mod-
els that include input use variables (fertilizer,
family and hired labor days, hybrid seed use,
and own tractor use.

Estimation Strategy

Our analysis is based on the neo-classical pro-
duction function approach following earlier
studies (Feder 1985; Assuncao and Braido
2007; Barrett, Bellemare, and Hou 2010; Ali
and Deininger 2015). In this framework, farm
output or productivity (Q) depends on labor,
land, and capital inputs involved in
production,

where (A) is farm size, (L) is labor, and (K)
is capital inputs. The full household model to
be estimated is specified as

2) Qi=a+pA;+X0+Wi+Zn+g

where the dependent variable, Q;, is the mea-
sure of agricultural productivity or profitabil-
ity of household i. The explanatory variables
are planted area (A;); a vector of other labor
and capital input variables such family and
hired labor, fertilizer use, hybrid seed choice,
and use of mechanization (X); a vector of ex-
ogenous household socio-demographic char-
acteristics (W); and exogenous community
variables (Z) that are hypothesized to influ-
ence productivity, such as the length of grow-
ing period, elevation and slope of the farm,
rainfall in the growing season, and market
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access conditions. The greek letters represent
the parameters to be estimated, while ¢; is the
random error term.

We first estimate models containing A; and
only exogenous variables in the W and Z vec-
tors. We then estimate production function
models that include input variables in the X
vector. The inclusion of growing season rain-
fall and rainfall variability controls at least
partially for time-varying differences. We
also include survey year dummies in all mod-
els to examine whether any systematic differ-
ence in the dependent variables persists after
including household and community controls.

Robustness Tests

Deriving unbiased estimates of the relation-
ship between farm productivity and farm size
requires addressing a number of challenges.

Measures of productivity. To examine the
robustness of our results to the choice of pro-
ductivity measure, we estimated all models
separately for the three alternative measures
of productivity described earlier.

Functional form. Our baseline farm size/
productivity models are estimated in levels.
Estimation in levels provides the most
straightforward test of the relationship be-
tween farm size and farm productivity.’
Alternative log-log models were estimated
and because they produce highly consistent
results, they are not reported here but are
available upon request. Especially if the rela-
tionship between farm size and productivity
is non-linear—as we find in this study—the
partial derivative of a model estimated in lev-
els will provide this relationship evaluated at
any given level of farm size. We attend to
functional form issues by testing for quadratic
farm-size terms using F-test criteria to guide
specification.

Comparability of 2010 and 2012 surveys.
Pooling two data sets from different years
(2010 and 2012) warrants thorough tests of
comparability to ensure that unobserved dif-
ferences between the two surveys and two

7 Log-log estimation, while commonly applied in IR studies,
produces coefficient estimates of the relationship between per-
centage changes in farm size and percentage changes in produc-
tivity. One could easily envision cases whereby increases in farm
size are associated with increasing levels of productivity, but de-
clining percentage changes in productivity (or the reverse) at the
margin. For this reason, we present results from level-level
models.
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years are controlled for. We assess the appro-
priateness of combining the two data sets in
two different ways. First, we established the
sub-sample in which there is overlap or com-
mon support between the two datasets.
Following Khandker, Koolwal, and Samad
(2010), we used propensity-score matching to
match observation in the 2012 survey with
observations in the 2010 survey. The propen-
sity score used in matching were generated
from a logit regression of a survey-year indi-
cator variable (1=2012) on landholding
sizes, demographic characteristics, distances
to infrastructure, and spatial characteristics
of the household location. This allowed us to
match households in the 2012 survey with
similar households in the 2010 survey based
on these variables but not the outcomes of in-
terest. About 94.6% of the pooled sample
observations (96.1% in 2010 and 92.4% in the
2012 surveys) were found to lie within the
common support area, with farm sizes rang-
ing from 0.1 to 83 hectares. Observations out-
side the common support area were dropped.
OLS models were estimated on this sub-
sample and compared with results with those
from the full sample.

As an alternate robustness check, we tested
for systematic differences in productivity in
the two survey years by introducing a survey
dummy (1=2012 survey) in all regression
models. A statistically significant sign on the
survey dummy would indicate the presence
of unobserved time-varying heterogeneity
that could bias our results.

Alternative valuation of family labor. For
models using the net value output per hectare
as the dependent variable, we valued family
labor alternatively at the observed village
median wage rate and at the derived family
labor shadow price computed as the marginal
product of family labor from production
function estimations on the largest maize
field, for which detailed family labor data is
available. The largest maize field accounted
for 53.6% of total cultivated area for farms of
zero to 5 hectares, and 47.7% of area on
farms over 20 hectares, so that the shadow
price of family labor on this field can be con-
sidered a reasonable approximation of that
for the farm. The mean family labor shadow
wage was found to be $3.36, with a statisti-
cally significant coefficient at o= 0.05, consid-
erably higher than the mean ruling local
agricultural wage rate of $1.41.

