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Abstract: This article analyses the technical efficiency of maize production in
Zimbabwe’s smallholder farming communities following the fast-track land reform
of the year 2000 with a view of highlighting key entry points for policy. Using a
randomly selected sample of 522 smallholder maize producers, a stochastic frontier
production model was applied, using a linearised Cobb–Douglas production function
to determine the production elasticity coefficients of inputs, technical efficiency and
the determinants of efficiency. The study finds that maize output responds positively
to increases in inorganic fertilisers, seed quantity, the use of labour and the area
planted. The technical efficiency analysis suggests that about 90% of farmers in
the sample are between 60 and 75% efficient, with an average efficiency in the
sample of 65%. The significant determinants of technical efficiency were the gender
of the household head, household size, frequency of extension visits, farm size and
the farming region. The results imply that the average efficiency of maize production could be improved by 35% through better use of existing resources and technology. The results highlight the need for government and private sector assistance
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This article concerns technical efficiency of crop
production as an important aspect of pursuing
output growth in agriculture in developing
countries. Following the fast-track land reform
of 2000, Zimbabwe’s smallholder farming
communities have grown significantly and now
produce the bulk of the country’s maize. However,
the sector’s productivity remains low, with yield
per hectare averaging only about 0.7 tonnes,
seemingly because of technical inefficiencies.
This paper contributes to the current debate
in finding ways of raising maize productivity in
smallholder farming by highlighting key entry
points for policy. Findings show that maize output
responds positively to increases in inorganic
fertilisers, seed quantity, the use of labour and
the area planted. This implies that the average
efficiency of maize production could be improved
through government and private sector assistance
in promoting access to productive resources and
ensuring better and more reliable agricultural
extension services.
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in improving efficiency by promoting access to productive resources and ensuring
better and more reliable agricultural extension services.
Subjects: Development Studies; Economics, Finance, Business & Industry; Social Sciences
Keywords: technical efficiency; maize; stochastic frontier model; smallholder farmers;
Zimbabwe
1. Introduction and background
Maize production is an important component of food security and livelihoods among smallholder
farming communities in Zimbabwe. Being the staple food of the overwhelming majority of people in
the country, maize is the most important commodity in terms of food security. The majority of smallholder farmers grow maize primarily for subsistence purposes (Mazvimavi, Ndlovu, An, & Murendo,
2012). Since the implementation of the fast-track land reform in 2000, there have been radical
changes in the structure of the agricultural sector. An estimated 70% of the population now lives in
small-scale farming areas (Mano, 2006). This has significant implications for food security, given the
critical role of the smallholder sector in producing the staple maize crop. Crop failures and inefficiencies in smallholder maize production might have serious consequences for food security in the
country.
Low agricultural productivity and production inefficiency in the smallholder farming community
since the land reform have aggravated food insecurity by widening the gap between the demand
and supply of food. Per capita maize production is slowly declining because of a significant decline
in yield per hectare over time. In the 1990s, the smallholder maize yield was around 1.5 tonnes/ha
but after 2000 it dropped to about 0.7 tonnes/ha (Government of Zimbabwe, 2002).
Food security could be improved by increasing the production efficiency of smallholder farmers
and, hence, the productivity of the staple crop. While it is clear that production inefficiencies are
limiting agricultural productivity, the sources of such inefficiencies are diverse. A key requirement of
improving productivity (and food security) is for smallholder farmers to use production inputs more
efficiently. Understanding the production elasticity of inputs, efficiency, and any socio-economic
characteristics of the farmers that influence such efficiency would help improve the design of agricultural policies and programmes, which could in turn help increase food production (Msuya, Hisano,
& Nariv, 2008). This study therefore aims to assess the technical efficiency of smallholder farmers,
the determinants of their technical efficiency, and the production elasticity of inputs in smallholder
maize production in Zimbabwe. This could provide guidelines for the design of policies to promote
maize production and efficiency in smallholder farming. The aim is to help solve the country’s food
security problems by improving the efficiency with which farmers use their existing set of inputs and
technologies. The ultimate goal is increasing smallholder maize output, improving household food
security, raising farmers’ incomes, and reducing poverty in the country.
This paper uses recent survey data from four districts of Zimbabwe to analyse production elasticity
and technical efficiency in smallholder maize production. Based on farm-level data from the 2011
production season, the paper employs a stochastic frontier analysis of production functions to estimate input elasticity, the level of technical efficiency of smallholder maize producers, and farmer
characteristics that influence such efficiency. The study contributes to the current debate in finding
ways of raising maize productivity in smallholder farming by highlighting key entry points for policy.
It is also essential to identify the sources of production efficiency in order to design private public
policies.
The rest of the paper is set out as follows: Section 2 provides an overview of the literature on technical efficiency and use of the stochastic frontier methodology, while Section 3 reviews studies on
the technical efficiency of farmers in developing countries. Section 4 describes the study sites, data
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collection and sampling, and Section 5 outlines the econometric method used and the estimation
approach. Section 6 discusses the results, and the paper concludes with findings and policy implications in Section 7.

