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Abstract
This article describes the construction of the Luenberger soil quality indica-
tor (SQI) using data on crop yield, non-soil inputs, and soil profile from three
irrigated agroecological zones of Punjab, Pakistan, namely, rice–wheat, maize–
wheat–mix, and cotton–mix zones. Plot level data are used to construct a soil
quality indicator by estimating directional distance functions within a data
envelopment analysis (DEA) framework. We find that the SQI and crop yield
relationships exhibit diminishing returns to improving soil quality levels. Using
the constructed SQI values, we estimate linear regression models to generate
weights that could be used directly to aggregate individual soil attributes into
soil quality indicators without the necessity of fitting a frontier to the crop pro-
duction data. For wheat and rice production, we find that SQI is most sensitive
to changes in soil electrical conductivity (EC) and potassium (K). The SQI has
direct relevance for site-specific decision-making problems where policymakers
need to price land resources and conservation services to achieve agricultural
and environmental goals.
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1 INTRODUCTION

Land degradation is threatening food security in devel-
oping countries where approximately 1.26 billion people
practice agriculture inways thatmaynot always be sustain-
able (Barbier & Hochard, 2016; Lal, 2004; Stevens, 2018),
with adverse consequences for the environment (Nkonya
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et al., 2011; Stevens, 2018) and the wellbeing of farmers
(Gerber et al., 2014). Sustainable agricultural practices are
imperative for maintaining or improving soil quality and
ensuring food security (Andrews et al., 2002; Lal, 2004;
Stevens, 2018).Monitoring sustainable production requires
reliable and accurate data to understand the effects of dif-
ferent agronomic practices on soil quality. Unfortunately,
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adequate and reliable soil quality information is rarely
available in suitable form to allow for the evaluation of
the performance of agroecosystems and agricultural prac-
tices (Arshad & Martin, 2002). This is mainly because soil
quality is a multidimensional concept reflecting an array
of physical, chemical, and biological soil attributes (de
Paul Obade & Lal, 2016) that cannot be directly measured
(Stocking, 2003). Thus, it is beneficial to be able to use
sound methods that aggregate various soil attributes into
a single summary measure, such as a soil quality index
(Arshad & Martin, 2002). The construction of such an
index has been the subject of research both in soil science
and production economics (Andrew et al., 2004; de Paul
Obade & Lal, 2016; Pieralli, 2017).
A three-step procedure has been adopted in the soil sci-

ence literature to construct soil quality indices (Andrews
et al., 2004). The first step involves selecting an appro-
priate minimum data set (MDS) (Doran & Parkin, 1994;
Karlen et al., 1997) incorporating physical, chemical, and
biological soil attributes. The MDS can be identified based
on expert opinion (Andrews et al., 2004, 2002; Doran &
Parkin, 1994; Karlen et al., 2003; Vasu et al., 2016) or by
reducing the number of soil attributes using multivariate
parametric and non-parametric statistical methods (e.g.,
principal component analysis, redundancy analysis, and
discriminant analysis) (Andrews & Carroll, 2001; Askari
et al., 2015; de Paul Obade & Lal, 2016; Mandal et al., 2008;
Paul et al., 2020; Rezaei et al., 2006; Shukla et al., 2006;
Vasu et al., 2016; Yu-Dong et al., 2013; Zhou et al., 2020).
The second step involves translating the MDS into stan-
dardized scores (ranging between 0 and 1) using linear
transformation methods (Askari & Holden, 2014; Masto
et al., 2008; Nabiollahi et al., 2018; Raiesi & Kabiri, 2016;
Sharma et al., 2005; Yu et al., 2018; Zhou et al., 2020) or
non-linear transformation methods (Andrews et al., 2004,
2002; Askari & Holden, 2014; Karlen et al., 2006; Masto
et al., 2008; Nabiollahi et al., 2018; Raiesi &Kabiri, 2016; Yu
et al., 2018; Zhou et al., 2020). The final step integrates the
dimensionless scores into an index using different aggrega-
tion techniques, including additive (Andrews et al., 2002;
Askari &Holden, 2014, 2015;Mandal et al., 2011; Nabiollahi
et al., 2018; Yu et al., 2018), weighted additive (Andrews
et al., 2002; Askari & Holden, 2014, 2015; Nabiollahi et al.,
2018; Yu et al., 2018), and max-min objective function-
based techniques derived fromqualitymeasures (Yakowitz
et al., 1993).
However, the transformation and integration methods

used in the soil science literature involve ad hoc steps
(Hailu & Chambers, 2012) due to the lack of well-defined
benchmarks for evaluating soil quality (de Paul Obade &
Lal, 2014), and consequently lead to uncertainties in soil
quality information. No universal soil quality index con-
struction procedure has been developed (Andrews et al.,

2004; de Paul Obade & Lal, 2013). In addition, it can be
argued that these ad hoc steps do not capture the effect
of soil quality on crop yield appropriately (Hailu & Cham-
bers, 2012) because the scoring employed is not directly
related to the observed capacity of the soil to produce
outputs. In response to these shortcomings, production
economists have pursued approaches that integrate soil
attributes in a production function framework to compute
soil quality indicators (Hailu & Chambers, 2012).
A production function models the transformation of

inputs into outputs, where inputs could be both interme-
diate and final. Numerous studies have assessed the role
of soil quality in agricultural productivity by incorporat-
ing qualitative (i.e., farmland slope, soil colour, soil type,
and soil depth) (Abdulai & Binder, 2006; Bellon & Taylor,
1993; Chang & Wen, 2011; Di Falco & Chavas, 2009; Fuwa
et al., 2007; Sherlund et al., 2002) and quantitative (i.e., soil
carbon) (Barrett et al., 2010; Marenya & Barrett, 2009) soil
attributes in a production function framework. However,
only a few studies have attempted to construct soil qual-
ity indexes using production frontier methods. Jaenicke
and Lengnick (1999) derived a soil quality measure as a
Malmquist index with a multiplicatively separable1 struc-
ture for soil and non-soil inputs. Their soil quality index
was constructed as the ratio of two radial output dis-
tance function values (with and without soil attributes)
approximated using experimental data. Likewise, Pieralli
(2017) employed a radial output distance function using
cross-sectional field-level data from Kenya to aggregate
quantitative soil characteristics into a soil quality measure.
Instead of a radial distance function approach, Hailu

and Chambers (2012) used an input directional distance
function approach to construct a Luenberger soil quality
indicator (SQI) using experimental data. A key advantage
of the Hailu and Chambers (2012) approach over Jaenicke
and Lengnick (1999) and Pieralli (2017) is the use of a
uniform metric or yardstick in a pre-assigned direction to
measure the efficiency of a bundle of soil quality attributes.
A key limitation of radial distance function is that each
decision-making unit (DMU) is evaluated along a direc-
tion vector dictated by the mix of inputs and outputs for
that DMU leading to inefficiency measures that cannot be
compared acrosss DMUs in abosolute terms. This causes
variation in evaluation results and inconsistency in rank-
ings (Sun et al., 2013). Another limitation is that a set of
weights that is favorable to one DMU may not necessarily
be favourable to other DMUs. This may cause one DMU
to dominate others, a situation that may be unacceptable
(Amin & Toloo, 2007). The advantage of the directional