Endogeneity of area. The variable of inter-
est, area planted, could be endogenous in
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equation (2). To address this concern, we ex-
plored the two-stage control function (CF)
approach suggested by Wooldridge (2010) us-
ing the amount of land owned by the father
of the household head before subdivision, the
number of years that the household has en-
gaged in farming, and years in the current set-
tlement as instrumental variables in the first
stage. The null hypothesis of endogeneity of
A; in equation (4) was rejected and thus the
CF approach was dropped.

Potential for correlation between farm size
and types of crops grown. It is possible, for
example, that large farms may devote a
greater portion of their area to high-valued
crops, and if so, we would want to control for
such crop composition differences in tests be-
tween farm size and farm productivity. To ac-
count for these possibilities, we computed
crop category shares of total area cultivated
for each household for maize, wheat, other
staples, industrial cash crops such as tea and
coffee, fresh fruits and vegetables, pulses, and
fodder crops. In addition, given that maize
fields account for roughly half of all area cul-
tivated in the sample and maize is grown by
96.5% of the sampled farms, we estimate sep-
arate models for maize fields. Typically, these
are intercropped fields so we include the
value of all crops grown on these fields.

Measurement error in respondent-reported
vs. actual plot sizes. Finally, use of self-
reported landholding sizes may result in
systematic error that could lead to bias in pro-
ductivity estimation. Carletto, Gourlay, and
Winters (2015) compared self-reported land-
holding sizes to Global Positioning Systems
(GPS) plot measurement using Living
Standards Measurement Study (LSMS) data
from the World Bank for four African coun-
tries and found that farmers tend to overesti-
mate and underestimate smaller and large
plots, respectively. As a robustness check, we
adjust the respondent-reported field sizes by
generating area correction factors from the
Tanzania LSMS. We defined these correction
factors as the median of the GPS field size
measurement/self-reported field size measure-
ment ratio for all fields within various field
size categories (0-0.5ha, 0.5-1ha, 1-2ha, 2-
Sha, 5-10ha, 20-20ha, over 20 ha). To correct
for the self-reporting bias, we multiply the
respondent-reported hectares planted in the
current study by these bias correction factors.
While we would expect some differences in
the degree to which farmers in one sample
over- or under-estimate their field sizes
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compared to GPS field measurements in an-
other sample, we feel that utilizing compara-
ble information from neighboring Tanzanian
households is a reasonable way to test the sen-
sitivity of our results to potential area mea-
surement bias in the absence of direct GPS
measurement in our survey.

Descriptive Results

Tables 1 and 2 present bivariate descriptions
of the data, disaggregated by three categories
of farm size: (a) 0.1 to five hectares; (b) five
to 20 hectares; and (c¢) over 20 hectares. We
highlight three salient relationships emerging
from table 1.

First, the unconditional productivity meas-
ures are consistently highest among farms
over 20 hectares, next highest among farms
5-20 hectares, and lowest among farms 0-5
hectares. Gross output per hectare and total
factor productivity on farms over 20 hectares
are over 50% higher than on farms 0-5 hec-
tares. The mean net value of output per hect-
are on farms over 20 hectares is over double
that of farms under 5 hectares. Looking at
maize fields in particular, which account for
roughly half of all cultivated area, the net
output per hectare on farms over 20 hectares
are 30% higher on average than farms 5-20
hectares, which are in turn over double that
of farms under five hectares.

Second, input costs per hectare are lowest
among the farms over 20 hectares and highest
on farms under five hectares, regardless of
whether family labor is valued at observed
mean agricultural wage rates of $1.41 per
day, as shown in table 1 or at shadow wages.
Input costs per hectare are roughly 15%
higher on farms cultivating under five hec-
tares than on farms over 20 hectares. When
family labor is valued at the higher shadow
wage, the cost difference becomes even more
pronounced. The small farms use family labor
relatively intensively, so scenarios that raise
the value of family labor create cost disad-
vantages for small farms. The bigger farms
are more intensive users of hired labor, so
factors that would raise the price of hired la-
bor relative to family labor will create cost
advantages for small farms. The major sour-
ces of cost advantage for the relatively large
farms are lower labor costs per hectare and
mechanization costs. As shown in table 1,
most small farms in Kenya’s high potential
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Table 1. Descriptive Statistics for Variables Used in Analysis

Smallholders Medium-Scale Farms  Full Sample

ha <5 5 < ha <20 ha>?20

Sample size (n) 253 149 77 479
% of sample from 2010 survey 87.3 34.9 11.7 58.9
——— mean values