2. Technical efficiency in crop production
Technical efficiency in crop production can be defined as a farmer’s ability to maximise outputs
given a set of inputs and technology. The degree of technical inefficiency reflects an individual farmer’s failure to attain the highest possible output level given the set of inputs and technology used.
The highest possible output, using the available inputs and technology, is represented by the production frontier. Figure 1 shows a production frontier where the degree of technical efficiency is
conditional on the level of inputs used (adapted from Battese, 1992). Output (Y) is shown on the
y-axis and inputs (X) on the horizontal axis.
The distinction between technological change and technical efficiency is important. Technological
change reflects a shift of the production frontier, as new technologies enable output per unit of input
to increase (Bravo-Ureta, 2007). Technical efficiency, on the other hand, explains the difference
between potential and observed yield for a given level of technology and inputs.
Initial studies to measure technical efficiency for a cross section of producers used the deterministic frontier approach, which assumes that any deviations from the frontier are due to inefficiency.
In the maize example, this would imply any farmer producing below the frontier was inefficient.
However, the deterministic frontier ignored factors beyond the control of the farmers, such as
weather conditions, which could influence efficiency. Thus the results of the deterministic approach
were sensitive to the selection of variables and to data errors (Bravo-Ureta, 2007). Aigner, Lovell, and
Schmidt (1977) and Meeusen and van Den Broeck (1977) independently developed the stochastic
frontier approach to address some of the limitations of the deterministic frontier approach. In the
new approach, the error term consists of two components, one being random and the other being a
one-sided residual term representing inefficiency. The stochastic frontier approach has subsequently
been refined in various ways.
This study adopts the stochastic frontier approach to assess the technical efficiency of smallholder maize producers in Zimbabwe. Since the 2000 fast-track land reform, only a few studies of
this nature have been conducted in the country; this paper is therefore an important addition to the
literature.