1 The radial output distance function (ODF) separates soil attributes and
non-soil inputs and outputs; the underlyingODF can be decomposed into
two components: soil quality aggregator and ODF without soil quality.
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distance function approach is that the decision maker has
the flexibility of specifying in what direction the DMUs
will be evaluated. Within this framework, the Luenberger
directional distance function evaluates the performance of
a DMU by measuring its distance to the boundary of the
benchmark production technology along a predetermined
direction of measurement (Afsharian & Ahn, 2014).
The disposability assumptions incorporated into the

construction of the production frontier are also important.
Hailu and Chambers (2012) did not impose a “weakly dis-
posal” (Färe et al., 1993) formulation in the construction of
the DEA frontier. Under a weakly disposable formulation,
the observation being evaluated is compared against a the-
oretical frontier that has the same soil quality attributes.
Such a formulation can reduce the reference set and inflate
estimated efficiency scores (Hailu, 2003). In extreme cases,
the reference set may consist of only the observation being
evaluated. In the context of soil quality measurement, the
value of a better soil attribute vector or bundle does not
necessarily translate into a higher value for the constructed
soil quality indicator. By contrast, Hailu and Chamber’s
approach leads to soil quality indicator that are monotoni-
cally increasingwith soil quality attributes, a feature that is
not guaranteed with the radial distance function approach
(Hailu & Chambers, 2012).2
This study follows the approach by Hailu and Cham-

bers (2012) to construct Luenberger soil quality indicators.3
It makes two contributions to the literature on the eco-
nomics of soil quality. First, the study uses plot level
non-experimental data on soil attributes across three irri-
gated agroecological zones that vary in terms of regional
characteristics, climate, and cropping patterns. This cap-
tures soil quality heterogeneity across farms, using a more
realistic empirical modelling with data from a real pro-
duction environment that farmers face rather than data
generated in experiment stations.Most earlier studies used
farm-level data without considering the spatial diversity
that exists, yet land managers tactically divide farmland
into multiple plots to take advantage of differences in soil
quality. Second, the study constructs soil quality indicators
using the production frontier approach that combines out-
put and input data, including amore comprehensive list of
soil attributes compared to prior studies. This provides bet-
ter insights into the main drivers of soil quality necessary
to sustain agricultural production and allows identifica-

2 See also Ray and Mukherjee (1996) comments on radial distance
function based quality indexes.
3 Both indicator and index refer to a summary measure. Indicator is the
term used when the summary measure is defined in terms of differences
in directional distanceswhile the index is the termusedwhen it is defined
in terms of the ratios of radial distances. In other words, an indicator is
an absolute measure that can be aggregated while an index is a relative
measure that cannot.

tion of soil attributes that contribute the most to overall
soil quality across three agroecological zones in the Punjab,
Pakistan.
The rest of the article is organized as follows. Sec-

tion 2 outlines the methodological framework used in
the analysis and describes the study context and survey
data. Section 3 presents the empirical results. Section 4
summarizes and concludes the article.

2 MATERIAL ANDMETHODS

2.1 Theoretical framework for soil
quality indicators

For a general agricultural production process using a vec-
tor of L non-soil production inputs 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝐿) ∈
𝑅𝐿

+ and a vector of K soil attributes 𝑠 = (𝑠1, 𝑠2, … , 𝑠𝐾) ∈ 𝑅𝐾
+

to produce a vector of M outputs 𝑦 = (𝑦1, 𝑦2, … , 𝑦𝑀) ∈
𝑅𝑀

+ , the production possibility set defines all feasible input
and output combinations:

𝑇 = {
(
𝑠 ∈ 𝑅𝐾

+, 𝑥 ∈ 𝑅𝐿
+, 𝑦 ∈ 𝑅𝑀

+

) | (𝑠, 𝑥) can produce 𝑦}
(1)

In our case, inputs include soil attributes, quantity of
nitrogen applied, labor hours, machinery, seed, and other
costs, while the output is the quantity of wheat or rice.
For soil quality measurement exercises, we represent the
production technology 𝑇 using a directional distance func-
tion (henceforth ⃖⃗𝐷) �⃗� ∶ 𝑅𝐾

+ × 𝑅𝐿
+ × 𝑅𝑀 → 𝑅 defined as

(Chambers et al., 1996):

�⃗�
(
𝑠, 𝑥, 𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦

)
= sup

𝛽
{𝛽 ∶ (𝑠 − 𝛽𝑔𝑠, 𝑥 − 𝛽𝑔𝑥, 𝑦 + 𝛽𝑔𝑦)

∈ 𝑇, 𝛽 ∈ 𝑅+} (2)

where, 𝑔𝑠 ∈ 𝑅𝐾 , 𝑔𝑥 ∈ 𝑅𝐿, 𝑔𝑦 ∈ 𝑅𝑀 represent direction
vectors (or translation metrics) along which (𝑠, 𝑥) are
contracted, and outputs (𝑦) are expanded towards the
technology frontier. 𝛽 is the variable that represents the
distance function value. The distance function (�⃗�) inherits
its properties from the underlying production technology
𝑇 (Chambers et al., 1996), including:
(i) For all technologically feasible input–output combi-

nations (𝑠, 𝑥, 𝑦), �⃗� will always be non-negative. Therefore,
the production technology can be characterized as:

�⃗�
(
𝑠, 𝑥, 𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦

)
≥ 0 ⇔ (𝑠, 𝑥, 𝑦) ∈ 𝑇 (3)

(ii) �⃗� is concave in the input–output vector (𝑠, 𝑥, 𝑦).
(iii) Monotonicity implies that �⃗� is non-decreasing in

inputs (𝑠, 𝑥) and non-increasing in output (𝑦).
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(iv) The translation property indicates that adding a
scalar multiple of the direction vectors (𝑔𝑠, 𝑔𝑥, 𝑔𝑦) to
the input–output vectors either reduces or increases the
distance function value by the size of that scalar:

�⃗�
(
𝑠 − 𝛼𝑔𝑠, 𝑥 − 𝛼𝑔𝑥, 𝑦 + 𝛼𝑔𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦

)

= �⃗�
(
𝑠, 𝑥, 𝑦; 𝑔𝑠, 𝑔𝑥, 𝑔𝑦

)
− 𝛼 (4)

Since this study aims to construct a soil quality indi-
cator based on soil attributes, the directional vectors for
inputs (𝑔𝑥) and outputs (𝑔𝑦) are suppressed or set to
zero �⃗�(𝑠, 𝑥, 𝑦; 𝑔𝑠, 0, 0), allowing us to translate only soil
attributes (𝑠) in the direction of (𝑔𝑠) towards the best-
practice frontier to define an input directional distance
function (Hailu & Chambers, 2012) as follows:

⃖⃗𝐷𝑠 (𝑠, 𝑥, 𝑦; 𝑔𝑠) = sup
𝜃

{𝜃 ∶ (𝑠 − 𝜃.𝑔𝑠 , 𝑥, 𝑦) ∈ 𝑇, 𝜃 ∈ 𝑅+}

(5)
The translation seeks to find combinations of translated

soil attributes (𝑠) that are just sufficient to produce a fixed
level of output (𝑦) from a given vector of non-soil inputs
(𝑥). Therefore, the directional distance function measures
how far the soil vector (𝑠) is from the best-practice produc-
tion frontier (or isoquant) using the direction vector (𝑔𝑠) as
a yardstick or numeraire (Hailu & Chambers, 2012). Sup-
pose we have two vectors of soil attributes, that is, 𝑠′ and
𝑠. It is assumed that the vector of soil attributes 𝑠′ is what
is observed on a given plot while 𝑠 could be any reference
vector of soil attributes. The reference vector is the bench-
mark and could simply be the sample average value of soil
attributes, or a set of values that are recommended as ideal
by researchers, if such a set exists. A Luenberger soil qual-
ity indicator (SQIL) for 𝑠′ is defined as the difference in
distances from the production frontier of the soil quality
vector 𝑠′ and the benchmark soil quality vector 𝑠, given
other non-soil inputs 𝑥′ and output 𝑦′ (Hailu & Chambers,
2012):

𝑆𝑄𝐼𝐿 (𝑠′, 𝑠, 𝑥′, 𝑦′; 𝑔𝑠) = ⃗⃖𝐷𝑠 (𝑠′, 𝑥′, 𝑦′; 𝑔𝑠) − ⃗⃖𝐷𝑠 (𝑠, 𝑥′, 𝑦′; 𝑔𝑠)
(6)

If the soil vectors 𝑠′ and 𝑠 have the same distance from
the production frontier in the direction of translation met-
ric 𝑔𝑠, then the soil quality difference is zero. If, then 𝑠′ has
higher quality attributes than 𝑠 and is thus richer; the soil
quality indicatorwill be positive in this case, and vice versa.
However, the distance function values and quality indica-
tor will generally depend on the values of non-soil inputs
(𝑥) and outputs used to define the reference frontier. Thus,
it is natural to generate a second quality measure using a
different set of non-soil input (𝑥) and output (𝑦) vectors
to define the best-practice frontier. One natural choice for
such an alternativemeasurement is to use the sample aver-

age values for non-soil inputs and output, that is, �̄� and �̄�.
The second soil quality indicator would then be:

𝑆𝑄𝐼𝐿
(
𝑠′, 𝑠, �̄�, �̄�; 𝑔𝑠

)
= ⃖⃗𝐷𝑠

(
𝑠′, �̄�, �̄�; 𝑔𝑠

)
− ⃖⃗𝐷𝑠 (𝑠, �̄�, �̄�; 𝑔𝑠)

(7)
Finally, followingChambers (2002), the twoquality indi-

cators (Equations (6) and (7)) can be averaged to define the
Luenberger soil quality indicator (𝑆𝑄𝐼):4

𝑆𝑄𝐼
(
𝑠′, 𝑠, 𝑥′, �̄�, 𝑦′, �̄�; 𝑔𝑠

)

=
1
2

{
𝑆𝑄𝐼𝐿

(
𝑠′, 𝑠, 𝑥′, 𝑦′; 𝑔𝑠

)
+ 𝑆𝑄𝐼𝐿

(
𝑠′, 𝑠, �̄�, �̄�; 𝑔𝑠

)}

(8)

The construction of this quality indicator accounts for
the underlying relationship between soil attributes, non-
soil inputs, and outputs as it is defined using a production
frontier. Soil quality is related to the productive capacity of
soil, as implied by the underlying production technology. A
positive (negative) value of 𝑆𝑄𝐼 indicates that the soil qual-
ity vector 𝑠′ is more (less) productive than the benchmark
vector 𝑠. A 𝑆𝑄𝐼 of zero implies no difference between the
soil quality vectors (𝑠′, 𝑠).

2.2 Estimation of directional distance
functions

The technology frontier against which the directional
distance function values in Equations (6) and (7) are
measured can be defined using non-parametric methods
such as data envelopment analysis (DEA) (Charnes et al.,
1978) or parametric methods including stochastic fron-
tier analysis (SFA) (Aigner et al., 1977) and deterministic
frontiers (Aigner & Chu, 1968) estimated using mathe-
matical programming (MP) as in Färe et al. (1993) and
Hailu and Veeman (2000). The DEA approach was cho-
sen for this study because it does not require ex-ante
assumptions about the functional relationship between
soil, non-soil inputs and crop output, and because it is
easier to implement.
Given a set of 𝑁 plot-level observations on soil

attributes, non-soil inputs, and outputs, we can use DEA
to define the first distance function value in Equation (6),

4 This averaging of the two indicators is similar to the procedure where
the Malmquist productivity index is defined as the geometric mean of
two alternative productivity indexes defined at two different data points.
Luenberger indicators are defined using directional distance functions
based on translation and, thus, are absolutemeasures. Therefore, they are
averaged using arithmetic means. Malmquist indexes are defined using
radial distance functions based on radial or proportional change and are
thus relative measures that are averaged using geometric means.
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⃖⃗𝐷𝑠(𝑠
′, 𝑥′, 𝑦′; 𝑔𝑠), as follows:

⃖⃗𝐷𝑠

(
𝑠′
𝑛, 𝑥′

𝑛, 𝑦′
𝑛; 𝑔𝑠

)
= 𝑚𝑎𝑥 𝛽

Subject to:

𝑁∑
𝑛 = 1

𝜆𝑛𝑦′
𝑛𝑚 ≥ 𝑦′

𝑛𝑚, 𝑚 = 1, 2, … , 𝑀

𝑁∑
𝑛 = 1

𝜆𝑛𝑥′
𝑛𝑙
≤ 𝑥′

𝑛𝑙
, 𝑙 = 1, 2, … , 𝐿

𝑁∑
𝑛 = 1

𝜆𝑛𝑠′
𝑛𝑘

≤ 𝑠′
𝑛𝑘

− 𝛽𝑔𝑠′
𝑛𝑘

, 𝑘 = 1, 2, … , 𝐾

𝑁∑
𝑛 = 1

𝜆𝑛 = 1, 𝑛 = 1, 2, … , 𝑁

The second distance function value, for the benchmark
soil vector, ⃖⃗𝐷𝑠(𝑠, 𝑥′, 𝑦′; 𝑔𝑠), is defined similarly:

⃖⃗𝐷𝑠

(
𝑠𝑛, 𝑥′

𝑛, 𝑦′
𝑛; 𝑔𝑠

)
= 𝑚𝑎𝑥 𝛽

Subject to:

𝑁∑
𝑛 = 1

𝜆𝑛𝑦𝑛𝑚 ≥ 𝑦′
𝑛𝑚, 𝑚 = 1, 2, … , 𝑀

𝑁∑
𝑛 = 1

𝜆𝑛𝑥𝑛𝑙 ≤ 𝑥′
𝑛𝑙

, 𝑙 = 1, 2, … , 𝐿

𝑁∑
𝑛 = 1

𝜆𝑛𝑠𝑛𝑘 ≤ 𝑠𝑛𝑘 − 𝛽𝑔𝑠𝑛𝑘
, 𝑘 = 1, 2, … , 𝐾

𝑁∑
𝑛 = 1

𝜆𝑛 = 1, 𝑛 = 1, 2, … , 𝑁

The above two distance function valuesmeasure how far
(or howproductive) the soil vectors are relative to a produc-
tion frontier for observed non-soil input (𝑥′) and output
(𝑦′) values. The calculation of the second set of distance
function values that compare the soil vectors against the
frontier for (�̄�, �̄�) are shown below.

⃖⃗𝐷𝑠

(
𝑠′
𝑛, �̄�𝑛, �̄�𝑛; 𝑔𝑠

)
= 𝑚𝑎𝑥 𝛽

Subject to:

𝑁∑
𝑛 = 1

𝜆𝑛𝑦𝑛𝑚 ≥ �̄�𝑛𝑚, 𝑚 = 1, 2, … , 𝑀

𝑁∑
𝑛 = 1

𝜆𝑛𝑥𝑛𝑙 ≤ �̄�𝑛𝑙, 𝑙 = 1, 2, … , 𝐿

𝑁∑
𝑛 = 1

𝜆𝑛𝑠𝑛𝑘 ≤ 𝑠′
𝑛𝑘

− 𝛽𝑔𝑠′
𝑛𝑘

, 𝑘 = 1, 2, … , 𝐾

𝑁∑
𝑛 = 1

𝜆𝑛 = 1, 𝑛 = 1, 2, … , 𝑁

⃖⃗𝐷𝑠 (𝑠𝑛, �̄�𝑛, �̄�𝑛; 𝑔𝑠) = 𝑚𝑎𝑥 𝛽

Subject to

𝑁∑
𝑛 = 1

𝜆𝑛𝑦𝑛𝑚 ≥ �̄�𝑛𝑚, 𝑚 = 1, 2, … , 𝑀

𝑁∑
𝑛 = 1

𝜆𝑛𝑥𝑛𝑙 ≤ �̄�𝑛𝑙, 𝑙 = 1, 2, … , 𝐿

𝑁∑
𝑛 = 1

𝜆𝑛𝑠𝑛𝑘 ≤ 𝑠𝑛𝑘 − 𝛽𝑔𝑠𝑛𝑘
, 𝑘 = 1, 2, … , 𝐾

𝑁∑
𝑛 = 1

𝜆𝑛 = 1, 𝑛 = 1, 2, … , 𝑁

Given that we do not have externally defined or sug-
gested reference values for soil input values, non-soil
inputs, and output, we chose the sample mean values for
the reference vectors used above. The direction vector is
also defined as the sample mean vector of soil attributes,
as is commonly done in the literature using directional
distance functions (Hailu & Chambers, 2012). Before esti-
mation, the five non-soil input variables, six soil attributes,
and two output variables were normalized by their sam-
ple mean values for numerical efficiency. TableA1 shows
data are normalised by samplemean values. Therefore, our
direction vector becomes a unit vector. The use of the unit
vector for direction is equivalent to the use of the average
sample direction for the translation (Khataza et al., 2017).
This approach is convenient because it allows us to inter-
pret distances to the frontier in terms of themean bundle of
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536 SHEIKH et al.

