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Abstract Cotton cropping in Pakistan uses substantial
quantities of resources and adversely affects the environment with pollutants from the inputs, particularly pesticides. A question remains regarding to what extent the
reduction of such environmental impact is possible without
compromising the farmers’ income. This paper investigates
the environmental, technical, and economic performances
of selected irrigated cotton-cropping systems in Punjab to
quantify the sustainability of cotton farming and reveal
options for improvement. Using mostly primary data, our
study quantifies the technical, cost, and environmental
efficiencies of different farm sizes. A set of indicators has
been computed to reflect these three domains of efficiency
using the data envelopment analysis technique. The results
indicate that farmers are broadly environmentally inefficient; which primarily results from poor technical inefficiency. Based on an improved input mix, the average
potential environmental impact reduction for small, medium, and large farms is 9, 13, and 11 %, respectively,
without compromising the economic return. Moreover, the
differences in technical, cost, and environmental efficiencies between small and medium and small and large farm
sizes were statistically significant. The second-stage
regression analysis identifies that the entire farm size significantly affects the efficiencies, whereas exposure to
extension and training has positive effects, and the sowing
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methods significantly affect the technical and environmental efficiencies. Paradoxically, the formal education
level is determined to affect the efficiencies negatively.
This paper discusses policy interventions that can improve
the technical efficiency to ultimately increase the environmental efficiency and reduce the farmers’ operating
costs.
Keywords Cotton farming  Data envelopment analysis 
Technical efficiency  Environmental efficiency 
Production costs

Introduction
Cotton Production in Pakistan
Cotton is economically the most important clothing fiber of
the world (Proto et al. 2000). Pakistan is the fourth largest
cotton-producing country in the world. Cotton makes a
significant contribution to the national economy, is a major
cash crop for farmers and provides employment for the
rural poor. The domestic and export textile industries
heavily depend on cotton. Cotton contributes 7.8 % of the
total agricultural output value and 1.6 % of the Gross
Domestic Product (GDP) of Pakistan (Economic Survey of
Pakistan. 2011–2012).
As of 2010–11, the total area of cultivated cotton in
Pakistan was 2,689,000 hectares. Cotton is mainly cultivated in the Punjab and Sindh provinces under arid conditions with low soil fertility and can be at risk from pests
because certain insects are particularly harmful to the yield
and fiber quality. As a result, since the Green Revolution,
cropping practices usually include a high use of chemical
fertilizers, pesticides, irrigation water, and energy per unit
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area of land, which results in high land productivity. The
quantity of farm inputs that are used in cotton-cropping
systems depends on the farmer’s production target, environmental conditions (e.g., soil quality, pest hazard) and
socioeconomic conditions for the farmer.
Overall, cotton cropping usually has a high use of agrochemicals, irrigation, and mechanization, which leads to a
high potential for environmental impacts. The excessive
use of fertilizers contributes to greenhouse gas emissions
and water pollution (IPCC 2006). Azizullah et al. (2011)
reported that runoff or leaching of nitrates from agricultural
lands is significant in Pakistan and contaminates surface
and ground water in many places, which is sometimes
beyond the safety limits for human health. Tariq et al.
(2007) established that freshwater resources are constantly
contaminated because of the overuse and misuse of pesticides in the cotton-growing area of Pakistan. The use of
non-renewable energy has also increased because of technological advancement. The magnitude of these environmental impacts and energy use in different forms varies
depending upon the farm management practices, soil
properties, and agro-ecosystem conditions (Choudhury and
Kennedy 2005).
There is a cotton-poverty-environment-economy nexus
in Pakistan: the country depends on cotton production for
the domestic economy and export revenue, poverty alleviation, and rural development; however, the production
systems have significant environmental issues.
This cotton-poverty-environment-economy nexus is related to the possibility of reducing the environmental impacts
and resource use of cotton-cropping systems, while sustaining
the yields and income of farmers and the country position of
producing and exporting of cotton. A workable approach to
the sustainability at the farm level consists of evaluating
whether the producers are efficiently using resources and
minimizing the environmental impacts while achieving their
economic objectives. Thus, the economic-environmental
efficiency may be a useful operational approach.
Toward Environmental and Economic Efficiency
The global demand for environmentally friendly food and
fiber production is increasing. To produce eco-friendly
products, considering the environmental impact of products
over a broader range is necessary (Keating et al. 2010). The
present environmental hazards that are related to cotton
production are considerable challenges to sustainable cotton production. In the absence of incentives or regulations,
farmers tend to maximize their short-term personal utility
without considering the longer-term environmental consequences (Picazo-Tadeo et al. 2011). Thus, there is an
urgent need for joint approaches to assess the technical,
economic, and environmental performances of cotton-
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cropping systems to link the resource productivity and
environment with the help of economic logic.
The objective of our study was to address the efficiency of
cotton-cropping systems (i.e., their combined and relative
technical, economic, and environmental performances). Our
study jointly assesses the technical, economic, and environmental efficiencies of cotton-cropping systems in the
Punjab province of Pakistan using data envelopment analysis
(DEA). We aim to identify the relationships among multiple
inputs and outputs. Our study also attempts to assess the
differences of technical, cost, and environmental efficiencies
across all small, medium, and large farms.