Figure 1. Technical efficiency of
firms in input-output space.
Source: Adapted from Battese
(1992).
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3. Empirical studies on technical efficiency in developing countries
Globally, there is a growing body of empirical research on the economic efficiency of farmers in both
developed and developing countries (for appraisals see Amaza & Olayemi, 2002; Battese, 1992;
Coelli, 1995; Narala & Zala, 2010). The empirical literature on the efficiency of farmers focuses on
developed countries and Asian economies, and a much smaller number relates to agriculture in
developing countries, especially in Africa.
Among these, Heshmati and Mulugeta (1996) estimate the technical efficiency of Ugandan
matoke (plantain banana) farms. Using a Cobb–Douglas production function they find decreasing
returns to scale and a mean technical efficiency of 65%. There was no significant variation in technical efficiency with respect to farm sizes, and they do not identify the various sources of technical
efficiency among the farmers.
Seyoum, Battese, and Fleming (1998) consider the technical efficiency and productivity of maize
producers in Ethiopia and compare the performance of farmers within and outside a programme of
demonstrating technology. Using Cobb–Douglas stochastic production functions, they show that
farmers who participated in the programme were more technically efficient, with a mean technical
efficiency of 94%, as against 79% for those outside the project.
The impact of education externalities on production and the technical efficiency of farmers in rural
Ethiopia is the subject of Weir and Knight (2000). One limitation of their study, and that of Weir
(1999), is that they only assess the level of schooling as a source of technical efficiency. Using standard Cobb–Douglas production function, they find evidence that the source of the externalities of
schooling is the adoption and spread of innovations that shift out the production frontier. The mean
technical efficiency of cereal crop farmers is estimated at 55%, and a unit increase in the years of
schooling increases this by 2.1% points.
Sherlund, Barrett, and Adesina (2002) investigate the efficiency of smallholder rice farmers in Côte
d’Ivoire using both parametric and non-parametric methods, while controlling for environmental
factors that affect the production process. In addition to identifying factors that influence technical
efficiencies, the study finds that the inclusion of environmental variables e.g. rainfall variability in the
production function significantly changes the results: the estimated mean technical efficiencies
increase from 36 to 76%.
Binam, Tonyè, Wandji, Nyambi, and Akoa (2004) examine factors influencing the technical efficiency of groundnut and maize farmers in Cameroon. Using a Cobb–Douglas production function,
they found mean technical efficiencies of around 73 and 77%. They conclude that access to credit,
social capital, and distance from the road, and extension services are important factors influencing
technical efficiencies.
Mochebelele and Winter-Nelson (2000) evaluated the impact of labour migration on the technical
efficiency of farms in the rural economy of Lesotho. Using the stochastic production function (translog and Cobb–Douglas), they found that households that send migrant labour to South African mines
are more efficient than those that do not, with mean inefficiencies of 36 and 24%, respectively. In
addition, there is no statistical evidence that the size of the farm or the gender of the household
head affects the efficiency of farmers. They concluded that remittances facilitate agricultural production, rather than substitute for it. Their study does not, however, consider other household characteristics that might affect technical efficiency (e.g. education, experience, access to credit or
capital, and extension services) and the extent to which households that export labour receive
remittances. Their interpretation that remittances explain differences in technical efficiencies is
based on the presumption that migrant labourers remit to their exporting households, and not on a
measure of the extent of such remittances.
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Only a few studies focused on the technical efficiency of farmers in Zimbabwe. Mazvimavi et al.
(2012) studied the productivity and efficiency of maize production under conservation agriculture,
comparing productivity and efficiency levels between conservation agriculture and conventional
farming. Using the Cobb–Douglas and trans-log production functions, the study found that output
elasticities showed positive responses to the use of labour and seed in conservation agriculture, and
negative responses in conventional farming. The responses to land and draught in conservation
agriculture were negative, while fertiliser had a larger positive response in conservation agriculture
than in conventional farming. Joint frontier estimates indicate that farmers produced 39% more in
conservation agriculture than in conventional farming. Technical efficiency levels were similar
(about 68%) for both technologies, with two-thirds of farmers achieving efficiency scores in the 60–
80% range. These results show sizeable yield gains in conservation agriculture and significant contributions to food production.
Owens, Hoddinott, and Kinsey (2001) explore the impact of agricultural extension on farm production in Zimbabwe, Using panel data and Ordinary least squares regression the research found that,
access to agricultural extension services raised the value of crop production by 15%.
Studies on technical efficiency are particularly important to African agriculture, as they provide
vital information for improving the design of agricultural policies. More empirical work is needed in
Zimbabwe to assess farmers’ performance and the constraints on efficiency, especially following the
change in the agrarian structure since 2000.

4. Research sites, sampling and data collection
4.1. Research study sites
The data for the paper is drawn from surveys in smallholder farming communities in Zimbabwe,
which covered two provinces and four districts: Mashonaland Central Province (Guruve district) and
Mashonaland East Province (Goromonzi, Mudzi and Hwedza districts). Two of the districts, Goromonzi
and Guruve, fall in natural farming region II, while Hwedza and Mudzi are in regions III and IV
respectively. Table 1 shows the survey areas, their agro-ecological characteristics, rainfall, temperature and main crops.