Dependent variables

Gross value of crop output/ha planted (‘000KSh) 57.31 64.21 90.05 63.12
Net value of crop output/ha planted (‘000KSh) 20.06 26.83 56.12 26.59
Total factor productivity (‘000KSh) 2.95 3.34 5.06 341
Area variables
Household landholding (ha) 1.89 13.97 50.06 13.39
Area planted (ha) 1.51 7.38 24.34 7.01
Area to maize crop (ha) 0.81 2.75 11.62 3.15
Input variables
Fertilizer use/ha planted (kgs) 160.43 198.60 306.46 195.78
Family labor days/ha planted 43.74 8.23 3.20 26.18
Hired labor days/ha planted 21.41 15.31 11.72 17.95
Use hybrid maize seed (proportion) 0.95 0.94 0.99 0.95
Land preparation (proportion using)
manual 0.17 0.07 0.01 0.11
oxen 0.21 0.03 0.01 0.12
tractor 0.62 0.91 0.97 0.77
Community level variables
Length of growing period (days) 264.26 266.91 272.98 266.49
Elevation: ‘000 meters above sea level 1,940 1,964 1,953 1,950
Distance to motorable road ( km) 4.48 4.83 3.89 4.49
Rainfall (‘000mm) in main growing season 448.9 458.4 484.4 457.6
Rainfall stress (fraction of 20-day periods 4.57 4.39 4.55 4.51

in main growing season with <40mm rain)
Demographic variables

Age of household head (years) 59.91 64.51 63.37 61.90
Male headed households (proportion) 0.67 0.85 0.79 0.75
Household size (persons) 6.13 6.17 7.72 6.40
Household head’s education attainment
informal 21.6% 11.7% 11.0% 16.8%
primary 45.6% 35.7% 29.3% 39.8%
secondary 29.3% 23.4% 28.0% 27.3%
post-secondary 3.5% 29.2% 31.7% 16.2%
Total costs per hectare (000 Kenya shillings) 39.85 38.01 34.59 38.40
mechanization + oxen /ha planted 10.22 6.40 6.22 8.35
fertilizer /ha planted 7.34 11.10 13.10 9.44
seed /ha planted 6.75 4.07 4.08 5.49
total labor /ha planted 11.38 10.57 7.58 10.52
family labor /ha planted 9.32 1.63 0.37 5.49
hired & salaried/ha planted 2.06 8.94 7.21 5.03
fixed costs/ha planted 4.16 5.87 3.61 4.60

Source: TAPRA 2010 surveys and Medium-scale Farms’ 2012 survey. Note: Family and hired labor valued at observed village agricultural labor wage.

zones rent mechanization services, but their To summarize, the main sources of uncon-
costs per hectare are somewhat higher than ditional productivity advantages of farms
for larger farms for which there are econo- over 20 hectares are substantially higher
mies of scale in use of mechanization. Only if value of output per hectare, and secondarily,
family labor is valued at close to zero would slightly lower input costs per hectare.

small farms have lower costs of production Third, there are important differences in
per hectare than farms in the two larger size socio-economic characteristics between the
categories. three farm size categories. The heads of
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Table 2. Household Landholding and Land Use

Amer. J. Agr. Econ.

Smallholders Medium-Scale Farms Full Sample
ha <5 5 < ha <20 ha > 20

N 253 149 77 479
Mean landholding (ha) 1.89 13.97 50.06 13.39
Hectares planted 1.51 7.38 24.34 7.01
% of total land under crop 79.89 52.83 48.62 52.35
Land under fallow (ha) 0.05 0.27 1.71 0.39
Idle/grazing land (ha) 0.33 6.32 24.01 5.99
% of area planted under monocrop 32.3% 74.5% 89.0% 551%
Mean number of fields 4.10 3.58 3.35 3.82
Mean field size (ha) 0.49 2.13 9.18 2.40
Mean number of crops grown/field 8.51 5.07 3.75 6.68
% of field with zero harvests 4.45 3.47 1.45 3.74
% of area with zero harvest 10.35 5.86 1.68 7.78

Source: TAPRA 2010 surveys and Medium-scale Farms’ 2012 survey.

households of the farms over 20 hectares
have substantially higher levels of educa-
tional attainment. The majority (68%) of
farms 0-5 hectares are headed by persons
with no more than primary school education.
Over half of the medium-scale farm owners
have secondary or post-secondary educations.
Over 80% of the medium-scale farms are
controlled by male-headed households com-
pared to 67% among small-scale farms.
Moreover, households’ farm sizes are in-
versely related to the number of years the
family has stayed in the current settlement.
This finding is supported by a recent multi-
country study showing that many medium-
scale farmers in Africa were not born in the
village where their farms are currently lo-
cated; rather, many of these farms were re-
cently purchased or otherwise acquired from
local authorities (Jayne et al. 2016). These
socio-demographic differences could be im-
portant sources of farm productivity differen-
ces between small- and medium-scale farms,
hence the need to control for them in regres-
sion analysis.