Materials and Methods
Approaching Efficiency with DEA
Efficiency has emerged as a practical concept to approach
and measure the sustainability of industrial (Callens and
Tyteca 1999) and agricultural (De Koeijer et al. 2002)
production systems because efficiency analyses may combine the environmental and economic components of sustainable development and provide quantitative metrics.
DEA is a non-parametric approach that was initially
developed by Charnes et al. (1978) to calculate the relative efficiency of a set of production and/or management
units (hereafter called decision-making units or DMUs).
The overall idea is to comparatively measure how these
units generate outputs while mobilizing the inputs.
Because the inputs and outputs were originally technical
in nature, the early authors referred to this concept as
technical efficiency (TE).
The basic idea of calculating the relative efficiency of a set
of DMUs is to construct a piecewise frontier; all efficient
DMUs lie on the frontier, and the DMUs below the frontier
are considered inefficient. The DMU efficiency score ranges
between 1 (full efficiency) and 0 (full inefficiency).
The production frontier symbolizes the minimum input
requirement to produce a certain amount of output. A cost
efficiency (CE) frontier describes the minimum incurred
cost to produce a certain amount of output (Nguyen et al.
2012), and the environmental efficiency (EE) frontier
represents the minimum production environmental impacts
or undesirable outputs without compromising the given
level of desirable output.
Cropping systems are typical DMUs because they
mobilize a set of production factors (e.g., land, labor, agrochemicals, mechanization, and water) and result in a set of
outputs (e.g., yield, environmental impacts, income). DEA
has only recently been used in agricultural case studies
with the pioneering works by De Koeijer et al. (2002) and
Reig-Martı́nez and Picazo-Tadeo (2004).
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There are three approaches to study the efficiency using
DEA. The first approach seeks to reduce the amount of
input to produce a constant output (input-oriented DEA);
the second approach seeks to increase the output while
maintaining the input level (output-oriented DEA); the
third approach is a mixed approach of reducing the input
while increasing the output. Regarding agricultural production, the farmers only control the amount of inputs that
they use; therefore, the input-oriented efficiency model was
selected for the TE and CE analysis.
All DEA-based efficiency analyses in our study have been
analyzed using MaxDEA Pro as data envelopment analysis
software, which was developed by Gang and Zhenhua (2013).

A VRS model does not indicate whether an inefficient
DMU is operating in the region of increasing or decreasing
return to scale. This problem can be solved by applying an
additional model, which is called non-increasing return to
P
scale (NIRS) and modeled by adding a constraint k  1 into
equation 1 (Cooper et al. 2007). Comparing the TECRS and
TENIRS help to determine whether the production is characterized by the decreasing or increasing return to scale. If
TECRS \ 1 and TECRS = TENIRS, the inefficiency results
from the increasing return to scale, i.e., the farmer produces at
an inefficiently small output level. If TECRS \ 1 and
TENIRS [ TECRS, the inefficiency is caused by operating at an
inefficiently large output level (Wossink and Denaux 2006).

Input-Oriented Technical Efficiency

Cost Efficiency

The input-oriented TE was developed by Charnes et al.
(1978) and is called the CCR model after the initials of the
authors. In the CCR model, a farm or a DMUj produces a
vector of y desirable outputs, which are denoted by
y = (1,2,…,S) 2 RSþ using the input vector x = (1,2, …,
M), 2 RM
þ . As proposed by Cooper et al. (2007), the TE
was calculated using the following DEA model:

The CE can be calculated using a cost-minimizing model,
where the cost of each input per hectare (ha) is used instead
of the physical units for those inputs. The cost-minimizing
approach leads to the CE of cotton-cropping systems using
a strictly positive vector of input price w = (w1, w2, …,
wM) 2 RM
? . In the cost-minimization model (equation 1),
the m 9 n input matrix x is transformed into w/x, where w/
is the transpose of the input price vector. The CE is the
ratio of the smallest total cost of the input vector to the
observed total cost of the input vector. The cost-efficient
frontier provides the minimum required expenditure to
produce a given output.
The CE can be used to derive the cost allocative efficiency (AE) from the TE. This derivation can help to reveal
the sources of improvement, which are a proportional
decrease in the input vectors and a cheaper input mix. The
AE is the ratio of the CE to the TE.

Minimizeh
Subject to
hxj Xk  0

ð1Þ

Yk  yj
k0
where h is a scalar, and its value is the TE value of the jth
farm, and k is the intensity vector of the weights of the
efficient DMUs, which helps to project the inefficient
DMUs to an efficient frontier. The data for all n farms or
DMUs in the sample are represented by an m 9 n input
matrix X and an s 9 n output matrix Y, where xj represents
the input vector of the jth farm, and yj represents the
desirable output vector of the jth farm.
When all three usual assumptions (convexity, scalability, and free disposability) of a DEA are satisfied, the production possibility set refers to a constant return to scale
(CRS); if the second assumption of scalability is not satisfied, then the production possibility set refers to the
variable return to scale (VRS). Equation 2 assumes the
CRS because all three mentioned assumptions are satisfied.
However, farming is considered a typical variable-returnto-scale activity because of the potential economies of
P
scale. Adding an additional constraint of
kj ¼ 1 into
Eq. 1 leads to a VRS frontier, which is called the pure
technical efficiency (TEBCC) and the BCC model after the
initials of the authors (Banker et al. 1984), which can
separate technical and scale efficiencies (SE).
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CAE =

CE
TE

ð2Þ

The decomposition of the CE into TE and AE indicates the
sources of inefficiencies. The TE refers to the proportional
decrease of the input vectors; however, the AE relates to
the least cost combination of inputs.
Figure. 1 is a simple illustration of the relationship
between two inputs (x1 and x2) and one output y. The cc
line indicates the iso-cost line, and ss indicates the isoquant
curve. As explained by Coelli et al. (1998), if a production
process, which is represented by point p, generates a
quantity of output using the inputs x1 and x2, then the
technical inefficiency of that firm under the CRS assumption is the distance qp, which indicates that both inputs can
be proportionally reduced without reducing the amount of
output. In percentage terms, the technical inefficiency of a
production process is the ratio of qp/op; hence, the TE can
be calculated by subtracting the amount of computed
inefficiency from 1, which is equal to the amount of oq/op.
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considerable attention in the literature (Kuosmanen 2005).
In the crop production processes, the farmers do not have
any direct control on the intended output increase because
many external factors affect the output. Following Kuosmanen and Kortelainen (2004), the EE has been modeled
by reducing the inputs and the environmental impacts
while maintaining the constant output. The efficiency
measure can be computed using the following equation:
Minimize #
Subject to
#xj Xk  0

