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Soil scientists have worked on the conceptualization and contextualization of soil-related notions, such as soil quality, soil health, and soil security,
over the past few decades. We reviewed the massive amount of literature
regarding those major concepts, and summarized definitions, visions, and
constraints. Indicators (In) and indices (Ix) are well suited to aggregate soil
and environmental data to assess soil quality, health, and security quantitatively. Our literature review showed that (i) more sophisticated quantification
methods are necessary; (ii) often only a single soil property and/or class is
modeled rather than more complex soil functions, risks, or services; (iii) there
is a lack of harmonization, standardization, and reference frameworks that
allow soil comparisons across regions and time; and (iv) methods frequently used to calculate soil In/Ix, such as ordination and factor analysis, do not
consider rigorous axiomatic criteria of scientific sound indication systems. In
summary, the complex soil concepts stand in sharp contrast to the applied
indication methods in the soil science discipline. We investigated the potential to apply econometrical methods to assess soil quality, health, and security
that serve as alternatives to more traditional In/Ix in soil science. A case study
demonstrated the profound transformative potential of linking econometrics–
soil–environmental sciences.
Abbreviations: COLS, corrected ordinary least squares; DEA, data envelopment analysis;
DMU, decision-making unit; EC, efficiency change; In/Ix, indicators/indices; OLS, ordinary
least squares; PCA, principal component analysis; SCseq, soil carbon sequestration; TPI,
Törnqvist Productivity Index.