4.2. Sampling and data collection
The cross-sectional household baseline study was conducted between November and December
2011. The sampling frame was drawn from farmer households in the four districts, which were
selected on the basis of agro-ecological potential and market access. Goromonzi and Guruve are in

Table 1. Research districts and natural conditions
Province

District

Agro-ecology

Rainfall
(mm)

Mean
temperature
(°C)

Main crops

Mashonaland
Central

Guruve

IIb

700–800

26.5

Maize, soybeans
and common
beans

Mashonaland
East

Goromonzi

IIb

800

18.0

Maize, groundnuts, soybeans
and common
beans

Mudzi

III

450–500

23.0

Maize, groundnuts

Hwedza

IV

450–650

22.0

Maize, groundnuts, tobacco
and vegetables

Source: Mugandani, Wuta, Makarau, and Chipindu (2012).
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high-potential agro-ecological zones, while Mudzi and Hwedza are in marginal and low-potential
zones. The data collection involved a household survey, using a structured questionnaire. The survey
collected information on household composition and characteristics, crop production, household
market participation, access to infrastructure, household incomes, ownership of land and non-land
assets, livestock ownership, and access to agricultural inputs, extension services and market information. Random sampling was used to select the wards in the four districts and the households to
be interviewed from lists provided by resident agricultural extension officers. The research was
based on a sample of 522 smallholder maize producers randomly picked from the selected wards.

5. Econometric method
This paper follows the method of estimating a stochastic frontier production function proposed by
Aigner et al. (1977) and Meeusen and van Den Broeck (1977). Kumbhakar, Ghosh, and McGuckin
(1991) extended the stochastic frontier methodology by openly introducing the determinants of
technical efficiency into the model. One advantage of the approach is that it accounts for measurement error in the specification and estimation of the frontier production function. As noted, the
stochastic frontier production function differs from the traditional production function in that it consists of two error terms. The first error term accounts for technical efficiency and the second for
factors such as measurement error in the output variable, the weather, and the combined effects of
unobserved inputs.
The model chosen in this paper has gained preference in application in developing nation’s agriculture. The approach has gained popularity as opposed to the data envelopment analysis. Reasons
for this include, first, that the assumption that all deviations from the frontier arise from inefficiency
(as assumed by the data envelopment analysis approach) is difficult to accept, given the inherent
variability of agricultural production because of uncontrollable factors such as weather, pests and
diseases. Second, because many farms are small, family-owned enterprises, farm records are seldom kept. Thus the available data on production are likely to contain measurement errors. In this
study, farmers were asked to recall maize production information some months after harvesting,
which could have introduced measurement errors.
This paper uses the Cobb–Douglas form of the stochastic frontier production model with a log–log
functional form following its merit in application in smallholder farming (see Binam et al., 2004;
Mazvimavi et al., 2012; Mochebele & Winter-Nelson, 2000; Seyoum et al., 1998). The production data
is maize production in the 2011 season by each of the 522 randomly selected households.
The production function is specified as:

ln (yieldi ) = 𝛽0 + 𝛽1 ln (Inorganicfert) + 𝛽2 ln (Seedquant) + 𝛽3 ln (Labour)
+ 𝛽4 ln (Areaplanted) + 𝜖i (Vi − Ui )

(1)

where yield is the maize output per hectare (kg/ha); β0–β4 are the parameters to be estimated;
Inorganicfert is the amount of fertiliser applied per hectare (kg/ha); Seedquant is the maize seed
rate per hectare (kg/ha); Labour constitutes family labour plus hired labour (person-days);
Areaplanted is the area put under maize for the 2010/2011 production season (ha); εi is the error
term, equal to (Vi − Ui); Vi is a two-sided random error component beyond the control of the farmer;
Ui is a one-sided inefficiency component.
The farm-specific technical efficiency (TEi) of the ith farmer was estimated using the expectation
of Ui conditional on the random variable εi. It follows that:

TEi = Exp(−Ui )

(2)

so that 0 ≤ TEi ≤ 1.
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After obtaining the technical efficiency estimates for each smallholder maize producer, using
Equation (2), a kernel density graph was produced of the distribution of technical efficiency in the
sample.
Technical inefficiency determinants are specified as:

ln(Ui ) = 𝛿0 + 𝛿1 (Ci� ) + Wi

(3)

where Ui is technical inefficiency; δ0, … δ1 are the parameters to be estimated; Ci is a vector of farmer
and household socio-economic characteristics; Wi is a random error.
′

The stochastic production frontier, defined by Equation (1), and the technical inefficiency model,
defined by Equation (3), were jointly estimated by the maximum likelihood method, using Stata, version 12. A half-normal distribution of the inefficiency variance was used in the estimation.