ð3Þ

Yk  yj
Bk ¼ #bj
X
kj ¼ #
k  0 and 0  #  1
Fig. 1 Input-oriented efficiency frontiers and representation of the
overall, technical and allocative efficiencies

The CE can be computed using the iso-cost line, and CE
is the ratio of or/op, where rp is the distance that represents
the amount of proportional cost reduction. The AE can be
computed from the ratio of cost and TE, which is defined as
or/oq. Under the assumption of VRS or NIRS, the efficiency can be similarly explained.
Environmental Efficiency
The model supposes that a farm or a DMU uses a vector of
inputs x = (1,2, …, M) 2 RM
þ in the production process and
produces the desirable output y = (1,2, …, S) 2 RSþ and
undesirable outputs or environmental impacts b = (1,2, …,
P) 2 RPþ : Then, the production technology is given by:
T = [(x, y, b): x produce (y, b)].
To reasonably model the EE of the DMU, we want to
produce a certain amount of desirable output using as few
inputs as possible and as few environmental impacts as
possible. The reference technology can provide all feasible
relationships among multiple inputs and multiple outputs,
and it can be modeled using either the output set or the
input set (Picazo-Tadeo et al. 2005). There are different
approaches to analyze the EE of a firm. Those approaches
may include reducing the environmental impacts while
maintaining constant inputs and outputs, reducing the
environmental impacts and increasing the desirable output
while maintaining the constant input, or simultaneously
reducing the inputs and environmental impacts while
maintaining the constant output (Kuosmanen and Kortelainen 2004). However, the disposability assumption of the
environmental impact or undesirable output gained

where # is a scalar, whose value is the EE value of the jth farm,
and k is the intensity vector of the weights of efficient DMUs,
which helps to project the inefficient DMUs to an efficient
frontier. X, Y, and B represent the input, desirable output, and
undesirable output matrices of N number of farms, respectively, xj represents the input vector of the jth farm, yj represents the desirable output vector of the jth farm, and bj
represents the undesirable output vector of the jth farm.
The environmental impact variables were selected to
calculate the EE of each cotton-cropping system. All but
one of the variables were adopted from Picazo-Tadeo et al.
(2011), (2012) and Gómez-Limón et al. (2012). One
additional variable, which is the water use, was selected
because water use is a notably important environmental
indicator because of water scarcity in arid Pakistan. To
make cumulative environmental impacts on each cropping
system, each environmental pressure must be assigned a
proper weight (Picazo-Tadeo et al. 2011). In this case, the
DEA weights were applied to assess the relative EE of each
cropping system. As per area unit, the environmental
impacts that are incurred by cotton crops are related to the
inputs/practices that are used by the farmers, and farming is
considered a typical variable returns to scale activity.
Therefore, the VRS model was used.
The EE model can assess the radial efficiency of each
farm and helps to assess the potential equi-proportional
reduction of the amount of input variables. Following the
methodology developed by Torgersen et al. (1996), the
impact-specific EE of each cotton-cropping system was
assessed using equation 4 for each environmental pressure.
Impact  specific EE ¼

#Pnj  Spnj
Pnj

ð4Þ

where Pnj denotes the impact n of j farms, and # denotes
the EE. In this frictional equation, the numerator indicates
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the total amount of potential impact reduction, which
consists of the radial reduction and the slack-based
reduction of the impact, and the denominator indicates the
observed or the actual amount of impact that is generated
by farm j.
The Bootstrap Truncated Regression Approach
A regression analysis was performed to investigate the
factors that influence the TE, CE, and EE of the DMUs.
Thus, a set of socio-economic and technical variables was
selected. In many cases, a Tobit model was used at the
second stage of the efficiency analysis and recently by
Mohapatra and Sen (2013), Gómez-Limón et al. (2012) and
Wossink and Denaux (2006). Nevertheless, considering the
recent criticism of the potential bias in the efficiency
scores, we used the bootstrapped efficiency scores following the method that was developed by Simar and
Wilson (2000) and (2007). They emphasized that the DEAgenerated efficiency scores strongly depended on one
another, which might violate the basic assumption of the
regression model in the second stage. Instead, Simar and
Wilson (2007) proposed a truncated regression and bootstrapping procedure, which enables consistent inferences in
the second-stage regression. After calculating the biascorrected efficiency score, the following regression model
was used to regress the bias-corrected efficiency score with
the contextual variables.
y^ ¼ zi b þ ei

ð5Þ

where y^ represents the efficiency score of each DMU, b
represents the vectors of unknown parameters, zi is the
vector of factors that represent the explanatory variables i
(i = 1, 2,…,m), and ei is the error term N(0,r2e ) with left
truncation 1- zib. The step-by-step bootstrapping truncated
regression is described by Simar and Wilson (2007), Barros
and Assaf (2009) and Barros and Garcia-del-Barrio (2011).
Table 1 explains the variables that are used in the second-stage truncated regression analysis. The educational
levels of the farmers, age of the farm operators, size of
farm, access to leased land and owned land, sowing
method, and exposure to extension education and trainings
are the variables that were regressed against the TE, CE,
and EE scores of the DMUs to see if these socio-economic
and technical variables affect the farm efficiency.
Sampling and Data Collection Strategy
The previously described efficiency analyses were performed on sampled cotton-cropping systems in selected
farms in Punjab, Pakistan. The data were collected using a
structured questionnaire at the farm level and a field survey
of Lodhran and Vehari districts, which are in the southern
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Table 1 Description of the variables that are used in the second stage
truncated regression
Variables