Disputed Soil Concepts

Soil Quality, Soil Health, and Soil Security

Core Ideas
• There is a need for quantitative
soil quality, health, and security
assessment.
• Pros and cons of indication systems
used in soil and ecological studies.
• Axiomatic criteria advance soil
quality, health, and security indices.
• There are profound shortcomings
of widely used soil indicators and
indices.
• Linking soil science and econometrics
improves soil indicators/indices.
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With increased awareness and understanding of the functions that soil resources potentially provide for ecosystems and human kind, known as Ecosystem
Services, many researchers have proposed different conceptual schemes related to
the recourses of soil, the surface layer of earth (Costanza et al., 1997; Millennium
Ecosystem Assessment, 2005). The three major concepts—soil quality, soil health,
and soil security—have drawn the attention of the general public, governmental and non-governmental institutions, and researchers (Fig. 1). The Food and
Agriculture Organization of the United Nations (1976) viewed land evaluation
as a qualitative and empirical expression referring initially to soil quality, defining it as “the process of assessment of land performance when used for specified
purposes involving the execution and interpretation of surveys and studies of landforms, soils, vegetation, climate, and other aspects of land to identify and make a
comparison of promising kinds of land use in terms applicable to the objectives
of the evaluation.” According to Wienhold et al. (2004), the term “soil quality”
introduced by Warkentin and Fletcher (1977) refers to land quality. The discussions for defining soil quality stretched over decades, with a key definition proposed by the Soil Science Society of America (1987; SSSA) in the “Glossary of Soil
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tats, such as SOM-limited soils in arid regions (Gregorich et al.,
1994; Franzluebbers, 2002).
These oversimplified approaches allow the assessment
of the operational aspects of soil conditions and capabilities,
although they are inherently reductionist from a science perspective. The specialized perspectives on soil quality exacerbate the debate by excluding particular stakeholders, regions,
or use of soil resources. For a specific soil’s function, the quality
of soil can be different and so can the evaluations (Karlen et
al., 1997). In general, soil functions are difficult to assess and
quantify because of the interactions of their functions as well
as variability in space and time that are controlled by different soil attributes among geographic regions. Inductive studies have often lacked the integration of various soil concepts.
Fig. 1. History of soil-related concepts focusing on soil quality, soil health, and Bouma (2002) assessed the potential impact of soil degradasoil security. FAO, Food and Agriculture Organization of the United Nations.
tion (erosion and compaction) by developing land quality indicators that did not consider inputs that would help produce
Science Terms”. Other definitions, as proposed by various scienyields. The soil quality concept may guide scientists to use and
tists and organizations, such as the United States Department of
allocate soil resources to sustain them (Wienhold et al., 2004).
Agriculture, Natural Resources Conservation Service (USDAHowever, the quantitative assessment still needs further attenNRCS), are summarized in Supplemental Table S1. The terms
tions and discussions (El-Ladan et al., 2014).
“capacity” and “capability” are commonly interchangeable in the
Soil health is another concept that has emerged. While
definitions. Karlen et al. (2001) reviewed the process of establishsome scientists suggest the interchangeable use of the terms
ing definitions that could gain consensus among scientists with
“soil health” and “soil quality” (Acton and Gregorich, 1995;
different interests. Both SSSA and USDA-NRCS have adopted
Warkentin, 1995; Herrick, 2000; Schindelbeck et al., 2008),
the following definition, “the capacity of a specific kind of soil
others, such as Janvier et al. (2007), differentiate between
to function, within natural or managed ecosystem boundaries,
these terms. For example, soil health has been depicted as “an
to sustain plant and animal productivity, maintain or enhance
ability to perform or function according to its potential which
water and air quality, and support human health and habitation”.
can change over time due to human use and management or
A shortened definition is “the capacity of the soil to function”
unusual natural events” (Doran and Safley, 1997; van Bruggen
(Supplemental Table S1) which is inherently vague and often
and Semenov, 2000; Sojka et al., 2003). One limitation of such a
a matter of opinion. Examples of soil functions include (i) biobroad definition is that the potential of a soil is often unknown
mass production; (ii) storing, filtering, and transforming nutriand bound to a specific purpose(s) (e.g., agricultural production,
ents, substances and water; (iii) biodiversity pool; (iv) physical
recreation, biodiversity, drainage), thereby constraining its
and cultural environment for humans and human activities; (v)
source of raw materials; (vi) acting as a carbon pool; and (vii)
usefulness and ability to generalize among different soilscapes.
archive of geological and archeological heritage (Commission of
Karlen et al. (2008) poignantly discussed the similarity of
the European Communities, 2006). This approach to define the
derivatives from both soil quality and health assessments, such
concept of the quality of soil resources could be categorized as a
as better public awareness; understanding the importance of soil
resources; and the short-, intermediate-, and long-term effects of
deductive approach.
anthropogenic management and practices. Lima et al. (2011) asIn contrast, inductive-oriented definitions of soil concepts
serted that soil and agricultural scientists, natural resource manare often based on the best interests of particular stakeholders. For
instance, the concept of soil quality can focus only on the chemical
agement, farmers, policymakers, educators, and economists all
pollutants that degrade soil use (Chen et al., 2005) or on the many
have a vested interest in soil quality. Thus, under the umbrella of
ecosystem services involving soil (Cassman, 1999; Fließbach et al.,
soil quality and soil health, common goals are shared by multiple
stakeholders that target the sustainability of soil resources under
2007). The concept of soil quality examined from the perspective
diverse natural and anthropogenic threats, among them global
of soil taxonomy was criticized by Sojka and Upchurch (1999) as
climate change, land use shifts, and environmental disasters.
a narrow-minded view of soil, suggesting that some soils are better
In the twenty-first century, the term “soil security” emerged
than others. For example, claims have been made that Mollisols
and is similar in concept to the terms “soil quality” and “soil
and Alfisols are of higher quality than the other soil orders even
though the value of soils depends on its purpose. Using soil organic
health” (Bouma and McBratney, 2013; Bouma et al., 2017).
matter (SOM) as a single determining factor for soil quality is anBrauch and Spring (2011) proposed a definition of soil secuother example of over-simplifying the complexity of soil, although
rity that puts ecosystems and environmental services provided
by the land, namely through the interaction between the biota,
soil with relatively low SOM content sustains its own unique habiwithin and on the soil, and the soil and the atmosphere, in focus
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(Supplemental Table S1). The soil scientists of the International
Union of Soil Sciences (IUSS) defined soil security as “the maintenance and improvement of the world’s soil resources so that
they can continue to provide food, fiber, and fresh water; to
make major contributions to energy and climate sustainability
and help maintain biodiversity and the overall protection of ecosystem goods; and services” (Koch et al., 2013).
Interestingly, this definition explicitly addresses the maintenance of soil resources, and thus, the security of the absolute
amount of soils at the global scale that are at risk of being degraded. This enhances the earlier concepts of soil quality and soil
health that focused more on the qualitative aspects of soils (e.g.,
capacity of soils to function). McBratney et al. (2014) argued
that soil security is a more integrative concept than soil quality, soil health, or soil protection. They identified five pillars/
dimensions undergirding soil security—Capability, Condition,
Capital, Connectivity, and Codification—to account for the
quantity, quality, and accessibility of soil resources. The pillars/dimensions depict the complexity of the soil securitization
process, while the verification of the notation has not yet been
discussed sufficiently. A total of 52 different definitions of soilrelated concepts are summarized in Supplemental Table S1.
Wander et al. (2002) emphasized the integration of the complex information of soil quality into useful frameworks through
interdisciplinary approaches to allow scientists to manage and
improve soil quality. Lima et al. (2011) stated that conceptual assessments are valuable only when they are delivered to end-users,
such as farmers. Bouma and McBratney (2013) postulated the
importance of “knowledge-brokers” for scientists to make scientific findings related to soils visible and indispensable and to be
able to communicate with other disciplines.
Some scientists also posited that multiple perspectives integrated into a coherent framework need to be considered to address
soil security. Using questions recognizes stakeholders’ multiple
standpoints, which prevents overlooking conspicuous and inconspicuous roles of soil resources (Grunwald, 2014; Grunwald et al.,
2015). Bouma (2005) adopted a communication model adapted
from Habermas (1984), which was focused on soil science communication to provide different views on the “real soil” from the
perspective of different groups: (i) soil scientists among themselves, (ii) soil scientists and their colleagues, and (iii) citizens at
large. Communication among people were assessed using the
criteria of “true” when statements can be defined according to an
objective standard, “right” when statements comply with the established norms of groups of people, and “real” when statements
correspond with personal, individual feelings Habermas (1984).
Another more comprehensive multi-dimensional and perspectival
soil model was presented by Grunwald et al. (2017). They used
Integral Ecology (Esbjörn-Hargens and Zimmerman, 2009) and
asserted that cognizance of oneself, communities and soils/soilecosystems are key to address soil security. Their approach explicitly integrates subjective (i.e., the “I” perspective of soils as seen,
experienced, and perceived by individuals), intersubjective (i.e.,
the “we” perspective of groups and stakeholder communities),
www.soils.org/publications/sssaj