Table 2 presents information on operated
farm size and land use by production scale
category. Households’ farm sizes, area under
fallow, and idle/grazing land are positively re-
lated to the amount of land owned by house-
holds. The proportion of area under crops is
inversely related to households’ landholding
sizes. Small-scale farmers cultivated 80% of
their total landholdings while farms over 20
hectare cultivate only 49% of their land un-
der crops. This would indicate that relatively
large farms are wusing their land less

intensively than small farms, a finding that
generally conforms to the literature; however,
we cannot firmly conclude this because our
survey unfortunately did not collect data on
land devoted to pasture and other productive
uses.® Results in table 2 also show that small-
scale farms have a relatively high proportion
(54%) of their plots under intercrops, grow-
ing about six different crops in each field, on
average. Conversely, medium-scale farms in
the 5 to 20 hectares category use mono-crop-
ping on over 60% of their planted area.
Mono-cropping accounts for roughly 85% of
the area planted by farms over 20 hectares.
Bivariate non-parametric regressions. An
important observation in the relationship be-
tween farm size and farm productivity
emerges when examining the bivariate rela-
tionship between farm size and productivity
in continuous terms (figure 1). In figure 1, we
restrict the sample to farms cultivating less
than six hectares, which constitute the vast
majority of farm sizes analyzed in most IR
studies to date using Asian and African data,
and run bivariate non-parametric regressions.
A U-shape relationship is observed in which
all three measures of crop productivity de-
cline with area cultivated between zero to
four hectares. This is the classic IR result
found by most studies examining this general
range of farm sizes (e.g., Carletto, Savastano,
and Zezza 2013; Larson et al. 2013). In this
data set, the relationship between farm size

8 The lack of data on non-crop land utilization precludes us
from considering selectivity corrections on farmers’ decisions to
utilize their land.
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Figure 1. Non-parametric regression results of alternative measures of farm productivity by
farm size using the sub-sample of farms planting under six hectares

Note: Non-parametric regression using Nadaya-Watson Approach, bandwidth = 0.8.
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Figure 2. Non-parametric regression results of alternative measures of farm productivity by

farm size utilizing the full sample of farms

Note: Non-parametric regression using Nadaya-Watson Approach, bandwidth =0.8.

and productivity is relatively flat between
four to five hectares, and then turns positive
beyond five hectares.

Figure 2 presents the exact same non-
parametric regressions but this time over the
full sample of farms ranging from zero to 113
hectares. We now observe a positive relation-
ship between farm size and each of the three
productivity measures for all crops as well as
for maize. This positive relationship is quite
steep over the 10 to 35 hectare range for the
gross and net value of crop output per hect-
are as shown in figure 2 panel (a), and much
less so for total factor productivity as shown
in figure 2 panel (b). However, it is possible
that other household and/or community
effects may be influencing these bivariate
relationships and hence we now move to mul-
tivariate analysis.

Econometric Results

This section is organized as follows. We first
present results using the “standard IR meas-
ure” as the dependent variable, that is, the
gross value of output per hectare planted (ta-
ble 3). As with all tables showing economet-
ric results, we present these baseline results
first for the sub-sample of farms under six
hectares in the left panel of the table, and
then for the full sample in the right-hand side
panel. Table 4 replicates that of table 3 ex-
cept that the measure of productivity is the
net value of production per hectare planted.
Table 5 shows analogous results using total
factor productivity as the dependent variable.
The purpose of first running models on the
sub-sample of farms cultivating less than six
hectares is to determine whether the standard
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IR conclusion is upheld in this data set before
moving to the full sample containing a
broader range of farm sizes.’

Robustness checks on these main results
are contained in tables A.1-A.4. Robustness
tests are reported on variants of the models
specified in table 4 for the net value of output
per hectare, though robustness tests were
performed on all models, which produced
highly consistent results.

Because the analysis combines surveys
from two different years, it is necessary to de-
termine whether there is any systematic dif-
ference between the productivity measures in
the two years. Table A.la summarizes key
results that replicate model results from
tables 3-5 but based on the sub-sample of 453
farms within the common support area. Table
A.1b provides descriptive statistics on the
common support sub-sample for both 2010
and 2012. Table A.2 replicates the model
results for the net value of output per hectare
planted in table 4, but values labor at the
shadow wage instead of village wage rates.
Table A.3 replicates table 4 results but
includes variables for the share of area under
different crop categories, as well as model
results where the sample is confined to maize
fields. Finally, to examine the sensitivity of
results to potential measurement error in
field sizes, table A.4 replicates table 4 results
after adjusting area measurements following
the procedure described in the section on ro-
bustness checks.

Relationship between Farm Size and
Productivity

We find robust evidence for a U-shaped rela-
tionship between farm size and productivity.
In almost every model, the inclusion of a qua-
dratic area term rejects the F-test. The turn-
ing point for hectares planted is reported at
the bottom of each set of results.