5.1. Presumed relationships between socio-economic characteristics and technical
efficiency
A range of factors, including plot-level characteristics and socio-economic, demographic, environmental and non-physical factors, are likely to affect the efficiency of smallholder maize farmers. A
number of studies (Amaza & Olayemi, 2002; Coelli & Battese, 1996; Llewelyn & Williams, 1996;
Narala & Zala, 2010; Parikh & Shah, 1994) have investigated the determinants of technical efficiency
among producers. They regressed the predicted efficiencies obtained from an estimated stochastic
frontier on a vector of farmer-specific factors (e.g. the age of the farmer, the farmer’s level of education and access to extension services) in a second-stage regression. Several of these studies show a
positive relationship between technical efficiency and socio-economic characteristics (Coelli &
Battese, 1996; Kalirajan, 1991; Narala & Zala, 2010; Parikh, Ali, & Shah, 1995).
The identification of the factors that influence the level of technical efficiency is a particularly
valuable exercise for policy formulation. The list of variables selected as potential determinants of
technical efficiency include both dummy and continuous variables. Dummy variables include the
gender of the household head, access to credit, cattle ownership, the region, the level of education
of the household head, and the treatment (i.e. whether conservation or conventional agriculture
was practised). Continuous socio-economic variables include household size, the frequency of
extension services per production season, the frequency of weeding, the age of the household head,
farming experience and the size of the farm.
It was expected that the frequency of extension services, access to financial credit, male household headship, weeding frequency, cattle ownership, the level of education of the household head,
farming experience and farm size would positively influence technical efficiency, as several studies
have found (Coelli & Battese, 1996; Kalirajan, 1991; Mazvimavi et al., 2012; Narala & Zala, 2010).
Farmers with frequent access to extension services were expected to be more productive and efficient, since they could obtain advice on current technologies, better maize germplasm, and other
relevant information on production. Access to credit was seen as another driver of efficiency among
smallholder farmers, enabling them to purchase certified seed, fertilisers and other inputs to
improve efficiency. Male-headed households were expected to be relatively more productive and
therefore more efficient. Considering the importance of weed management in maize production, a
positive relationship between weeding frequency and technical efficiency was expected. Cattle ownership, the level of education, farming experience and farm size were also expected to drive technical efficiency, on the understanding that access to productive resources would encourage efficient
production.
Household size, the region and the treatment were expected to have an ambiguous influence. A
larger household could be a source of labour, which could improve efficiency. But household size
could also mean high dependency on the household head, which could contribute to poverty. Poorer
Page 7 of 14

Mango et al., Cogent Economics & Finance (2015), 3: 1117189
http://dx.doi.org/10.1080/23322039.2015.1117189

Table 2. Summary of the variables and their expected influence on technical efficiency
Variable

Description

Genderhh

Gender (1 = male; 0 = female)

Posited sign (+/−)
+

Hsize

Household size

weedngfreq

Weeding frequency

+/−
+

Credit

Credit access (1 = yes; 0 = No)

+

ExtFreq

Extension frequency

+

Own cattle

Cattle ownership (1 = yes; 0 = No)

+

Agesqrt

Square root of age of household
head

−

Expsqrt

Square root of farming experience

+

logfarmsize

Log of farm size

Region (dummy variable capturing
districts)

regiondum1 (Goromonzi)

+/−

regiondum2 (Guruve)

+/−

regiondum3 (Mudzi)

+/−

regiondum4 (Hwedza)

+/−

+

educdummy

Education of household head (1 = at
least secondary; 0 = otherwise)

+

Treatment

Dummy for conservation agriculture
practice (1 = yes; 0 = No)

+/−

households are likely to be inefficient, as their economic status prevents them from acquiring the
necessary inputs. Age is expected to be negatively associated with technical efficiency, following
Goldman (2013), who finds that older farmers tend to be more technically inefficient than younger
ones.
Table 2 gives a summary of variables used to explain variation in technical efficiency and their
expected influence.