Description

Field charactristics
Medium farm

1 for medium-sized farm and 0 otherwise

Large farm

1 for large-sized farm and 0 otherwise

Sowing method

1 for raised-bed sowing and 0 for flatbed
sowing method

Access to land

1 for renter operator and 0 for owner
operator

Education and age
High school

1 for high school and 0 otherwise

Beyond high school

1 for beyond high school and 0 otherwise

Age (years)

Age in years of the farm’s operator

Exposure to
extension and
training

1 for interaction with an extension agent
and 0 for no interaction with an extension
agent

part of the Punjab province. Two hundred farms that
comprised cotton-cropping systems were surveyed. Cotton
is normally rotated with wheat on an annual basis. Data
were collected from different farm categories that were
randomly selected, which included small (less than 5
hectares), medium (5–20 ha), and large (greater than
20 ha) farms. Such classification refers to the land-holding
classification of the State Bank of Pakistan. Some questionnaires were discarded because of missing data, and 169
cropping systems (as DMUs) remained and were used for
the efficiency analyses. The questionnaires mainly consisted of recording the consumption of all production factors (inputs per ha) that were used during the cropping
season of 2010, which included labor, seed, machinery,
energy consumption, fertilizers, and pesticides. In addition,
the yields in seed cotton (i.e., unginned picked cotton) and
the market value of all inputs and the cotton seed were
recorded.
Data Sources and the Development of Indicators
To calculate all efficiencies, the net income per hectare was
used as an output instead of the physical product (seed
cotton) or the total revenue, which includes the production
costs. To calculate the TE, we used the physical quantities
of water (volume), seed (mass), labor (time), fossil fuel
(volume), nitrogen, phosphorus, and pesticides (mass). To
calculate the CE, we used the prices of the aforementioned
inputs. Table 2 recaps different variables that were used,
their units, and methodologies or sources that were used for
the calculations.
The following variables were used to assess the EE of
each cropping system as suggested by Picazo-Tadeo et al.
(2011), (2012) and Gómez-Limón et al. (2012).
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Table 2 Cotton-cropping inputs, units, and methods or sources that
are used for the calculations
Input

Units

Method or source for
calculation

Water

cubic meter (m3)

CropWat (FAO)

Seed

kilogram (kg)

Primary data (field survey)

Labor
Fossil fuel

man-hours
liter

‘‘
Primary data and
conversion standards

Nitrogen

kilogram (kg)

Primary data (field survey)

Phosphorus

kilogram (kg)

‘‘

Pesticides

gram (g) of active
ingredients

‘‘

Nitrogen Balance = Nitrogeninput - NitrogenOutput

ð7Þ

Phosphorus Balance

Water Use

A similar approach was applied to measure the phosphorus
balance for each cropping system (see Eq. 8). The phosphorus balance is expressed in kilograms per hectare (P2O5
kg/ha). This indicator helps to quantify the contribution of
cotton farming to eutrophication by phosphorus pollution.
A higher phosphorus balance corresponds to a higher
potential environmental impact.
Phosphorus Balance = Phosphorusinput - Phosphorusoutput

This indicator is the amount of used water in cubic meter
(m3) per hectare by each cropping system throughout the
cropping season. Because there is no measuring device for
individual farm water consumption in Punjab, the cotton
crop irrigation water requirement (IWR) was used as a
proxy for the actual water use. The IWR was calculated
using the CropWat software (FAO 1992) assuming a field
application efficiency Ea of 75 %, a canal conveyance
efficiency Eb of 75 %, and a water-course conveyance
efficiency of 70 % according to Hussain et al. (2011).
Energy Ratio
The energy ratio is the ratio of the energy input to the
output (Equation 6). The energy input is the amount of
energy used per hectare, which is mostly in the form of
fossil-fuel consumption by machinery and agrochemicals,
including the energy-equivalent content; the energy output
is the amount of energy equivalent for cotton seed
(11.8 MJ/kg), which was given by Dagistan et al. (2009),
and cotton stalk (17.88 MJ/kg), which was proposed by
Kumar and Kandpal (2007). The energy input and output
were calculated in mega joules (MJ/ha) (Pimentel 1980). A
higher energy ratio corresponds to a lower energy efficiency of a given cropping system.
Energy ratio =

kilograms per hectare (N kg/ha). The nitrogen balance
provides a metric that quantifies the amount of nitrogen
that was released into the environment. A higher nitrogen
balance corresponds to a higher potential environmental
impact of nitrogen for a given cropping system.