and objective and interobjective (i.e., the “it” perspective disclosed
by the assessment of individual chemical, biological, and physical
characteristics/processes of soils and the biogeochemical, social,
economic, and other systems they are embedded in). The underlying concept to this new integrative thinking is called “integral
soil security” (Grunwald et al., 2017). They emphasize that only
deeper environmental/ecological awareness evokes the values necessary for the security of the natural world, including soils. The
Meta Soil Model was proposed as a new integrative multi-model
framework by Grunwald et al. (2016) and Grunwald et al. (2017)
as an alternative to the five proposed dimensions of soil security.
Scientific concepts are generally institutionalized at a certain point, typically after reaching consensus among scientists.
However, researchers such as Sojka and Upchurch (1999) are concerned about compromising scientific accuracy in the soil science
literature due to the popularization of concepts. They stated that
“the more complex a concept, the greater the danger of popularizing or prematurely institutionalizing it.” This alludes to finding
the middle ground to sustain and secure soil quality without becoming stuck in the complexity of global soil security or the oversimplification of approaches and their operationalization to assess
soils. Therefore, we conceptualize the three types of models:
1. Simple: Operationalizing the conceptual frameworks
with intuitive simplification (e.g., simple tools, such as
field kits and simple field-based ad hoc assessments).
2. Complex: Developing complex models that are
scientifically rigorous and research-oriented and
demand a large amount of data and scientific expertise
to be understood.
3. In-between: Finding the middle ground by striving
for parsimonious data collection feeding into soil
assessments to optimize knowledge that informs
decision-making.

Motivation for Quantification Assessment
of Soil Concepts

The conceptual frameworks related to soil resources mentioned above are interrelated, sharing the same goals to sustain
and protect the soils, although they take somewhat different
vantage points to achieve these goals and have adopted different
methodologies. Karlen et al. (1997) stated that many highly tangible scientists have had similar questions using different words,
such as soil quality, soil health, soil care, soil resiliency, or sustainable land management. These various soil concepts could be very
helpful as a general framework to increase awareness. In addition,
other environmental/ecological concepts, such as ecosystem services that emphasize the valuation of soils to the benefit of humans
(Millennium Ecosystem Assessment, 2005), are helpful to raise
awareness of the importance of limited natural resources.
However, if they are not quantified and formalized coherently as to how to assess soil quality, soil health, and soil security, they remain shallow buzz words. Karlen et al. (2003) argued about the needs to quantify Indicator/Index frameworks
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assessing trends of soil condition and capability that are strongly
influenced by human uses. The approach can be qualitative,
semi-quantitative, or quantitative. Farmers, for example, would
examine soil condition often by looking at the color, pore sizes,
softness, abundance of organic matters, water and soil fauna, and
so forth (Romig et al., 1995). These measurements are highly
subjective based on expert knowledge and experience, which
conflicts with comparable judgments that enable decision makers to evaluate the limiting factors of soil for a given purpose
of use (Adeyolanu and Ogunkunle, 2016). Semi-quantitative
methods have been developed to overcome these shortcomings by the inclusion of some quantitative aspects. Examples include the Willamette Valley Soil Quality Card (Burket, 1998);
Soil Management Assessment Framework, Agroecosystem
Performance Assessment Tool (Liebig et al., 2003); Cornell Soil
Health Test program (Moebius-Clune et al., 2016); and Visual
Evaluation of Soil Structure (Karlen et al., 2008; Guimarães et
al., 2011). These applied approaches have the benefit of semiquantitative assessment of multiple chemical, physical, and biological soil attributes; however, they lack accuracy and precision.
These semi-quantitative soil assessment methods often use the
additive model, which is very simple yet has limited scientific validity to accurately assess soil condition or capability.
Parr et al. (1992) speculated on ten ways of using soil quality
indices, especially for land in the United States and Australia:
•