6. Estimation results and discussion
6.1. Summary statistics
Summary statistics of production data and the socio-economic characteristics of the sample are
presented in Table 3. Mean maize output by the smallholder producers is 1,222.24 kg (1.2 tonnes).
On average, smallholder maize farmers applied 158.57 kg of inorganic fertiliser (about three 50 kg
bags), used 21 kg of seed, and allocated 0.9 ha of land to maize. Each household had an average of
about 2.3 ha of arable land and used at least three person-days of labour in the maize fields.
In terms of socio-economic characteristics, the smallholder producers in the sample had fair
access to extension services: 58% had received extension service visits, at an average of four visits
per season. Access to credit was less common, at only 12% of farmers in the sample. The farmers
were predominantly male (76%), and the majority had attained at least secondary education (90%).
They were relatively experienced, with 19 years of farming experience on average, and an average
age of 51.2 years. Cattle ownership was also a relatively common, at 53% of farmers. Household
sizes were relatively large (6 persons), which is a concern given the small tracts of arable land they
owned (2.3 ha). Weeding frequency averaged twice per season. Just over a third (35%) of the farmers practised conservation agriculture. The study pooled smallholder farmers from four districts:
30% from Goromonzi, 33% from Guruve, 22% from Mudzi and 15% from Hwedza.
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Table 3. Production data and socio-economic characteristics of households
Variables

Mean

Standard deviation

Min

Max

1,222.242

1,371.436

11

12,000

158.573

154.290

0

1,750

Labour (man-days)

3.270

1.808

0

15

Seed quantity (kg)

21.521

15.987

1

29

Area planted (ha)

0.892

0.643

0.04

6

Household size (units)

5.506

4.013

1

76

Weeding frequency (number of times per season)

2.013

0.792

0

4

Extension frequency (visits per season)

3.787

7.621

0

52

Age of household head (years)

51.28

15.504

19

99

Farming experience (years)

19.616

13.926

0

62

Farm size (ha)

2.330

2.437

0.2

36

Gender of household head (1 = male)

0.764

0.425

0

1

Education (1 = at least secondary)

0.90

0.29

0

1

Extension access (1 = yes)

0.579

0.494

0

1

Credit access (1 = yes)

0.121

0.326

0

1

Own cattle (1 = yes)

0.525

0.50

0

1

regiondum1(1 = Goromonzi)

0.30

0.459

0

1

regiondum2 (1 = Guruve)

0.33

0.473

0

1

regiondum3 (1 = Mudzi)

0.22

0.412

0

1

regiondum4 (1 = Hwedza)

0.15

0.353

0

1

Treatment (1 = conservation agriculture)

0.35

0.476

0

1

Continuous variables (n = 522)
Maize output (kg)
Fertiliser quantity (kg)

Categorical variables (n = 522)

6.2. Estimation results
Table 4 shows the maximum likelihood estimates of the estimated stochastic frontier production
function and the determinants of technical efficiency. All the coefficients in the model for productive
factors (fertiliser, labour, seed and area under maize) are positive. The coefficients are significant at
1%, except for labour, which is significant at 5%. The coefficient for inorganic fertiliser of 0.22 indicates that maize output is elastic to changes in the application of fertiliser. A 1% increase in fertiliser
use should induce a 22% increase in maize output, and vice versa. This is not surprising, since the use
of fertiliser tends to increase production. This finding is consistent with those of Goldman (2013).
The positive coefficient for seed application is somewhat surprising, since a high seed application
rate would be expected to be negatively associated with output. Goldman (2013) argued that high
seed application rates would result in higher plant densities, or overcrowding, which would have a
negative effect on output. One explanation could be that farmers lack the resources to purchase all
the required inputs, and hence apply seed at below-optimum rates. Should they be able to increase
the seed rate, maize output would increase.
Labour had an elasticity of 0.14, which implies that a 1% increase in labour (person-days), ceteris
paribus, would lead to a 14% increase in maize output. The significance of labour for maize output is
not surprising, since smallholder farmers are known to be resource-constrained and maize production is labour-intensive, which means the farmers rely heavily on manual labour. They would therefore be concerned with maximising their labour output and would tend to emphasise technical
efficiency.
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Table 4. Input elasticity and socio-economic determinants of inefficiency
Variable