Energy input ðMJ=haÞ
Energy output (MJ/ha)

ð6Þ

Nitrogen Balance
The nitrogen balance was calculated based on the difference between the total amount of nitrogen that was applied
per hectare (as fertilizers) and the total amount of exported
nitrogen by cotton seeds at the time of harvest (see Eq. 7).
Both nitrogen input and output were calculated in

ð8Þ
Pesticide Risk
The data for the pesticides that are used by each farmer are
available, but quantifying the environmental impacts of the
chemical used per hectare is difficult because of its characteristic non-point source. Therefore, a pesticide risk
indicator that determines the overall toxicity of the pesticides that were released into the environment was used to
measure the potential environmental risk of each category
of pesticides [i.e., insecticides, weedicides, and fungicides
used on each farm (as performed by Picazo-Tadeo et al.
2011, 2012, and Gómez-Limón et al. 2012)].
Pesticide risk ¼

M
X

1000

m¼1

Amount of pesticide active ingredientskm ðg=haÞ
Lethal dose 50 m ðg =kg ratÞ

ð9Þ

The pesticide risk was calculated by dividing the
quantity of active ingredients in the pesticide m (g/ha) that
was applied to the cotton crop in farm k and the so-called
‘‘lethal dose 50’’, which is the sufficient amount of pesticide product m to kill 50 % of a rat population (milligrams
of pesticide product per kilogram of rat body mass) (see
Eq. 9). If the value of this indicator increases, the environmental impact of that farm also increases, which indicates that more toxic pesticide products were used on that
farm.

Results and Discussion
This section presents the efficiency analysis for all surveyed cotton-cropping systems. In addition, cotton-
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standard deviation)
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Variables

Farm categories
Small farms

Medium farms

Large farms

Mean

Mean

Mean

SD

SD

SD

Inputs
Water use (m3/ha)

9220.77

2461.19

9345.11

1902.84

8674.16

22.73

4.90

23.80

5.87

25.57

5.03

Labor (man-hours/ha)

738.85

403.42

790.14

284.65

709.85

368.49

Fuel (liter/ha)

107.33

31.78

128.73

43.07

138.90

48.03

Nitrogen (kg/ha)

259.07

109.92

284.01

113.98

271.95

95.99

52.55
5679.89

37.97
3138.67

42.72
7651.36

27.31
2992.59

43.67
7454.56

31.22
2755.12

Seed (kg/ha)

Phosphorus (kg/ha)
Pesticides (g/ha)

1969.89

Cost of inputs (US$/ha)
Water

173.25

99.29

169.18

67.54

148.12

53.90

Seed

45.41

15.63

43.31

22.79

48.92

38.79

Labor

199.23

102.68

216.22

86.29

180.30

111.21

Fuel

115.63

37.30

124.29

38.37

128.04

44.00

Nitrogen

101.77

45.04

111.71

49.15

103.21

45.20

Phosphorus

150.12

119.25

186.21

97.35

183.07

102.63

Pesticides

108.41

57.83

118.30

56.61

113.51

40.53

9220.77

2461.19

9345.11

1902.84

8674.16

1969.89

0.30

0.09

0.30

0.14

0.31

0.12

213.29

87.52

235.27

102.57

226.42

79.34

Environmental detrimental effects
Water use (m3/ha)
Energy ratio
Nitrogen balance (kg/ha)
Phosphorus balance (kg/ha)
Pesticide risk (kg rats per hectare)
Yield (kg/ha)
Net income (US$/ha)
No. of observations

37.45

34.09

26.84

22.24

29.15

25.22

43869.15
1998.19

51619.27
1450.50

62898.43
2186.90

53489.02
1013.02

60717.95
1996.51

51167.99
1197.93

1125.95

1171.83

1252.57

869.29

1127.91

1034.19

40

68

61

N = 169

cropping systems were clustered per farm size to assess the
effect of the farm size on the performances and
efficiencies.
Computing Variables for the Efficiency Analysis
Table 3 presents the descriptive statistics for the variables that were used in the analysis. The input-oriented
radial efficiencies for each farm were computed using
DEA, which calculated the proportional reduction of
each input while maintaining the output level. This radial
reduction helps to analyze the potential profitability of
the farmers and the potential reduction in environmental
impacts that can be generated without compromising the
output level.
Agronomic management practices and resource use
always synergistically affect the cotton crop yield and the
environment. Resource use intensification depends on the
availability of the resources and the farmer’s financial
status. Generally, small-scale farmers have fewer available
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resources particularly because of weak financial position
and less access to credit, which makes them unable to
purchase inputs and leads to less land productivity (Fan and
Chan-Kang 2005). The frequency distribution of yield per
farm size (Fig. 2) and the active ingredients in the pesticides (Fig. 3) show the diversity of farm inputs and outputs
in Punjab, Pakistan. The empirical results from the efficiency analysis can help to investigate the potential
improvement in input savings. The observed diversities
follow a normal distribution. Figure 3 highlights the
overall lower use of pesticides by smaller farms.
Efficiency Analysis
Table 4 summarizes the results of the efficiency analysis
using DEA. The analysis showed that the small farms had
the highest TEBCC, which indicates that the small farms
made better use of the inputs and resources than medium
and large farms. Similarly, the small farms had the highest
mean CE, followed by large farms, and the medium-sized
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Fig. 2 Frequency distribution of the yield/ha of different farm
categories
45
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Frequency %age

40
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35

Large farms
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10
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0

Pesticide use g/ha active ingredients

Fig. 3 Frequency distribution of the active ingredients in the used
pesticides (g/ha)