Assess the impact of management practices on soil
degradation and soil conservation.

•

Assess the accrued benefits of highly erodible lands
under the Conservation Reserve Program that was
authorized in the 1985 United States Farm Bill.

•

Provide a basis for conservation compliance.

•

Establish the loan value and price of land.

•

Establish a more realistic base for tax assessment and
tax credit.

•

Assess the impact of management practices on
human and animal health.

•

Assess the impact of management practices on food
safety and quality.

•

Assess the impact of management practices on water
quality.

•

Provide information for simulating and predicting
environmental change.

•

Provide an improved basis for land capability
classification.

Schindelbeck et al. (2008) also encouraged the development
of a quantification scheme with five virtues for soil science: (i) improvement of soil inventory assessment, (ii) development of guidelines for good land management by assessing the monetary value of
land, (iii) identification of best management practices, (iv) quanti-
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fication of soil degradation or aggradation from management, and
(iv) establishment of educational opportunities.
Thus, we recognize the need for integral, yet feasible and meaningful quantification schemes, such as indicator/index (In/Ix). They
are beyond single measurements or predictions of variables because
they infer on various different or similar conditions or functions of
soils (Granatstein and Bezdicek, 1992; Wu and Wu, 2012). An indication system is expected to play a key role to connect the SimpleComplex aspects and pragmatically strive for solutions to improve
and/or sustain the quality and quantity of soils.
All three major soil concepts are broad, lack quantification,
and are highly dependent on the dominant land uses and management within a given soilscape exposed to a variety of different
natural and anthropogenic forcings. We posit that the degree of
departure from the “optimum” state needs to express degradation (loss) or enhancement (gain) of functionality. Because there
are multiple and interacting functions of soils, the challenge is to
identify observable properties that allow depicting losses/gains of
functionality. This is profoundly difficult in soils where functions
depend on soil genesis operating over long time frames (hundreds
to thousands of years) where “natural” reference conditions of soils
are unknown (Vrščaj et al., 2008). In contrast, the health/quality of water and food is tied to shorter response times because of
changes in the larger ecosystem compared with soils. Soil quality
and health inherently focus on soil characteristics that limit external uses, whereas soil security (to some extent) and integral soil
security (to the full extent) consider soils as part of broader interacting biophysical-human-systems that are undergoing change. To
maintain/enhance the quality and quantity of soil resources inherently requires contextualization to human preferences (e.g., maximize crop yield, enhance biodiversity, minimize adverse impacts
to drinking water resources) and human value (e.g., soils are less
important than jobs). A new soil indication system that is universally applicable in different geographic multi-use, multi-function
soilscapes undergoing change is urgently needed.

Objectives
The objectives of this study were to (i) review major concepts and identify shortcomings, progress, and future needs of
research related to soil index development; (ii) depict axiomatic features of In/Ix in soil and environmental sciences; (iii)
assess compliance of widely used In/Ix approaches in soil and
environmental science with the identified axiomatic features;
and (iv) describe econometric techniques, specifically the Data
Envelopment Analysis (DEA) and Malmquist Index (MI), and
their potential to assess soils through In/Ix that ideally meet axiomatic index theory assumptions.

Index Research in Context of Soil
Quality, Health, and Security
First, we clarify indication terminologies. Second, we outline
the criteria for indicator/index development. Third, we present
the pros and cons of different methods used for index formation in
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the context of soil quality, soil health, soil security, and the broader
realm of environmental and ecological studies.