Description

Symbol

Coefficient

Standard
error

p-Value

ln of fertiliser
quantity

β1

0.2155

0.0295

0.000*

ln of seed
quantity

β2

0.4787

0.0698

0.000*

Productive factors
ln InOrganicFert
ln Seedquant

ln of labour

β3

0.1405

0.0614

0.022**

ln Area

ln of maize area
planted

β4

0.2147

0.0702

0.002*

_cons

Constant

β0

4.7892

0.2514

0.000*

ln labour

Inefficiency effects
Gender

δ1

−1.0101

0.2785

0.000*

Household size

δ2

0.0830

0.0436

0.057***

Weeding frequency

δ3

−0.1333

0.1607

0.407

Credit

Credit access

δ4

−0.4562

0.4256

0.284

ExtFreq

Extension frequency

δ5

−0.0444

0.0208

0.033**

Genderhh
Hsize
weedngfreq

Cattle ownership

δ6

−0.0575

0.2404

0.811

Agesqrt

Square root of
age of household head

δ7

0.0723

0.1431

0.613

Expsqrt

Square root of
farming experience

δ8

−0.0487

0.1031

0.637

log farmsize

Log of farm size

δ9

−0.3576

0.2048

0.081***

regiondum1

δ10

Own cattle

Region (dummy
variable capturing) districts)

−2.7422

0.4259

0.000*

regiondum2

−2.6138

0.4074

0.000*

regiondum3

0.5835

0.3530

0.098***

educdummy

Education of
household head

δ11

−0.1280

0.4094

0.755

Treatment

Dummy for
conservation agriculture practice

δ12

0.2868

0.2585

0.267

Constant

δ0

0.9836

1.1531

0.394

Constant

Wi

−1.6147

0.1191

0.000*

_cons
Random error
_cons
Other statistics
Likelihood ratio
Prob > χ

2

Number of obs.
Wald χ (4)
2

−561.3208
0.0000*
522
342.11

*p < 0.01.
**p < 0.05.
***p < 0.10.

The estimated coefficient for land used for maize cultivation is 0.21, showing that a 1% increase
in area cultivated would induce a 21% change in maize output. This is again not surprising, since
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land is a significant factor in maize output. This result is consistent with those of Amaza and Olayemi
(2002) and Coelli and Battese (1996).
The inefficiency parameters shown in Table 4 relate to farm-specific characteristics and the farmer’s socio-economic position. The parameters include the gender of the household head, household
size, weeding frequency, access to credit, the frequency of extension services, cattle ownership, the
age of the household head, farming experience, farm size, a dummy variable for the different districts, the education of the household head and the treatment applied (conservation or conventional
agriculture). The gender coefficient is estimated to be negative and statistically significant at 1%,
which implies that male farmers are relatively more efficient in maize production. Considering that
planting, weeding, harvesting, and other crop management operations are labour-intensive, this
result is not surprising. Female farmers also have relatively less access to productive resources. The
result could also be explained by the imbalance in resource’s access by gender. In literature, allocation of resources to poor women has a bigger impact on production and productivity; hence our
result could imply the relatively low efficiency of women-headed maize farmers could be due to lack
of access to productive resources.
The coefficient of household size is estimated to be positive and statistically significant at 10%.
This implies that smaller farming households are more efficient, possibly because, as noted, larger
household sizes exert pressure on the limited resources available to the smallholder farmer and
seem to exacerbate poverty. Poverty-stricken farmers are more likely to be inefficient, as they cannot afford to buy productivity-enhancing inputs such as certified seed and fertiliser. In addition, the
bigger the household, the higher the dependency ratio in most cases, which could well contribute to
this finding. This result, however, contradicts Wang, Cramer, and Wailes (1996), who find that household sizes are positively related to technical efficiency in Chinese agriculture.
The coefficient for the frequency of extension services is estimated to be negative and statistically
significant at the 10% level. This indicates that more frequent extension services tend to increase
technical efficiency, as extension agents provide advice on issues such as new technologies and
production-related information. This finding is in line with those of Seyoum et al. (1998), Parikh et al.
(1995) and Owens et al. (2001).
Farm size was also a significant determinant of the technical efficiency of smallholder maize producers. The coefficient is negative and statistically significant at 10%, and implies that farmers with
relatively large tracts of arable land tend to be more efficient. This could be because larger tracts
allow farmers to diversify their activities, for instance by growing cash crops (e.g. legumes or tobacco) and keeping small livestock in addition to growing maize. This should increase their income,
which would in turn enable them to increase their productivity. This result is consistent with that of
Wadud and White (2000), who found technical inefficiency to decrease as farm size increases. In
contrast, Coelli and Battese (1996), and Parikh et al. (1995) argue that farmers with small tracts are
forced to allocate their scarce resources more efficiently.
A dummy variable to capture the region was also included to explain variations between the various districts. Smallholder maize producers in Goromonzi and Guruve tended to be relatively more
efficient (negative coefficients, significant at 1%), but those in Mudzi were relatively inefficient (positive coefficient, significant at 10%). This is not surprising since Goromonzi and Guruve are high-potential zones with favourable temperatures and rainfall patterns (700–800 mm per year), while
Mudzi is a low-potential zone with low rainfall and higher temperatures. Farmers in low-potential
zones tend to focus on drought-resistant crops, such as groundnuts and cowpeas.
Another significant characteristic of the stochastic frontier production function model is its ability
to provide farm-specific estimates of technical efficiency. Figure 2 shows a histogram with a kernel
density graph of individual, farm-specific technical efficiency. The technical efficiency indices were
derived from the analysis of the stochastic production function.
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The mean level of technical efficiency for the sample of smallholder farmers is 0.65 (65%), with a
standard deviation of 0.0467. This implies that, on the average, they could only achieve about 65%
of the potential maximum output from a given mix of production inputs. The distribution of the
technical efficiency scores ranges from 0.49 to 0.82. About 90% of the smallholder farmers have
technical efficiency scores between 0.6 and 0.75. These results suggest that maize producers in
Zimbabwe’s smallholder sector are constrained by a number of factors, such as infrequent extension
visits (three times per season on average), smaller farm sizes (about 2 ha on average), relatively
large household sizes (about 6 on average), and low agricultural potential in some areas. The potential for increasing the average efficiency among smallholder maize farmers in Zimbabwe is significant, at 35%. This would require improving farmer-specific efficiency factors, such as the frequency
of extension services and proper land utilisation practices, given that farm sizes significantly influence efficiency.