Across all models presented in tables 3-5,
when the sample is confined to farms under
six hectares, the IR is upheld between zero to
roughly three hectares. The relationship
starts to turn positive at around 4 hectares
and beyond. Models based on the full sample
show a distinctly positive relationship be-
tween farm size and productivity driven by

° In addition to these models with a cut-off of six hectares, we
also ran alternative sub-sample models with 8 and 10 hectares
and derived highly consistent results.

Revisiting the Farm Size-Productivity ~ 1153
the strength of the positive relationship over
the 10 to 60 hectare range, which overrides
the IR observed when the sample is confined
to farms at the low end of the farm size distri-
bution. Results from the full sample models
also indicate a slight tapering-off of produc-
tivity levels beyond 70 to 80 hectares, al-
though relatively small sample sizes beyond
this range warrant caution in interpretation.
Across every robustness model presented in
the appendix tables, this same pattern is
upheld.

These differences in productivity across
farm sizes are clearly not related to location
or distance to markets. The sampling design
required that medium-scale farms were
drawn randomly from lists in the same vil-
lages as the sample containing the small-scale
farms. As shown in table 1, the rainfall char-
acteristics, length of growing period, eleva-
tion, and distance to tarmac road are very
comparable between all three farm size
groups. Setting all exogenous variables at the
full sample means and predicting the values
of the dependent variables based on differen-
ces in farm size only reveals that the mean of
predicted net output per hectare planted
among farms over 20 hectares remains 1.6
times greater than farms 5-20 hectares and
2.4 times greater than farms under five hec-
tares. Similar differences are observed for the
TFP and gross output per hectare productiv-
ity measures.

Comparability of 2010 and 2012 Surveys

As can be seen in tables 4-5, the survey
dummy was generally not even close to being
statistically significant after basic household
covariates and time-varying growing season
rainfall levels and rainfall stress are included
in the models. This indicates that observed
productivity differences cannot be attributed
to systematic differences across the two sur-
vey years.

Similarly, our main finding of a U-shaped
relationship between farm size and productiv-
ity continues to hold after restricting the sam-
ple to the common support area. Each of the
nine model results shown in table A.1 pro-
duced statistically significant linear and
squared area terms and similar turning points
as in the main model results. However, it is
noted that the common support area contains
small sample sizes for some farm size catego-
ries in 2010. For example, the common sup-
port sample contains only nine observations
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of farms cultivating over 20 hectares in 2010.
There are also sizeable differences in the pro-
ductivity measures between 2010 and 2012
(table A.1b). The net value of crop output
per hectare for farms over 20 hectares in 2010
is slightly more than half that of the 2012
measure. So, even though the model results
in the common support sub-sample are highly
consistent with the main results, small sample
issues are acknowledged, especially for the
largest farm size category in 2010.

Robustness to Family Labor Valuation

Table A.2 replicates the main results in ta-
ble 4 except that family labor is valued at its
derived household-specific shadow wage,
which was found to be higher in this sample
than the ruling local agricultural wage rate.
Because small farms tend to use family labor
more intensively than larger farms, valuation
of family labor at the higher shadow wage
considerably narrows the range of farm sizes
over which the IR is observed, that is, the
turning point is now at 0.50 hectares or be-
low, meaning that the IR holds only on farms
between 0.1 and 0.50 hectares. These results
indicate that as the value of family labor
increases, the relatively productivity of labor-
intensive small farms declines relative to
larger farms. This may have important impli-
cations for anticipating future relationships be-
tween farm size and productivity in much of
Sub-Saharan Africa where the opportunity
cost of family labor may be rising in response
to rising real per capita incomes and a declin-
ing share of the labor force engaged in farming
(Barrett et al. 2017; Yeboah and Jayne 2018).

Robustness to Potential Differences in Crop
Production Patterns

Table A.3 reports results for the net value of
output per hectare and includes a set of varia-
bles specifying the share of households’ area
planted to the various categories of crops de-
scribed earlier to control for potential differ-
ences in crop composition across the range of
farm sizes. The main differences are that
farms over 20 hectares devote a larger share
of their total area to maize and wheat, while
farms under five hectares devote a larger
share to fruits, vegetables, and pulses. The
crop categories with the highest value per
hectare are industrial cash crops and fresh
fruits and vegetables; the share of cropped
area for these two crop categories are highest
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among farms 0-5 hectares. So, if anything, it
is the small-scale farms that are devoting the
highest share of their land to relatively high-
valued crops. Nevertheless, the results in the
right-hand side panel of table A.3 are highly
consistent with the main results, with a strong
positive relationship emerging between farm
size and net output per hectare when the full
sample is used. Therefore, the main results
are not affected by any systematic differences
in crop composition across the farm size dis-
tribution. As with the earlier reported results
when the full sample is used, the squared
area term, being negative and significant,
indicates that productivity reaches a maxi-
mum somewhere between 66 and 130 hec-
tares and then declines. So there is some
evidence that productivity may taper off at
the high end of this sample. However, consis-
tent with the descriptive results, the mean
predicted net output per hectare of farms
over 20 hectares, other factors being held
constant, remains 1.4 times higher than farms
5-20 hectares and 2.2 times higher than farms
under 5 hectares.