TABLE 1 Summary statistics of input, output, and soil
variables across rice (Kharif crop) and wheat (Rabi crop) crops.

Wheat crop Mean SD CV (%)
Wheat yield (kg/acre) 1161.96 337.21 29
Non-soil inputs
Seed rate (kg/acre) 51.85 4.06 8
Nitrogen applied (kg/acre) 56.28 19.75 35
Other variable costs (PKR/acre) 3804.79 1905.24 50
Machinery cost (PKR/acre) 8619.50 2090.88 24
Total labor (h/acre) 52.52 29.12 55
Soil attributes
Electrical conductivity (dS/m) 5.86 3.74 64
pH 8.80 .25 3
Ammonium 6.78 2.03 30
Phosphate (ppm) 25.19 13.80 55
Potassium (ppm) 169.88 68.25 40
Organic matter (%) 1.45 .33 23
Rice crop
Rice yield (kg/acre) 1342.72 241.59 18
Non-soil inputs
Seed rate (kg/acre) 5.66 2.34 41
Nitrogen applied (kg/acre) 60.64 20.60 34
Other variable costs (PKR/acre) 6733.37 3690.72 55
Machinery cost (PKR/acre) 20,030.63 7657.87 38
Total labor (h/acre) 139.60 35.57 25
Soil attributes
Electrical conductivity (dS/m) 4.48 3.72 83
pH 7.74 .25 3
Ammonium 6.13 2.03 33
Phosphate (ppm) 21.63 11.91 55
Potassium (ppm) 163.54 66.58 41
Organic matter (%) .59 .34 58

soil quality attributes. The normalisation of variable values
by their respective sample mean values is done for ease of
interpretation. Otherwise, it has no substantive effect on
the nature of the results derived besides scaling. All dis-
tance value calculations were done in R using the APEAR
package (Hailu, 2013).

2.3 Study area, data collection, and
descriptive statistics

We used farm plot-level data from a household survey
conducted between April and June 2019 in the Punjab
province of Pakistan. Punjab has over half (about 57%)
of the cultivated area in Pakistan and accounts for about
73% of the bulk cereal production in the country (Govern-
ment of Pakistan, 2018). The survey used a multi-stage,

stratified sampling procedure to select farm households.
First, three agroecological zones were selected, represent-
ing the irrigated areas of Punjab: (i) rice–wheat zone;
(ii) maize–wheat–mix zone; (iii) cotton–mix zone (Ahmad
et al., 2019; Sheikh et al., 2022a). Second, within the three
agroecological zones, we randomly selected one repre-
sentative district: Hafizabad, Jhang, and Bahawalnagar,
respectively. Third, in consultation with the Deputy Direc-
tor of the Agriculture Extension Department, two tehsils5
were specifically chosen within each selected district: one
with a relatively high salt-affected area and the other with
relatively normal soil properties. Fourth, in each tehsil, two
Union Councils6 (UCs) were selected. Fifth, in each UC,
twomouzas7 were selected, with one village randomly cho-
sen from each mouza. Twenty-one farm households were
randomly selected from each village as sample households.
The final sample of 504 farm households were interviewed
during the survey. Figure 1 shows the location of the three
study districts.
Surveyed farm households either managed or cultivated

agricultural plots during 2018−19 for two cropping seasons:
Kharif (summer season) 2018 and Rabi (winter season)
2018−19. The summary statistics are reported in Table 1.
Inputs used in both rice and wheat production are total
labor (h/acre), seed (kg/acre), nitrogen fertilizer (kg/acre),
machinery costs (PKR/acre) that include irrigation cost,
and other variable input costs (PKR/acre) such as pesti-
cides/weedicides, farmyard manure, and other chemical
fertilizers.
The unique feature of these data is that soil sampleswere

collected from landmanagers’ eligible plots using a zigzag-
sampling pattern (SFRI, 2021), with a minimum of 10–30
soil core samples taken to a depth of 30 cm from randomly
selected locations. The core samples were mixed to create
a composite soil sample for each plot. The samples were
then sent to the University of Agriculture, Faisalabad, and
analyzed following the procedurementioned in SFRI, 2021.
Six soil attributes, including soil pH, electrical conductivity
(EC), soil organic matter (SOM), phosphorus (P), potas-
sium (K), and ammonium (NH4), were carefully chosen
after consultation with professors and soil scientists at the
Soil Salinity Research Institute. Each of these attributes is
treated as input in an agricultural production process.
Soil EC is an index of salt concentration and an indicator

of soil salinity—a common problem in irrigated agricul-
tural land in arid zones (Corwin & Lesch, 2005). Generally,
the higher the EC, the higher the soil salinity. The optimal
EC of soil is crop-specific and depends on the environmen-
tal conditions. An increase in EC can result from water

5 Tehsil is an administrative unit of a district.
6 Union council is an administrative unit of a district.
7Mouza is an administrative unit of a district, which usually comprises
5–8 villages.
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SHEIKH et al. 537

TABLE 2 Summary statistics of soil quality indicators for wheat production by agroecological zone.

Agroecological zone Min. First quartile Median Mean Third quartile Max. Skewness Kurtosis
Rice–wheat −.271 −.081 −.041 −.022 .012 .341 1.149 5.229
Maize–wheat–mix −.308 −.102 −.041 −.023 .032 .445 .859 4.369
Cotton–mix −.280 −.064 −.053 −.018 .006 .448 1.412 6.942

TABLE 3 Summary statistics of soil quality indicators for rice crop.

Agroecological zone Min. First quartile Median Mean Third quartile Max. Skewness Kurtosis
Rice–wheat −.178 −.034 −.019 −.001 .006 .438 2.585 12.319
Maize–wheat–mix −.186 −.024 −.005 .033 .096 .538 1.397 5.512
Cotton–mix −.127 −.066 .016 .052 .102 .421 .974 2.770

TABLE 4 Soil quality indicator for wheat production and its relationship with actual soil attributes: OLS regression results.

Rice–wheat zone
Maize–wheat–mix
zone Cotton–mix zone

Soil electrical conductivity (EC) .027***
(.008)

.038***
(.008)

.034***
(.005)

Soil pH .029*** .021** .015**
(.006) (.008) (.006)

Ammonium (NH4) .013* .037*** .027***
(.007) (.011) (.009)

Phosphorous (P) .026*** .011 .009
(.008) (.010) (.008)

Potassium (K) .018*** .032*** .028***
(.006) (.010) (.009)

Soil organic matter (SOM) .027*** .016* .017***
(.008) (.009) (.007)

Constant −.022*** −.023*** −.018***
(.006) (.007) (.006)

Observations 227 192 195
R2 .417 .467 .448
F statistic 28.35***

(df = 6, 220)
48.48***
(df = 6, 185)

25.02***
(df = 6, 188)

Robust standard errors in parenthesis *p < .1; **p < .05; ***p < .01.

losses through evapotranspiration or a lack of drainage.
Using brackish groundwater for irrigation intensifies the
problem (Corwin & Lesch, 2005; Ghafoor et al., 2012; Jesus
et al., 2015; Kijne, 1996; Qadir & Oster, 2004; Qadir et al.,
2014). Soil salinity (EC> 4 dS m−1) negatively affects plant
growth (Ashraf, 2009; Katerji et al., 2009; Qadir et al.,
2000; Semiz et al., 2014). On average, the soils had EC
values above 4 for wheat and rice crops in the sampled
agroecological zones. For the analysis, no distinction is
made between EC values over the harmless range of 0–4,
that is, all are scored as 1. EC values above four are con-
verted into scores ranging from 0 to 1. It is calculated by
dividing four by the EC value, where values close to 0 indi-

cate higher EC values (less suitable for production), and
those close to 1 indicate lower EC values (more suitable
for production). Like all other variables, the new EC vari-
able is normalised by the sample mean value before the
estimation for numerical convenience.
Soil pH affects soil nutrient solubility, plant nutrient

availability, and organic matter decomposition influenc-
ing soil microorganism activities. Nutrient availability for
plant uptake varies depending on soil pH. The soil pH
can influencemany plant characteristics, including height,
biomass, and pollen production (Jiang et al., 2016). In gen-
eral, nitrogen and potassiumare readily available at soil pH
6.5−8, whereas phosphorus becomes more available at soil
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538 SHEIKH et al.