What Are Indicators and Indices?
Gallopin (1997) broadly defined an indicator as an operational representation of an attribute of a system. Similarly,
Meadows (1998) described an indicator as a sign, signal, or measurement that indicates the state of the level of something, and
are directly calculated from raw data or lab measurements. Wu
and Wu (2012) stated that an indicator often refers to a variable
or an aggregate of multiple relevant variables whose values can
provide information regarding conditions, status, or changes
of a system or phenomenon of interest. According to the In/Ix
hierarchy system proposed by Braat (1991), the indices are located above the indicators, which means that the indices are derived from a combination of indicators, not directly from raw or
processed data (Fig. 2, adopted from Braat [1991] and Shields
et al. [2002]). Guo et al. (2015) outlined that the indices are
the result of an aggregated set of indicators as a single measure,
meaning that the index is an aggregate of two or more indicators (Beck et al., 2010). The integration process for In/Ix delineation can be highly complex, especially when the entities, such
as the original measurements or indicators, have different units
or meanings (Bauler et al., 2007). At higher condensation levels,
indices emerge to support decision-making and provisioning to
the general public, whereas direct measurements and processed
data are of interest to researchers (Fig. 2). Although there is a
consensus on the In/Ix term usage among the majority of ecologists, it seems that many of the other disciplines, including soil
science, randomly use the terms without clear definitions or assumptions. After-effects that occur when those terms are used
interchangeably can lead to confusion of characteristics or roles
of the indication system (Gallopin, 1997). Increasing the level of
aggregation is observed when the acquired data are transformed
into more inferable knowledge for end-users who often do not
possess specialized expert knowledge, yet do have an influence
on decision makings (Volk et al., 2009). Thus, the differentiation between indicators and indices may act as a guide to avoid
inconsistency in future discussions (Meadows, 1998). Recently,
BIGDATA analysis and data mining techniques have been suggested ways to aggregate and synthesize large datasets, including
large soil–environmental datasets. These efforts are doomed, resulting in mere data crunching if they lack a coherent indication
system. The details of the benefits and risks in terms of index
development are further discussed below.

Pros and Cons of Indicator/Index Development
as an Integral Assessment Tool
Although the constituents of the In/Ix measures are different as described above, the roles those techniques can play are
very similar, such as simplification, quantification, and visualization of capability, condition, phenomenon, system, function,
status, and so on. The massive amounts of data increase the
likelihood of data redundancy, which can be reduced by transwww.soils.org/publications/sssaj

Fig. 2. Indicators/Indices hierarchy system with data condensation
and targeted audiences.

forming sample data into In/Ix scores serving various interests
of stakeholders (Meadows, 1998). The environmental sustainability index, ecological health index, and water security index
are examples of complex indication systems with condensed information (Xu et al., 2005; Jia et al., 2015). Some soil scientists
have attempted to envision the quality of soil holistically based
on land use/land cover types or management systems (Andrews
et al., 2002; Kinoshita et al., 2012; Paz-Kagan et al., 2014; Askari
and Holden, 2015). Numerous indicators for agro-ecosystems as
well as non-agricultural soils have been developed (Bastida et
al., 2008). Some researchers have visualized the threats to human water security and global biodiversity by using digital mapping techniques (Sullivan et al., 2003; Vörösmarty et al., 2010).
Communications techniques illustrating paradigms with numbers or scores help decision makers understand a phenomena
or problem. There are also inherent risks in the delineation of
In/Ix. Some scientists have warned that a large amount of indicators or indices can lead to chaotic confusion (Shields et al., 2002;
Wu and Wu, 2012). In his book, “Indicators and Information
Systems for Sustainable Development”, Meadows (1998) condensed seven major pitfalls in the choice and use of indicators
and indices:
1.

Overaggregation: If too many things are lumped
together, their combined message may be indecipherable.

2.

Measuring what is measurable, rather than what is
important: Tons of hazardous chemicals rather than
toxicities.

3.

Dependence on a false model: We may think
the price of oil tells us about the underground
abundance of oil, when it primarily tells us about
the built capacity of oil wells relative to the built
capacity of oil-consuming devices.

4.

Deliberate falsification: If an index carries bad
news, someone may be tempted to alter it, delay it,
change the terms or definitions, defund it, lose it, or
otherwise suppress it.

5.

Diverting attention from direct experience:
Indicators may mesmerize people with numbers and
blind them to their own perceptions.
1021

6.

Overconfidence: Indicators may lead people to
think they know what they are doing, or to think
what they are doing is working, when in fact the
indicators may be faulty.