Table 4 Technical and cost efficiency analysis per farm size
Efficiency

Small farms

Medium farms

Large farms

Mean

SD

Mean

SD

Mean

SD

TEaBCC

0.958

0.065

0.917

0.082

0.911

0.097

TEbCCR

0.539

0.236

0.586

0.234

0.539

0.206

CEc

0.842

0.174

0.767

0.165

0.799

0.180

AEd

0.878

0.169

0.833

0.141

0.872

0.158

0.564

0.245

0.631

0.223

0.590

0.207

e

SE
a

Total technical efficiency

b

Pure technical efficiency

c

Cost efficiency

d

Cost allocative efficiency

e

Scale efficiency

farms had the lowest CE. The Mann–Whitney U-test (twosided) was used to test whether the differences in efficiencies of different farm sizes were significant. Assuming

a CRS, the TE of different farm sizes was not significantly
different. Assuming variable return to scale, the TE
between small and medium farms and between small and
large farms were significantly different at the 5 % confidence level. The CE differences between small and medium farms were also significant at the 5 % confidence level.
Significant differences were also found between small and
medium farmers in the AE and SE analyses at the 10 %
confidence level. However, no significant difference was
found between medium and large farms. A statistically
significant difference among the efficiencies of farm sizes
was observed using a VRS, which indicates that these
farmers are technically operating at an efficient level, but
their small output levels with the given inputs are significantly different. This result was confirmed by comparing
the TE coefficients using the CRS and NIRS for the inefficient DMUs. All inefficient farmers exhibited increasing
returns to scale, which indicates that they can reduce their
inputs without compromising the given income level or
produce more seed cotton, which increases their income
level within the given input mix.
An increasing trend in using fuel and other agrochemicals was observed from the small- to medium-sized farms
and from the medium to large farms, which indicated that
the small farms tended to have lower costs than medium
and large farms. The Spearman’s rho correlation coefficients (r) between CE and TEBCC was 0.684, and the
Spearman’s rho correlation coefficient (r) between CE and
AE was 0.935 (see Appendix A), which indicates that there
is a direct linear relationship between CE and TEBCC and
between CE and AE.
The frequency distribution of TE in Table 5 indicates
that most DMUs were inefficient. The percentage of
efficient DMUs using a CRS model was 5, 8.82, and
6.56 % for small, medium, and large farms, respectively.
Nevertheless, the number of efficient DMUs increased
when the VRS model was used. The highest percentage of
DMUs at the BCC-efficient frontier was observed among
the small farms (45 %), followed by large (28 %), and
medium (21 %) farms. The greatest increase of the efficient DMUs at the BCC-efficient frontier indicated the
highest scale inefficiency, which implied that these DMUs
were not using the inputs with an optimal mix, and the
level of scale inefficiencies could help to adjust the scale
size. Inadequate timing of using different inputs in crop
production can also cause scale inefficiencies. From the
scale inefficiency, the extent to which resources can be
saved and the adjustment of the scale size for optimal
production may be inferred. The BCC-inefficient farms
had technological and allocative inefficiencies, which
indicated that they used an inappropriate amount of different input and deviated from the most productive scale
size (MPSS) (Banker 1984). From the mean SE analysis,
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Table 5 Frequency distribution for technical, pure technical, and
cost efficiency per farm category
Small
farms

%

Medium
farms

%

Large
farms

%

27

67.50

40

58.82

38

62.30

3
3

7.50
7.50

9
7

13.24
10.29

8
10

13.11
16.39

CCR Model
\60 %
60–70 %
70–80 %
80–90 %

1

2.50

1

1.47

0

0.00

[90 %

4

10.00

5

7.35

1

1.64

2

5.00

6

8.82

4

6.56

Efficient
Number of
farmers
Mean
efficiency
score

40

68

0.539

61

0.585

0.539

BCC Model
\60 %

0

0.00

0

0.00

0

0.00

60–70 %

0

0.00

0

0.00

1

1.64

70–80 %

2

5.00

8

11.76

7

11.48

80–90 %

4

10.00

19

27.94

14

22.95

[90 %

14

35.00

21

30.88

18

29.51

Efficient

20

50.00

20

29.41

21

34.43

Number of
farmers
Mean
efficiency
score

40

68

0.957

61

0.916

0.911

Cost efficiency
\60 %

6

60–70 %
70–80 %

15.00

12

17.65

9

14.75

2

5.00

12

17.65

12

19.67

7

17.50

19

27.94

10

16.39

80–90 %

5

12.50

8

11.76

7

11.48

[90 %
Efficient

5
15

12.50
37.50

1
16

1.47
23.53

2
21

3.28
34.43

Number of
farmers

40

Mean
efficiency
score

0.841

68
0.767

61
0.798

the highest SE was observed in medium farms, followed
by large farms and small farms.
Environmental Efficiency
The EE scores for all farm categories were estimated. We
used all growers as a reference to calculate the EE
assuming a CRS, VRS, and NIRS. Using the CCR, only 9
DMUs were operating at an efficient level (i.e., only
5.32 % had an EE coefficient of 1.0, which implied that no
other cotton grower was more efficient in producing a
given level of income with the same environmental
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impact). Using the VRS, the number of efficient DMUs
increased to 50, which showed that 41 more farmers were
technically operating at an environmentally efficient level,
but they are producing inefficiently small output levels
with the given environmental impacts. This result is confirmed by comparing the EE coefficients using the CRS and
NIRS for the inefficient DMUs; all inefficient farmers
exhibited increasing returns to scale, which indicates that
they can reduce their inputs and ultimately their environmental impacts without compromising the given income
level or produce more seed cotton, which increases their
income level for the given input mix.
Table 6 shows the mean value of the overall EE score and
pressure-specific EE score for the sampled DMUs, which
were calculated using the DEA model that was described in
Eq. 5. The mean radial EE values suggest that the small,
medium, and large farms can equi-proportionally reduce their
environmental pressure by 9, 13, and 11 %, respectively.
However, after incorporating the impact-specific slack for
each environmental impact, the impact-specific EE was calculated, and further reduction of the environmental pressure
was possible without compromising the income level. For
small farms, the highest pressure-specific EE was observed in
the phosphorus balance, where the maximum attainable
reduction was 20 %, followed by the nitrogen balance, where
the maximum attainable reduction was 17 %. For medium
and large farms, these groups of farmers were responsible for
contributing a high pesticide impact to the environment and
creating a more toxic effect possibly because these farmers
were using high doses of pesticides or pesticides with high
lethality. The Mann–Whitney U-test was again applied to the
efficiency indices (i.e., the radial- and impact-specific EE) to
determine whether the efficiencies of different farm categories were significantly different. The radial EE and impactspecific EE of the pesticide risk were significantly different at
the 5 % confidence level between small and medium farms
and between small and large farms. The impact-specific EE of
water use, nitrogen balance, and phosphorus balance between
small and medium farms was also significantly different at the
5 % confidence level. The energy ratio between small and
medium farms and the nitrogen balance between small and
large farms were also significant at the 10 % confidence level.
In contrast, no significant difference was found between
medium and large farms.
Table 7 indicates the potential reduction in actual and
percentage form of the environmental impacts for each
farm category. To illustrate the sources of environmental
inefficiency in small farms, the potential saving was
862.34 m3 ha-1 for irrigation water, 34.91 kg ha-1 for
nitrogen fertilizers, and 7.24 kg ha-1 for P2O5, and the
energy-input-to-energy-output ratio reduced by 13.5 %.
Similarly, 22.77 % of the toxic effect of the pesticide use
can be saved if the farmers reduced the quantity of
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Table 6 Radial- and pressure-specific environmental efficiencies