TABLE 5 Soil quality indicator for rice production and its relationship with actual soil attributes: OLS regression results.

Rice–wheat zone Maize–wheat–mix zone Cotton–mix zone
Soil electrical conductivity (EC) .015**

(.006)
.045***
(.012)

.051*
(.024)

Soil pH .013* .023* −.016
(.006) (.012) (.018)

Ammonium (NH4) .008 .015 .026
(.007) (.020) (.019)

Phosphorous (P) .012 .036** .067**
(.008) (.017) (.028)

Potassium (K) .014* .001 .080***
(.007) (.015) (.027)

Soil organic matter (SOM) .010* .006 .043
(.005) (.013) (.030)

Constant −.001*** .033** .051**
(.006) (.011) (.022)

Observations 203 100 23
R2 .173 .321 .695
F statistic 9.25***

(df = 6, 196)
11.01***
(df = 6, 93)

36.25***
(df = 6, 16)

Robust standard errors in parenthesis *p < .1; **p < .05; ***p < .01.

F IGURE 1 Map of the study areas showing the three irrigated districts.
Source: Authors.
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SHEIKH et al. 539

TABLE 6 Soil quality indicator for pooled data series (rice and
wheat production) and its relationship to actual soil attributes: OLS
regression results.

Soil attributes Wheat Rice
Soil electrical conductivity (EC) .033*** .023***

(.003) (.008)
Soil pH .026*** .012**

(.003) (.006)
Ammonium (NH4) .017*** .002

(.004) (.007)
Phosphorous (P) .017*** .007

(.005) (.009)
Potassium (K) .023*** .021**

(.005) (.008)
Soil organic matter (SOM) .022*** .027***

(.005) (.010)
Rice–wheat zone .016* .010

(.007) (.013)
Cotton–mix zone .013 .128***

(.009) (.047)
Constant −.049*** −.007

(.005) (.010)
Number of plots 614 326
R2 .457 .202
F-statistics 84.03*** 16.88***

(df = 8,605) (df = 8,317)

Robust standard errors in parenthesis *p < .1; **p < .05; ***p < .01.

pH 5.5−7.5. In addition,microorganism activity affected by
soil pH can inhibit the conversion of ammonium (NH4)
to nitrate (NO3), decreasing the nitrogen supply to plants.
The average soil pH in our sample was 8.8 and 7.7 for
wheat and rice crops, respectively, indicating an alka-
line soil. Soil pH on farmland can be managed through
amendments, fertilization, tillage practices, improving soil
organic matter (SOM) levels, and selecting green manur-
ing crops (McCauley et al., 2017). In the analysis, the soil
pH measure is transformed by subtracting each observed
pH value from the maximum pH scale value of 14, rescal-
ing it to a new range between 0 and 7. This rescaled pH
value is then normalized by the sample mean value before
the estimation for numerical convenience.
Troeh and Thompson (1993) identified 17 essential ele-

ments for plant growth, including primary macronutri-
ents, such as nitrogen, phosphorus, and potassium. The
unavailability of any of these primary nutrients can limit
crop yield. The presence of SOM is crucial for fertile
soil as it provides essential plant nutrients, influences
soil structure, buffers the optimal soil pH range for plant
growth (Havlin et al., 2016), and improves water hold-

ing capacity and soil aggregation (McCauley et al., 2017),
thus serving as a key indicator of soil quality. Moreover,
SOM decomposition can increase under elevated tempera-
tures, but adequate soil moisture is critical for stimulating
this process. Farmland can serve as carbon sinks, condi-
tional upon having adequate levels of SOM. A reduction
in SOM increases soil erosion, reduces carbon seques-
tration, and implies the need for increased organic or
inorganic fertilization to maintain soil quality (McCauley
et al., 2017). In temperate regions, SOM often ranges from
3%−4% (Estefan et al., 2013); the average SOM value in
our sample was 1.45% and .59% for wheat and rice crops,
respectively.
A total of 646 samples were collected from plots belong-

ing to 504 households. However, land managers grew
wheat and rice on 614 and 326 plots, respectively. Non-soil
inputs and soil attributes were incorporated into the spec-
ification of the directional distance function. The mean
yields for wheat and rice were about 1162 and 1343 kg
per acre,8 respectively. However, there was considerable
variability in wheat and rice yields, with coefficients of
variation (CV) values being 29% and 18%, likely due to
the high variation in soil attributes and non-soil inputs
(Table 1). Machinery costs were high for rice due to the
high groundwater extraction costs associated with rice
water requirements. Rice seed application rates varied
because land managers commonly grow rice in a nurs-
ery using about 2−10 kg of seed to avoid unsprouted seeds
before transplanting seedlings into a prepared field. The
wheat crop had significantly more variation in labor hours
used than the rice crop, possibly due to themanual harvest-
ing of wheat (i.e., added labor requirements) to save straw
for livestock feed or sell it in the market.

3 RESULTS AND DISCUSSION

3.1 Distribution of soil quality
indicators across agroecological zones

Given the observations for the 𝑖th plot (𝑠′, 𝑥′, 𝑦′) for the
wheat and rice crops, we defined a benchmark vector
(𝑠, �̄�, �̄�) and direction vector 𝑔𝑠 for each agroecological
zone (i.e., rice–wheat, maize–wheat–mix, and cotton–mix)
to compute directional distance function values in Equa-
tions (6) and (7). The sample mean values used as a
benchmark vector for each agroecological zone are in
Appendix Table A1.
The unit vector 𝑔𝑠 = (−1, −1, −1, −1, −1, −1) was used

as a direction vector for the six soil attributes (EC, pH,
NH4, P, K, and SOM). Since the data were normalized

8 1 hectare = 2.47 acres.
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540 SHEIKH et al.

F IGURE 2 Proportion of plots below or above benchmark soil quality for wheat and rice production by agroecological zone.

by sample mean values, the yardstick or direction vec-
tor 𝑔𝑠 used to measure soil quality is equivalent to the
bundle of sample mean values for the soil attributes, that
is (𝐸𝐶, 𝑝𝐻, 𝑁𝐻4, �̄�, �̄�, 𝑆𝑂𝑀). Equations (6) and (7) gen-
erated two alternative soil quality indicators to rank soil
vectors relative to the benchmark soil vector in the context
of the production frontier for each agroecological zone. By
taking the average of the two indicators (i.e., Equations (6)
and (7)), Equation (8) constructs an aggregate mea-
sure of overall soil quality (𝑆𝑄𝐼) for each agroecological
zone.
In Table 2, the results from the DEA frontier repre-

sentation show that the SQI for the wheat crop ranged
from −.271 to .341 in the rice–wheat zone, −.308 to .445
in the maize–wheat–mix zone, and −.280 to.448 in the
cotton–mix zone. The mean values for each agroecologi-
cal zone were −.022, −.023, and −.018, respectively, and
the median values were −.041, −.041, and −.053. The neg-
ative sign implies that the plots had lower soil quality than
the benchmark soil quality vector on average. As seen in
Table 1, there is high variability in most soil attributes,
and this is translated into the variability in the constructed
SQI values for each agroecological zone. Excess values of
particular soil attributes do not necessarily reflect an over-
all improvement in soil quality or the SQI estimate. On
the other hand, the sample mean vector of soil attributes,
which is used as the benchmark, is more likely to be bal-
anced in terms of soil attributes. As a result, the sample
average soil quality indicator (SQI) value is likely to be
negative as plots are, on average, less productive (less bal-
anced) than the benchmark soil vector. This is confirmed
by the skewed SQI values in Table 2. Figure 2 also shows
that about two-thirds of the wheat plots for each agroeco-
logical zone had SQI values below zero, implying thatmost
plots in each agroecological zone had lower soil quality

F IGURE 3 Distribution of soil quality indicator (SQI) values
for wheat production by cropping zone.