In addition, table A.3 presents results on
the relationship between farm size and the
net value of output on fields containing
maize—Kenya’s primary staple crop—which
is grown by 462 of the 479 farms in the sam-
ple. In these models, shown in Models 1la
through 1d, the squared area term is not sig-
nificant at the 0.10 level and is hence
dropped. The linear area term is positive and
highly significant in the first two columns of
results (models 1a and 1b), but statistically in-
significant in the second two models (1c and
1d) when inputs applied to the maize fields
are included. These results imply that the bi-
variate productivity advantages in maize pro-
duction of the farms over 20 hectares (which,
as reported earlier, are three times higher per
hectare than on farms under five hectares)
appear to be driven by differences in technol-
ogy, especially the use of mechanization,
which contributes positively to net output per
hectare. As shown in table 1, farms over 20
hectares use roughly twice as much fertilizer
per hectare as the farms under five hectares,
which translates into much greater output per
unit land. Use of mechanization on farms be-
tween five and 20 hectares also appears to be
a source of the bivariate productivity advan-
tage of the relatively large farms. When these
differences in technology and input use levels
are controlled for, as in models 1(c) and 1(d)
in table A.3, the relationship between farm
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size and the productivity of maize plots
shrinks to insignificance, indicating that these
variables are accounting for part of the pro-
ductivity advantages of the relatively large
farms.

Robustness to Potential Systematic
Measurement Error in Field Size

Our last robustness check is to adjust
respondent-reported field sizes to account for
potential systematic measurement error in
field sizes as described in the section on ro-
bustness checks. In computing the correction
factors from the 2009 Tanzanian LSMS as de-
scribed earlier, we had to compute the GPS/re-
spondent field size ratios on the basis of
relatively few observations in the 10-20ha and
over 20ha categories. So, while the results in ta-
ble A.4 are highly consistent with the main
findings—upholding the IR between zero and
roughly three hectares when the sample is re-
stricted to farms under six hectares, and over-
turning it when utilizing the full sample of
farms—we acknowledge that this robustness
check relies on small samples for the area cor-
rection factors for some farm size categories.

Other Salient Observations from the
Regression Results

While we observed large differences in edu-
cational attainment between the three farm
size categories as mentioned earlier, we
found no significant effects of differential ed-
ucational attainment on any of the measures
of farm productivity, suggesting that formal
school learning may not be a suitable mea-
sure of farm management ability but it may
be correlated with other factors that are asso-
ciated with farm productivity.

Family and hired labor are found to be im-
perfect substitutes. Family labor contributed
positively and statistically significantly to
gross output per hectare and TFP and nega-
tively to the net value of output per hectare, re-
gardless of whether family labor is valued at
the village wage rates or at household shadow
prices. This indicates that while additional fam-
ily labor contributes to crop output, it reduces
profits when costed—even at observed ruling
wage rates in this study that are below the con-
ventional $1.90 per day poverty line.

Hired labor’s contribution to all three pro-
ductivity measures is found to be consistently
non-linear. At low to moderate levels of
hired labor, which tends to be piecework
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casual labor from another adult in the village,
additional hired labor is associated with de-
clining productivity per hectare, consistent
with Foster and Rosenzweig (2017). As
shown at the bottom of tables 3-5, the turn-
ing point for hired labor occurs between 60
and 78 days per hectare. More than 75% of
the farms in the full sample hire less labor
than 60 days per hectare, and they are mostly
in the zero to five hectare category. Among
those farms that hire more than 60 days of la-
bor (where the partial derivative turns posi-
tive), they are mainly among farms in the five
to 20 hectare category. Holding all else con-
stant, the impact of moving from zero hired
labor days (the value at the 25th percentile of
hired labor) to 50 days (close to the 75th per-
centile) is associated with a 46% decline in
the net value of output per hectare. A similar
difference in the use of hired labor is associ-
ated with a 29% decline in mean TFP across
the full sample. The imperfect functioning of
hired labor markets appears to account for
some of the observed lower productivity lev-
els of small farms compared to more capital-
intensive medium-scale farms.