Radial efficiency

Small farms

Medium
farms

Large farms

Mean

SD

Mean

SD

Mean

SD

0.931

0.108

0.874

0.106

0.896

0.108

Pressure-specific environmental efficiency
Water use
Energy ratio

0.907
0.865

0.136
0.166

0.850
0.804

0.121
0.189

0.880
0.804

0.119
0.172

Nitrogen balance

0.837

0.211

0.735

0.194

0.764

0.198

Phosphorus
balance

0.804

0.254

0.709

0.259

0.751

0.241

Pesticide risk

0.894

0.162

0.662

0.292

0.746

0.281

pesticides used to an optimal level or substituted them with
a less lethal product.
The environmental inefficiency can be explained using
the technical inefficiency as discussed by Picazo-Tadeo et al.
(2011) and (2012). The TE was measured to understand the
extent of environmental inefficiency that may be caused by
inefficient management of cotton-farming systems. The
Spearman’s rho correlation coefficients among the TECCR
and TEBCC, CE, AE, radial EE, and impact-specific EE were
analyzed. The Spearman’s rho correlation coefficient was
used to see the relationship among different efficiency
measures in the sustainability perspective. The Spearman’s
rho correlation usually suggested an abnormally distributed
efficiency score; to avoid such a misleading correlation,
Spearman’s rho was selected. The Spearman’s rho correlation coefficient (r) (see Appendix A) between TEBCC and EE
was 0.800. In addition, the Spearman’s rho (r) between
TEBCC and the pressure-specific EE were 0.698, 0.590,
0.661, 0.667, and 0.641 for the water use, energy ratio,
nitrogen balance, phosphorus balance, and pesticide risk,
Table 7 Target quantities and
potential reduction of the
environmental impacts

respectively, and were significant at a 0.01 confidence level.
From a technical perspective, the farmers did not efficiently
manage farm inputs, which enhanced the environmental
pressures and negatively affected the environment.
Improving the TE can help reduce costs and enhance the EE
in cotton farming. From the farmers’ social and behavioral
perspectives, there are two other important sets of considerations for environmental inefficiency as established by
Picazo-Tadeo et al. (2011) and Picazo-Tadeo et al.(2012).
First, the farmers generally consider the environmental
pressure an externality; second, the farmers do not always
consider the direct economic benefit or profit maximization
but often consider a complex set of objectives to enhance the
utility (e.g., risk minimization, production steadiness, and
drudgery avoidance; Ellis 1998).
Analyzing Determinants of Efficiencies
Table 8 shows the bootstrapped left-truncated regression
results of the TE, CE, and EE at variable return to scale of
the selected DMUs. The number of bootstrap replications
was set to be 2000 following Afonso and Auby (2006) and
Barros and Assaf (2009). The estimated coefficients of the
factors that affect different efficiencies of the DMUs are
provided in Table 8. In some cases, different selected
factors significantly affect the TE, CE, and EE of the
DMUs such as the farm size, raised-bed sowing, education
level and exposure to extension trainings. Farmers prefer to
grow cotton on the raised seedbed to avoid damages if
rainfall occurs in the early stages of crop growth and saves
irrigation water, which ultimately requires extra management activities. It was observed that the raised-bed sowing had a statistically significant effect on the TE and EE of
the DMUs, which suggests that the increased use of
mechanical and other management practices causes the

Water use
(m3/ha)

Energy
ratio

Nitrogen
(Kg/ha)

Phosphorus
(Kg/ha)

Pesticide risk
(Kg rat/ha)

Small farms
Observed quantity

9272.44

0.30

214.14

36.95

40615.10

Target quantity

8410.10

0.26

179.23

29.71

36309.90

Difference (%)

-9.30

-13.50

-16.30

-19.60

-10.60

Medium farms
Observed quantity

9311.06

0.30

234.12

27.45

64252.89

Target quantity

7914.40

0.24

172.08

19.46

42535.41

Difference (%)

-15.00

-19.60

-26.50

-29.10

-33.80

Observed quantity

8674.16

0.32

226.42

29.15

60717.95

Target quantity
Difference (%)

7633.26
-12.00

0.26
-19.60

172.98
-23.60

21.89
-24.90

45295.59
-25.40

Large farms
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Table 8 Truncated bootstrap regression estimates
Explanatory variables

Explained variable
Technical
efficiency

Cost
efficiency

Environmental
efficiency

Coeff.