than that represented by the benchmark (average bundle
of soil attributes for the sample).
Figure 3 shows the density plots of SQI values for wheat

production by agroecological zone. The plots show that the
cotton–mix zone has the highest consistency in plot-level
soil quality, followed by the rice–wheat andmaize–wheat–
mix zones. The cotton–mix zone has a higher, narrower,
and positively skewed distribution peak for the soil quality
indicator but is flatter in both tails than the other zones,
indicating less variation in soil quality among plots.
The rice–wheat zone has a relatively low distribution

peak compared to the cotton–mix zone, but with similar
flatter tails. The maize–wheat–mix zone had a lower peak
and wider distribution in soil quality than the other two
zones. Based on the consistency in soil quality profiles of
sampled plots across agroecological zones, the cotton–mix
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SHEIKH et al. 541

F IGURE 4 Wheat yield–SQI relationship by agroecological zone.
Note: Figures in black are scatterplots of SQI values and wheat yields, while the plots in red are the same values along the fitted curves.

and rice–wheat zones are comparatively more suitable for
wheat production.
As Figure 4 shows the estimated SQI values are cor-

related with reported wheat yield levels for all three
cropping systems. A locally weighted scatterplot smooth-
ing (LOESS) tool was used to fit a line to a scatter plot.
The fitted curves show that wheat yield increases linearly
with increasing SQI up to a point, beyond which the effect
of extra soil quality on yield is low or extremely low. This
highlights a weaker correlation with yield at higher soil
quality levels, which can be explained by factors other than
soil quality playing a more significant role in determining
yield when soil quality is rich enough to meet crop growth
needs.
Overall, the estimated SQI scores for the wheat plots

indicate that the plots in the cotton–mix and rice–wheat
zones have more consistent soil quality (i.e., less variation
in soil quality across farm plots) than the maize–wheat–
mix zone. This is consistent with the observation that these
two zones have higher net returns from wheat produc-
tion than the maize–wheat–mix zone (Ahmad et al., 2019;
Government of Pakistan, 2018).

For rice production, the estimated SQI values are in
Table 3. The values ranged from −.178 to .438 for the rice–
wheat zone, −.186 to .538 for the maize–wheat–mix zone,
and−.127 to.421 for the cotton–mix zone, with average val-
ues of−.001, .033, and .052, respectively. In the rice–wheat
zone, about 71% of the plots had degraded soil quality for
rice production relative to the benchmark soil quality, com-
pared with about 48% in the cotton–mix zone and 57% in
the maize–wheat–mix zone (Figure 2).
The distribution of SQI values for rice production by

agroecological zone is in Figure 5. The distribution is nar-
row with a right skew for plots used for rice production
in the rice–wheat zone with similar soil qualities, imply-
ing less variability in soil quality and more consistent rice
production among plots than the other zones.
The SQI distribution in the maize–wheat–mix zone

is positively skewed and relatively wide (diversity) com-
pared with the rice–wheat zone, implying that some
plots had less consistent (low variation) soil quality while
others were much better than the benchmark soil qual-
ity. This indicates that the productive capacity of plots
allows rice cropping in the maize–wheat–mix zone. In the
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542 SHEIKH et al.

F IGURE 5 Distribution of soil quality indicator (SQI) for rice
crop, by agroecological zone.

cotton–mix zone, the distribution of SQI implies that plots
have wide-ranging soil qualities and are less consistent for
rice cropping.
Figure 6 shows that rice yield did not continue to

increase linearly with soil quality. The fitted lines in all
three agroecological zones highlight that, under low soil
quality, a stronger correlation existed between soil qual-
ity and rice yield, as soil quality is a constraining input
and contributes more to rice yield. However, beyond a
threshold SQI level, a higher soil quality indicator did not
contribute much to increasing rice yields, which would be
influenced by external non-soil inputs.
Overall, the productive capacity of soils in the rice–

wheat and maize–wheat–mix zones is consistent with
plot-level soil quality for rice production. However, fewer
rice-producing plots in the cotton–mix zone, with vari-
ability due to limited data points, led to inconsistency
in plot-level soil quality (Figure 5). Thus, it is not clear
whether the soils in the cotton–mix zone are suitable
for rice cultivation. As expected, the highest net returns
from rice production were in Bahawalnagar (cotton–mix
zone) followed byHafizabad (rice–wheat zone), and Jhang
(maize–wheat–mix zone)—in line with their suitability for
rice cultivation (Ahmad et al., 2019).
Furthermore, we calculated a measure of soil quality

by pooling data on soil attributes, non-soil inputs, and
crop yields (for wheat and rice production) from the three
agroecological zones (see Table A2). The results show that
soil quality for wheat production is positively skewed with
a short central peak and broader right tail in the distribu-
tion (see Figure A1), implying that some plots have higher
soil quality than the benchmark; land managers of such
plots could be motivated to adopt leguminous crops to
maintain soil quality.
The average SQIs reported in Tables 2 and 3 are esti-

mated using the DEA model. Kneip et al. (2015) observed

that averaging DEA efficiency scores that are equally
weighted may result in substantial bias that may domi-
nate the variance, because the order of the variance can be
less than the bias, thus invalidating the application of the
standard central limit theorem (CLT). They derived a new
fundamental CLT for simple averages of DEA efficiency
scores. Simar and Zelenyuk (2018, 2020) have extended
the method for generating the new fundamental CLT by
Kneip et al. (2015) using Monte-Carlo experiments. The
main insight is that when the sample size in DEA analysis
increases, this may increase the empirical coverage of the
true values by estimated confidence intervals based on the
CLT, supporting the CLT results. However, for relatively
small sample sizes and high dimensional DEA problems
(i.e., many inputs and outputs), the estimated confidence
intervals based on the CLT tend to undercover the true
values. Therefore, we followed Kneip et al. (2015) and the
procedure outlined in Simar and Zelenyuk (2018, 2020) to
correct for bias in estimated averages of soil quality indica-
tors and provide a 95% confidence band usingMonte-Carlo
simulationsmethods. The results are reported inAppendix
Table A3. We do not find bias in the estimated average
SQIs. This result aligns with the findings of West et al.
(2022), where the authors observed that the bias correction
factors were approximated to zero.

3.2 Regression-based weight derivation
across agroecological zones

This part of the analysis generates regression-based
weights that could be used to aggregate a vector of indi-
vidual soil quality attributes into an SQI without reference
to a production frontier or non-soil inputs and crop out-
put data. Following the approach used by Jaenicke and
Lengnick (1999) and Hailu and Chambers (2012) to eval-
uate the viability or attractiveness of such a method, we
generated regression-based weights using the frontier esti-
mated SQI as the dependent variable and the vector of the
individual soil quality attributes as the explanatory vari-
ables. For the regression, each soil attribute is scaled by its
standard deviation (divided) and converted into a unit-free
measure. The standardized coefficients are comparable
across individual soil attributes and have a straightforward
interpretation. Each coefficient describes the effect of a
one-standard-deviation change in the soil attribute on the
SQI value.
The results for all agroecological zones are presented in

Table 4 (wheat) and Table 5 (rice). For wheat production,
the R2 values were 42%, 47%, and 45% for the rice–wheat,
maize–wheat–mix, and cotton–mix zones, respectively,
indicating that the six constituent soil attributes explain
a sizeable portion of the variation in overall SQI. The
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F IGURE 6 Rice yield–SQI relationship by agroecological zone.
Note: Figures in black are scatterplots of SQI values and wheat yields, while the plots in red are the same values along the fitted curves.

coefficient for each individual soil attribute measures the
marginal effect that each attribute has on SQI, which can
be used as the weight needed to aggregate the individual
attributes into the soil quality indicator.
For the rice–wheat zone, the regression weights suggest

that the relative importance of soil attributes in defining
SQI are as follows: pH > EC > SOM > P > K > NH4.
In the maize–wheat–mix zone, soil EC plays the strongest
role, EC > NH4 > K > pH > SOM. In the cotton–
mix zone, EC is also the most important attribute,
EC > K > NH4 > SOM > pH. The contribution of P to SQI
in the maize–wheat–mix and cotton–mix zones was sta-
tistically insignificant and negligible relative to other soil
attributes. However, the rankings ignore the size of the dif-
ferences in the coefficients and thus might not be the best
way to identify the relative importance of soil attributes
across zones. If we look at average coefficient sizes across
zones, the overall picture is that EC, K, NH4, and SOM
are the most important attributes for wheat production
followed by pH.
The results of a similar analysis for rice production are in