Use of mechanization was found to con-
tribute positively and significantly to all
measures of productivity for farms between 5
and 20 hectares. Farms in this size category
using mechanization obtained roughly 41%
greater TFP and almost 100% higher net out-
put per hectare than comparable farms not
using mechanization. The mechanization
dummy was not statistically significant for
farms over 20 hectares, even though over
97% of these farms utilized mechanization
primarily for land preparation. While the
story is complex, it appears that labor market
imperfections, small farms’ more intensive
use of family and hired labor, and medium-
scale farms’ more intensive use of fertilizers
and mechanization are partially accounting
for the U-shaped relationship between farm
size and productivity observed in this study.

Conclusions and Policy Implications

This study examines the relationship between
farm size and farm productivity over a
broader range of family farm sizes than has
typically been examined in Africa. To our
knowledge, this is the first study to examine
the farm size/productivity relationship that
includes a matched sample of medium-scale
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farms in the 5 to 70 hectare range along with
small-scale farms under five hectares. Most
prior farm size-productivity studies rely on
data for which there are very few observa-
tions over 10 hectares. This study is therefore
motivated by the need to understand whether
the well-established inverse farm size-
productivity relationship holds when a
broader range of farm sizes are considered.
While our study covers farms between 0.1
and 113 hectares of cultivated land, our con-
clusions are confined to the range between
zero and 70 hectares due to limited observa-
tions above this range. Results also pertain to
the high potential areas of the country, which
is unsurprisingly where most medium-scale
farms are being established and where the
competition for land is most acute.

The farm size-productivity issue has taken
on special importance in recent years in light of
the pace at which land has been acquired by
medium-scale local investors (Jayne et al. 2016)
as well as foreign investors (Deininger et al.
2011). Many African governments are promot-
ing large and capital-intensive agricultural proj-
ects (African Development Bank 2017) that
could further alter the distribution of farm size
over time. Research findings on the relative
productivity of small-scale, medium-scale, and
larger farms can therefore inform and guide
African governments’ agricultural, land use,
and land tenure policies in the region.

The overall picture emerging from this study
is that there is a U-shaped relationship between
farm size and the three measures of farm pro-
ductivity. Regardless of whether productivity is
defined in terms of gross output per hectare
cultivated, gross output minus input costs in-
cluding labor per hectare cultivated, or total
factor productivity, the inverse relationship is
indeed found to hold for farms cultivating be-
tween zero and roughly three hectares, consis-
tent with most prior studies. Beyond five
hectares the relationship between farm size and
farm productivity is unambiguously positive, at
least up to roughly 70 hectares.

For all three measures of productivity,
farms over 20 hectares are substantially more
productive on average than farms zero to five
hectares. The unconditional mean TFP of
farms over 20 hectares is 51% greater than
farms 5 to 20 hectares, and 72% greater than
farms under 5 hectares. The productivity
advantages of farms in the 20 to 70 hectare
category are even greater with the net output
per hectare indicator. The farms 20-70 hec-
tares obtain much higher levels of gross
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output per hectare and also obtain 15% lower
costs of production per hectare.

The conditional productivity measures nar-
row only slightly after controlling for exoge-
nous rainfall, community, and household
characteristics. Therefore, the productivity
advantages of the medium-scale farms are not
due to advantageous agro-ecological or market
access conditions compared to small-scale
farms. When all variables including endoge-
nous input use levels are included in the models
and again set at full sample means, the produc-
tivity differences between the three groups,
while still generally statistically significant,
shrinks considerably, indicating that an impor-
tant source of productivity difference between
the three farm size categories are differences in
technical choice and input use intensity.

These findings are robust to the three alter-
native measures of farm productivity, a re-
stricted sub-sample of farms based on common
support tests, alternative valuation of family la-
bor, the inclusion of crop category variables to
account for differences in the types of crops
grown across the distribution of farm sizes, and
measurement error in respondent-reported vs.
actual plot sizes. When the analysis is restricted
to fields cultivated to maize and when land
preparation technology, fertilizer use, and
other input use variables are included in the
model, the productivity advantage of farms
cultivating 20 to 70 hectares shrinks to insignif-
icance, suggesting that their unconditional pro-
ductivity advantage is largely driven by
mechanization and input use intensity.

The findings of this study suggest that con-
ventional findings of an inverse farm size-
productivity relationship in Africa, based
mainly on samples of small-scale farms, may
need to be nuanced in light of changes taking
place in family farm size distributions in many
African countries. At a minimum, our study
indicates that empirical studies of the relation-
ship between farm size and productivity should
be explicit about the range of farm sizes over
which their results apply to avoid potential
misinterpretation in policy discussions.