Coeff.

Coeff.

Medium farms

-0.0290*

-0.0516*

-0.0443**

Large farms
Sowing method

-0.0222
-0.0267**

-0.0162
-0.0386**

-0.0070
-0.0255*

Access to land

0.0028

0.0192

-0.0011

-0.0480

*

High school

-0.0116

Beyond High School

-0.0263*

0.0453*

-0.0108
-0.0379**

Age

-0.0008

0.0004

0.0002

Exposure to extension
trainings

0.0326**

0.0322

0.0380**

Constant

0.9153***

0.8801***

0.8843***

***

***

0.0856***

Sigma
Wald chi2 (p value)
*
**
***

0.0807

***

30.51

0.1210
*

15.39

28.24***

= Significance level p B 0.10
= Significance level p B 0.05
= Significance level p B 0.01

environmental inefficiencies of the farms. Paradoxically,
higher education level is significantly related to technical,
cost, and environmental inefficiencies of the farms, which
deviates from the usual assumption that higher education
leads to higher efficiency. It is plausible that the higher
awareness and knowledge of the importance of agrochemicals of the educated farmers are a negative factor
because they tend to over-apply agrochemicals, which is
also enabled by their relatively better-off financial status.
In other words, they tend to extensify (use more inputs)
instead of intensifying production (be more efficient).
Finally, high exposure to extension services and trainings
significantly relates to high TE and EE.

Conclusions
Our study estimates and analyzes the technical, cost, and
environmental efficiencies of irrigated cotton-cropping
systems in Punjab, Pakistan. The farms were grouped into
small, medium, and large sizes as decision-making units
(DMUs), and the efficiencies of the sampled farms were
determined using data envelopment analysis (DEA).
Measuring the efficiencies of irrigated cotton-farming
systems allows us to determine the heterogeneity in efficiency and the level of reduction in the inputs and environmental impacts, while sustaining the economic return.
The analysis also identifies areas of intervention to improve
the efficiencies. Improvement in the technical efficiency
(TE) was found to help reduce the cost and improve the
environmental performance of the studied farming systems.

123

The results also indicate that there is a substantial
opportunity to properly manage the inputs to obtain a better
economic return with less environmental impact and lower
cost. In addition, the medium farms operate at the highest
scale efficiency level compared to the small and large farms,
which indicates that medium farms operate at a near-efficient
scale size. Here, the scale refers to the use of variable inputs
in cotton production instead of the optimal farm size. In
terms of environmental efficiency, the farms are also environmentally inefficient, and heterogeneity in environmental
efficiency was found between small and medium farms and
between small and large farms. Besides the radial environmental efficiency, the pesticide risk efficiency was also
significantly different between small and medium farms and
between small and large farms. Additionally, nitrogen use,
phosphorus use, and water use are statistically significantly
different between small- and medium-sized farms. In terms
of pesticide toxic effect, the small farms tended to use less
lethal products than the medium and large farms. The results
of the second-stage bootstrapped truncated regression analysis allow us to identify certain socio-economic causes on
empirical bases. Paradoxically, the formal education level of
the farmers negatively significantly affects the technical-,
cost-, and environmental efficiency levels. However, the
efficiency levels can be increased by providing extension and
training.
The findings of our study can help to formulate some
policy interventions to improve the economic and environmental performances of cotton farms. Extensive training regarding the amount, timing, and application methods
of agro-chemicals can help increasing the cost efficiency
and environmental efficiency. The environmental efficiency can also be improved through learning programs
such as demonstrations and capacity building of farmers.
Labor-intensive farming systems may increase the cost and
environmental efficiencies and can be a source of
employment of rural people. The second-stage efficiency
analysis can be extended by introducing the type of soil,
yield gap, and pest pressure/incidences. Finally, a similar
approach to the environmental efficiency can be refined
using the life cycle assessment approach with a more
detailed inventory of all environmental impacts.
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See Table 9.
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Table 9 Correlation matrix of efficiency (2-tailed Spearman’s rho correlation coefficients)
a

TECCR

a

TECCR

b

TEBCC

c

CE

d

AE

e

SE

f

EEBCC

g

EEwater

h

EEEnergy

i

EENitrogen

TEBCC

.356**

c

CE

.421**

.684**

AE

.370**

.430**

.935**

SE

.971**

.170*

.312**

.324**

f

EEBCC

.308**

.800**

.657**

.486**

.156*

g

.250**

.698**

.537**

.379**

.106

.902**

h

EEnergy

.436**

.590**

.550**

.450**

.330**

.818**

.726**

i

ENitrogen

.214**

.661**

.562**

.428**

.083

.855**

.844**

.763**

.352**

.667**

.603**

.484**

.232**

.838**

.747**

.812**

.784**

.294**

.641**

.549**

.435**

.174*

.815**

.738**

.696**

.750**

EEPhosphorus
EEPesticides

EEPesticides

1

e

k

k

1

d

j

EEPhosphorus

1

b

EEWater

j

1
1
1
1
1
1
1
.766**

1

** = Correlation is significant at 0.01 (2-tailed)
* = Correlation is significant at 0.05 (2-tailed)
a

Total technical efficiency

b

Pure technical efficiency

c

Cost efficiency

d

Allocative efficiency

e

Scale efficiency

f

Environmental efficiency with a variable return to scale

g

Water use, pressure-specific environmental efficiency

h

Energy ratio, pressure-specific environmental efficiency

i

Nitrogen balance, pressure-specific environmental efficiency

j

Phosphorus balance, pressure-specific environmental efficiency
Pesticide-risk, pressure-specific environmental efficiency

k
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