Table 5. Soil quality appears to be driven by EC and K—the
same attributes that were important in wheat production.
The R2 is quite low in the rice–wheat zone (17%). Soil qual-

ity is influenced by the combination of soil attributes that
contributes to the overall SQI. Moreover, the R2 is higher
in the maize–wheat–mix zone (32%) and is highest in the
cotton–wheat zone (69%). The marginal effects of these
attributes varies by zone. In the rice–wheat zone, soil EC
is the most crucial factor, followed by K, pH, and P. For the
maize–wheat–mix zone, EC > P, with the effects of pH, K,
SOM, and NH4 not significant. NH4, pH, and SOM are not
crucial factors in the cotton–mix zone. Overall, EC and K
are wheat and rice crops’ most influential soil attributes.
In Table 6, we pooled the data across zones and esti-

mated one regression for the wheat SQI series and another
for the rice SQI series. As for the individual zone analy-
ses, the same three attributes were identified as the most
important in the pooled regressions, namely, EC, K, and
SOM for wheat and rice production. pH was also identi-
fied as important for wheat and rice production, consistent
with the overall picture from the individual zone analysis.
Overall, soil electrical conductivity (EC) was impor-

tant for both wheat and rice production. Experimental
research in the Indus basin of Pakistan’s Punjab showed
that salt-affected soils produce about 32% and 48% less
wheat and rice yields than non-saline soils (Qadir et al.,
2014). Approximately 25% of irrigated land in the province
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is saline, causing about 25−70% land productivity decline
on slight to moderate saline soils (Martin et al., 2006). In
this context, soil amelioration or sustainable land man-
agement practices for salt-affected lands is important for
improving or maintaining soil sustainability, protecting
the environment, and enhancing agricultural productivity
(Sheikh et al., 2022b).
The second-most important soil attribute identified for

both wheat and rice production was potassium (K). Land
managers using N and P fertilizer often ignore K, acceler-
ating the mining of K resources from soil (Sui et al., 2015;
Wu et al., 2014; Xu et al., 2014) and eventually leading to
K deficiency that limits sustainable agriculture production
(Liu et al., 2009; Wang & Wu, 2015). Potassium acts as a
regulator and stimulates the absorption of nutrients, such
as N and P (Hou et al., 2019), which is useful for boost-
ing metabolic function and stress tolerance (Wang & Wu,
2015). InK-deficient soils, adequateK application is crucial
for improving crop yields. Therefore, applying K fertilizer
increased rice yields by 9.8−29.3% (Ye et al., 2020) and
increased wheat grain yields (Wang et al., 2020).
In Pakistan, the absence of farming practices that guide

the application of inorganic fertilizer to improve soil
resources has resulted in the over-exploitation of essential
soil nutrients, such as phosphorus and potassium. Unfor-
tunately, these nutrients are both underutilized by land
managers (Appendix Table A5). The recommended P to N
ratio is 1:2 (Ali et al., 2017); however, the ratio used by land
managers in Pakistan was far from optimal and almost
stagnant from 1991−92 to 2018−19. In addition, the opti-
mal level for K is yet to be determined (Ali et al., 2017). The
ratio ofK toNwas almost stagnant until 2016−17, gradually
increasing to 1:50 in 2018−19 (Table A5). This unbalanced
fertilizer use has serious implications for nutrient-use effi-
ciency, excessive soil mining, yields, and environmental
sustainability (Concepcion, 2007; Gruhn et al., 2000). Ali
et al. (2017) found that land managers applied a lower
level of fertilizer on poor quality land than the most fertile
land, contrary to the recommended doses for the less fertile
land and possibly because the land managers encountered
financial and credit constraints.
We used bootstrap regressions with 5000 replications to

assess the variability of estimated coefficients and standard
errors of the regression models for each sample. The point
estimates of the coefficients, aswell as their standard errors
and 95% confidence interval are reported in Table A4. Our
analysis indicates that the estimated coefficients do not
change (i.e., no bias) but there is slight variability in the
bootstrap standard errors compared to the original stan-
dard errors, but this does not affect significance levels. For
most of the coefficients, the confidence interval does not
include zero suggesting that the soil attributes are signifi-
cantly related to the soil quality indicator. The distribution

of the bootstrapped coefficients is roughly symmetric and
centred around the point estimate except for cotton–mix
zone and maize–wheat–mix zone for rice crop, suggest-
ing that the estimates remain stable and reliable even in
the presence of sampling variability (Figure A2). We note
that Banker et al. (2019) demonstrated that the straight-
forward two-stage DEA + OLS model outperforms the
Simar–Wilson model that uses truncated regression in the
second stage (Simar & Wilson, 2007).
In summary, the analysis above showed that, in the

absence of detailed information on non-soil inputs and
outputs, weights of the relative contribution of the six soil
attributes can be used to construct SQI estimates for prac-
titioners, policymakers, and development projects. The
weights assigned to the wheat and rice cropping enter-
prises can be translated to similar cropping enterprises and
land-use types within the irrigated agroecological zones.
However, the weights for wheat cannot be translated to
rice and vice versa, due to their distinct environmental
requirements for growth and development. Rice thrives
in soft, puddled, and water-saturated soil conditions. In
contrast, wheat necessitates well-pulverized soil with fine
tilth, maintaining a proper balance of moisture, air, and
thermal regime (Mahajan & Gupta, 2009).
However, it is important to recognize some limitations

of this approach: (1) our results are based on one data set
that provides a snapshot of soil quality at a given point in
time and does not help to understand soil health dynam-
ics over time; (2) and the SQI results are based on six
soil attributes that focus on soil chemical and biological
properties but not soil physical properties (i.e., texture,
structure, porosity, soil bulk density).
The study highlights some issues related to the use of

non-experimental data. For example, we found low R2 for
the regression relating our constructed soil quality indi-
cator to the individual soil quality attributes compared
to those in Hailu and Chambers (2012). One plausible
explanation is that non-experimental data include more
heterogeneity in the soil quality attributes, non-soil inputs
and outputs. Another explanation is that the relative
importance of noise in non-experimental data is likely to
be larger. There are variables defining the production envi-
ronment that are not incorporated into the analysis, and
these variables are likely to varymore in non-experimental
data sets than in experimental ones. However, it should
also be noted that there are advantages to using non-
experimental data. For example, it captures heterogeneity
across farms and reflects better the real production envi-
ronment faced by farmers compared to data generated
from experimental stations. Finally, our findings demon-
strate some sensitivity of weights to land use types. Thus,
further research employing data from more diverse land
use types is required to provide more evidence on the
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robustness of such estimated weights and the extent to
which they can be used to estimate soil quality indica-
tors in other agroecological regions. In addition, while
the study utilized cross-sectional data to construct the
soil quality indicator, future research could explore using
longitudinal data to investigate variations in soil quality
indicator over time. The studies could incorporate weather
variables in their analyses to effectively control for the
impacts of climate variability on soil health and crop
production.

4 CONCLUSIONS AND POLICY
IMPLICATIONS

Soil health is a crucial concern for land managers and
policymakers worldwide. A soil quality indicator (SQI)
provides summary information on soil health and is supe-
rior to soil health information provided as a vector of
individual soil quality attributes that are difficult to eval-
uate. Numerous studies in the soil science literature have
developed soil quality indices using ad hoc weights of
different soil attributes. On the contrary, the Luenberger
SQI is utilises a production function-based framework
to compare the productive capacity of a vector of soil
attributes against a benchmark soil quality vector. We
used this method to evaluate soil quality for two major
crops (i.e., wheat and rice) in three agroecological zones
(i.e., rice–wheat, maize–wheat–mix, and cotton–mix) in
Punjab, Pakistan.
The SQIs were constructed from six best-practice fron-

tiers estimated using directional distance functions in the
data envelopment analysis framework. The results showed
that the cotton–mix and rice–wheat zones are more suit-
able for wheat production than the maize–wheat–mix
zone. The SQI and crop yield relationship exhibits dimin-
ishing returns to improving soil quality. Besides the fron-
tiermethod, a simpler regression-based approachwas used
to generate weights for direct aggregation of soil quality
attributes (EC, pH, ammonium, phosphorous, potassium,
and organic matter) to compute a SQI. The SQI was found
to be most sensitive to soil electrical conductivity (EC)
and K for wheat and rice crops. Elevated soil salinity lev-
els and excessive nitrogen, phosphorus, and potassium
negatively affects plant growth and development. There-
fore, our results implies that the provincial government of
Punjab should promote efforts aimed at site-specific land
restoration and conservation practices to keep soil EC to
acceptable levels to enhance plant growth and produc-
tivity. Moreover, there would be benefits from improved
extension services and education programs on practices
that can enhance the effectiveness and balanced use of
chemical fertilizers to overcomeNPK deficiency problems.