Much more evidence is needed from the
heterogeneous conditions of Sub-Saharan
Africa before any generalized conclusions
could be reached about the relative produc-
tivity of small-scale vs. medium-scale farms.
The region is highly diverse, and productivity
advantages in high-potential areas may or
may not apply to other agro-ecologies.
However, the study’s findings do raise several
important policy questions.
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First, we found that the competitiveness of
small farms are strongly inversely related to
the opportunity cost of family labor because
they are relatively intensive users of family
labor. If incomes and returns to labor in
Africa continue to rise as they have over the
past 15 years (Barrett et al. 2017), small farms
may become relatively less competitive over
time compared to more capital-intensive me-
dium-scale and large farms. Mechanization is
found to be a major source of productivity
advantage for farms cultivating 5 to 20 hec-
tares. Farms within the 5 to 20, and 20 to 70
hectare range apply roughly twice as much
fertilizer per hectare as farms 0 to 5 hectares,
which contributes to the much higher output
values per hectare of these farms.

Second, findings that medium-scale farms
are more productive than small-scale farms
does not necessarily mean that policy actions
are warranted to promote their development
over small-scale farms or to support land
transfers to medium-scale farms because pro-
ductivity is but one criterion of importance to
African governments and societies. Other rel-
evant development criteria include which
scale of farming provides the greatest contri-
bution to gainful employment per unit land
cultivated, and which scale of farming pro-
vides the greatest upstream and downstream
multiplier effects to support broader
economy-wide transformation. A stylized fact
from Asia’s experience is that the agricultural
growth linkages with the rest of the economy
are stronger with a uni-modal (smallholder-
led) rather than bi-modal farm structure
(Johnston and Kilby 1975; Mellor 1976), al-
though these and other authors also found
certain synergies resulting from a mix of large
and commercialized small farms in the same
vicinity. It is possible that the general equilib-
rium effects resulting from agricultural
growth under alternative agrarian structures
may be most decisive in influencing the pace
of rural development and poverty reduction
in these regions. For these reasons, we regard
the findings of this study as an important but
very incomplete contribution toward under-
standing the complex developmental effects
of alternative farm-size distributions.
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Appendix

Table A.1a. Summary of OLS Estimation Results for Productivity Indicators within the
Common Support Area

Model Hectares Hectares Exogenous Inputs& N R Turning
Planted Planted Variables Management Square Point for

sq- Includedin  Practice Hectares
Model? Variables Planted
Included
in Model
(a) Common support
sub-sample
Gross value of crop I(a) 1.76%** —0.01%** 453 0.10  61.49
production/ha 1(b) 1.03*  —0.01* Yes 453 0.17  60.08
planted ‘000KSh I(c) 2.51%#%  —(.03%** Yes Yes 453 058  39.17
Net value of crop II(a) 2.93%#% —().03%** 453 023 4583
production/ha II(b) 2.55%%% —(.03%** Yes 453 027 4329
planted ‘000KSh II(c)  2.85%#% —(0.03%%* Yes Yes 453 029  42.06
Total factor productivity III(a) 0.11%%* —0.85%%* 453 018  62.92
[ha planted square ITI(b) 0.08%*** —(.70%** Yes 453 022 59.78
term ‘000] III(c) 0.14%%% —1.57#%* Yes Yes 453 039  44.64

Note: *#*=1% significance; *= 10% significance. Family labor valued at village agricultural wage rates.

Table A.1b. Means of Key Variables for Sub-Sample of Households in the Common Support
Area

Farm Size Category Full Sample
ha <5 5 < ha <20 ha > 20
Survey year: 2010 2012 2010 2012 2010 2012 2010 2012
N: 210 32 52 97 9 53 271 182
Age of the household head 59.46 63.81 62.88 65.39 62.56 63.13 60.22 64.46
(years)
Gender of the household 0.70 0.59 0.85 0.86 1.00 0.74 0.74 0.77
head (1=male)
Household size 6.28 5.42 6.09 6.21 6.07 7.64 6.24 6.49
Hectares owned 1.78 2.64 12.34 14.84 30.67 31.80 4.76 17.63
Hectares planted 1.20 3.70 5.45 5.80 12.24 18.19 2.39 9.04
Length of growing period 264.42 26440 263.07 26896 25931 27442 26399 269.75
(days)
Elevation: ‘000 meters 1.93 1.99 2.01 1.94 212 1.95 1.95 1.95

above sea level

Distance to motorable road 4.04 4.18 6.18 4.11 6.53 3.54 453 3.95
(km)

Rainfall (mm) in main 449.53  454.04 403.36 48791 431.28 494.06 440.07 483.74
growing season

Rainfall stress (fraction of 4.61 4.39 3.77 4.73 3.80 4.65 4.42 4.65
20-day periods in main
growing season with
<40mm rain)

Gross value of crop output/  53.77 52.46 58.58 64.87 59.31 88.85 55.01 69.67
ha planted (‘000KSh)

Net value of crop output/ha  20.20 18.48 27.28 26.59 30.16 56.40  21.89 33.84
planted (‘000KSh)

Total factor productivity 2.98 2.83 333 3.35 3.51 4.93 3.07 3.72
(‘000K Sh)
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