7. Conclusions and recommendations
The study shows that inorganic fertiliser, seed and labour (both hired and family labour), as well as
the area under maize are the major factors associated with changes in maize output. The effect of
inorganic fertiliser on output is positive and the coefficient is statistically significant at 1%. The quantity of seed applied, the use of labour, and the land area allocated to maize production have positive
effects on maize output, and their coefficients are statistically significant at 1, 5 and 1% respectively.
The model for the inefficiency effects in the frontier function includes gender, household size, the
frequency of extension services, farm size and region as significant determinants of technical efficiency. Male household headship, the frequency of extension services, and region1 (Goromonzi) and
region2 (Guruve) are negatively associated with technical inefficiency, while household size and region3 (Mudzi) had a positive association.
The policy implications of these findings are that technical efficiency in smallholder maize production could be increased by 35% on average through better use of available resources (e.g. land, fertiliser, seed and labour), given the current state of technology. This could be achieved through
improving farmer-specific efficiency factors, which include better and more frequent extension services, smaller household sizes, and the increased involvement of male farmers in maize production.
The government could assist in improving the technical efficiency of the smallholder maize producers, who contribute more than 70% of national output, by ensuring better and more reliable support
from extension services and empowering women farmers. Efficient extension services would improve crop management practices, for instance, by advising farmers on proper weeding regimes.
Women farmers could be empowered by (at least) ensuring that they are not marginalised in
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accessing credit and other productivity-enhancing inputs. Access to credit, for example, would help
ensure their timely access to inputs and thus promote efficiency.
The study, however, could only assess technical efficiency in smallholder maize production in
Zimbabwe at a point in time. Given the importance of staple maize production to food security in
both rural and urban communities, smallholder farmers would need to operate as efficiently as possible with the available inputs. Results from the analysis contribute to the current debate in Zimbabwe
of finding ways of raising maize productivity that has fallen due to the radical changes caused by the
land invasions in 2000. Results indicate some key sources of inefficiency in the current maize production system which can be targeted by policy to improve productivity in the maize production
sector. Continuous improvement in the technical efficiency of maize production could promote income growth and reduce poverty. Ongoing monitoring of technical efficiency in maize production is
therefore necessary to assess changing agricultural contexts and inform policy actions. This calls for
more and ongoing research.
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