The SQI information generated for agroecological zones
in Punjab can be used by policymakers and practitioners to
achieve site-specific agricultural and environmental goals.
First, SQI can provide the basis for land suitability classi-
fication that could aid government departments, such as
the Soil Survey of Punjab, to create provincial guidelines
for agricultural land use planning and to improve the regu-
latory framework for large-scale investment in agriculture.
In addition, the soil quality information is useful for agen-
cies interested in promoting context-specific biodiversity
and conservation programs, ensuring the conservation
of the land resources and the sustainability of agricul-
tural production. Second, the SQI could be used as a
site-specific evaluation tools by the provincial agricultural
department to monitor the outcome of conservation pro-
grams and assess possible compensation payments to land
managers.
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APPENDIX

TABLE A1 Sample mean value for each crop by agroecological zone.

Agroecological zone

Crops
Wheat Rice

Rice–wheat 𝑠 =
∑227

𝑖=1 𝑠𝑖

227
�̄� =

∑227

𝑖=1 𝑥𝑖

227
�̄� =

∑227

𝑖=1 𝑦𝑖

227
𝑠 =

∑203

𝑖=1 𝑠𝑖

203
�̄� =

∑203

𝑖=1 𝑥𝑖

203
�̄� =

∑203

𝑖=1 𝑦𝑖

203

Maize–wheat–mix 𝑠 =
∑192

𝑖=1 𝑠𝑖

192
�̄� =

∑192

𝑖=1 𝑥𝑖

192
�̄� =

∑192

𝑖=1 𝑦𝑖

192
𝑠 =

∑100

𝑖=1 𝑠𝑖

100
�̄� =

∑100

𝑖=1 𝑥𝑖

100
�̄� =

∑100

𝑖=1 𝑦𝑖

100

Cotton–mix 𝑠 =
∑195

𝑖=1 𝑠𝑖

195
�̄� =

∑195

𝑖=1 𝑥𝑖

195
�̄� =

∑195

𝑖=1 𝑦𝑖

195
𝑠 =

∑23

𝑖=1 𝑠𝑖

23
�̄� =

∑23

𝑖=1 𝑥𝑖

23
�̄� =

∑23

𝑖=1 𝑦𝑖

23

Note: 𝑠 is soil-related inputs, 𝑥 is non-soil inputs, 𝑦 is crop yield (output), and 𝑖 is sample observation.

F IGURE A1 Distribution of soil quality indicator for wheat and rice crops.

TABLE A2 Summary statistics of soil quality indicator by crop across the 3 agroecological zones.

Crop Min. First quartile Median Mean Third quartile Max. Skewness Kurtosis
Wheat −.305 −.096 −.056 −.039 .011 .569 1.574 9.434
Rice −.201 −.036 −.018 .008 .008 .703 3.355 17.071

TABLE A3 The mean of soil quality indicators and their 95% confidence band by crop and agroecological zones.

Crop agroecological zones Mean SQI Bias corrected SQI Bias SQI (SD) SQI_low SQI_high
Wheat Pooled −.039 −.039 .000 .107 −.039 −.038
Rice Pooled .008 .008 .000 .121 .007 .009
Wheat Rice–wheat −.022 −.022 .000 .111 −.023 −.021
Wheat Maize–wheat–mix −.023 −.023 .000 .133 −.025 −.022
Wheat Cotton–mix −.018 −.018 .000 .111 −.020 −.017
Rice Rice–wheat −.001 −.001 .000 .086 −.002 .000
Rice Maize–wheat–mix .033 .033 .000 .131 .030 .036
Rice Cotton–mix .052 .052 .000 .158 .041 .062

Note: The procedure follows jackknife bias correction, where original sample is split into two subsamples (50:50) and efficiency scores are estimated for each
sample using DEA. Monte-Carlo simulation uses 3000 replications.
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F IGURE A2 Distribution of the bootstrapped coefficients.
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TABLE A5 Fertilizer consumption by nutrients for Punjab province.

Years

N (‘000
nutrient
tonnes)

P (‘000
nutrient
tonnes)

K (‘000
nutrient
tonnes) Total N (%) P (%) K (%) P/N K/N

1991−92 1028 284 15 1327 77.5 21.4 1.1 .28 .01
1992−93 1150 343 17 1510 76.2 22.7 1.1 .30 .01
1993−94 1146 326 16 1487 77.1 21.9 1.1 .28 .01
1994−95 1233 312 12 1557 79.2 20.0 .8 .25 .01
1995−96 1445 372 20 1837 78.7 20.3 1.1 .26 .01
1996−97 1377 309 7 1694 81.3 18.2 .4 .22 .01
1997−98 1390 392 19 1801 77.2 21.8 1.1 .28 .01
1998−99 1406 316 18 1740 80.8 18.2 1.0 .22 .01
1999−00 1500 416 11 1927 77.8 21.6 .6 .28 .01
2000−01 1561 481 18 2060 75.8 23.3 .9 .31 .01
2001−02 1537 426 14 1977 77.7 21.5 .7 .28 .01
2002−03 1578 470 15 2063 76.5 22.8 .7 .30 .01
2003−04 1752 488 15 2255 77.7 21.6 .7 .28 .01
2004−05 1912 636 23 2571 74.4 24.7 .9 .33 .01
2005−06 2049 601 19 2672 76.7 22.5 .7 .29 .01
2006−07 1785 683 31 2499 71.4 27.3 1.2 .38 .02
2007−08 2016 434 20 2470 81.6 17.6 .8 .22 .01
2008−09 2080 454 18 2552 81.5 17.8 .7 .22 .01
2009−10 2515 615 17 3147 79.9 19.5 .5 .24 .01
2010−11 2231 548 24 2804 79.6 19.5 .9 .25 .01
2011−12 2181 452 16 2649 82.3 17.1 .6 .21 .01
2012−13 1988 537 15 2540 78.3 21.1 .6 .27 .01
2013−14 2164 623 17 2804 77.2 22.2 .6 .29 .01
2014−15 2252 714 23 2989 75.3 23.9 .8 .32 .01
2015−16 1772 718 13 2503 70.8 28.7 .5 .41 .01
2016−17 2537 930 31 3498 72.5 26.6 .9 .37 .01
2017−18 2354 925 37 3316 71.0 27.9 1.1 .39 .02
2018−19 2323 810 39 3173 73.2 25.5 1.2 .35 .02

Source: NFDC (2018).
Note: N = nitrogen; P = phosphorus; K = potassium.

 15740862, 2024, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/agec.12831 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [07/10/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense


	Soil quality evaluation for irrigated agroecological zones of Punjab, Pakistan: The Luenberger indicator approach
	Abstract
	1 | INTRODUCTION
	2 | MATERIAL AND METHODS
	2.1 | Theoretical framework for soil quality indicators
	2.2 | Estimation of directional distance functions
	2.3 | Study area, data collection, and descriptive statistics

	3 | RESULTS AND DISCUSSION
	3.1 | Distribution of soil quality indicators across agroecological zones
	3.2 | Regression-based weight derivation across agroecological zones

	4 | CONCLUSIONS AND POLICY IMPLICATIONS
	ACKNOWLEDGMENTS
	REFERENCES
	SUPPORTING INFORMATION