7.

Incompleteness: Indicators are not the real system.
They may miss many of the subtleties, beauties,
wonders, warnings, diversities, possibilities, or
perversities of the real system.

We propose an additional peril, over-simplification. The
vulnerability of soil ecosystem services or the effects of management systems on soil quality cannot be described based on
a single soil property. For example, some scientists have utilized
soil organic carbon (SOC) as the sole determining factor for soil
quality, thereby oversimplifying the complexity of soil (Zornoza
et al., 2007). Grunwald et al. (2016) found that the number of
soil carbon publications is exploded, with over 1.76 million publications identified by Google Scholar, often with the sole focus
on SOC. This type of simplification implies that SOC is the
only and most important indicator for soil health, quality, and
security. The scientific debates on soil quality have ignored many
other soil biochemical variables, such as phosphorus, nitrogen,
micronutrients, microbial biomass, and soil carbon sequestration. Those studies not limited to the eight traps outlined by
Meadows (1998) may result in inappropriate interpretation and
miscommunication among scientists and decision makers, which
might even further aggravate real soil degradation problems.

Criteria for Indicator/Index Development
Clear documentation regarding In/Ix quality, in particular the relationship between the components of calculated In/
Ix scores and the aims of the metrics’ development, needs to be
formalized when quantitative approaches are applied for conceptual notions (Kerans and Karr, 1994; Karr and Chu, 1997).
Various scientists have proposed many ideal characteristics of the
In/Ix systems as the criteria (Supplemental Table S2). There are
some similarities among those propositions. For example, the
interpretability of the In/Ix systems and relevance to the calculation components are commonly considered as key characteristics
because the aim is to convey to the audience, including decision
makers, the current status of a given situation. From the methodological perspective, measurability and methodological soundness, including data accessibility, appear to be important.
Zaiko and Daunys (2015) suggested the following criteria
for In/Ix development in the biological community, specifically
benthic ecosystems: (1) science-based; (2) ecosystem relevant
and biologically important; and (3) other features such as accuracy, responsivity, sensitivity, specificity, and predictability.
Other scientists have stressed the reproducibility and validity of
the indication system as most salient characteristics (Sullivan,
2002; Sullivan et al., 2003; Rosenberg et al., 2004; Fleischer et
al., 2007). Chaves and Alipaz (2007) provided a set of criteria for
sustainability indicators and parameters, such as the availability
of data to calculate indicators; comprehensibility for non-scientists; credible indicators supported by valid evidence in a scientif1022

ically defensible manner; relevant indicators that reflect changes
in management or activities; and integration that facilitates indicators to demonstrate connections among the environmental, social, and economic aspects of sustainability. Loomis et al. (2014)
summarized 11 unique criteria used for the indicator selection to
include measurable variables within each focal ecosystem component, such as relevance to ecosystem services, responsibility,
the ability to respond to stress earlier than the rest of the system
(i.e., leading indicator), allowing enough time to show a response
to possible management actions, and implementation effectivity
in a study area (Supplemental Table S2).
Karlen et al. (1997) argued that the indication system applicable to soil quality and health should be (1) influential on
assessable soil functions, (2) measurable against definable standards, and (3) sensitive enough to detect changes at the point
scale in time and space. Doran (2002) proposed some criteria for
soil quality/health indication systems that demonstrate sensitivity to management and climatic variation, and provide accessibility and utility to agricultural specialists, producers, conservationists, and policymakers.
In addition to the criteria presented above, Karlen et al.
(1997) suggested that soil quality evaluations should be viewed
as relational rather than absolute because of the diverse purposes
of use. They argued for the use of relative measurements, such
as ratios, rather than absolute values of measurements for the
calculation of In/Ix values. In/Ix measures for soil concepts are
artificial scores that do not have any true value in nature.
We also propose adaptability as one of the features that is
critically important in the In/Ix systems when applied to soil
science. This criterion describes how In/Ix systems provide
the necessary flexibility applied under varying conditions (e.g.,
soil-landscape or climatic conditions in different regions). The
measure can be adapted to specific purposes/goals. For example,
the In/Ix framework could be applied using a small or large set
of inputs (e.g., soil-environmental variables) or different inputs
aligned with a specific purpose (e.g., soil quality, soil security, soil
health, soil fertility, or soil degradation risk). The soil indication
system requires adaptability due to the complexity of the critical
vadose zone that serves as an integrator in which multiple ecosystem processes concurrently operate. In contrast, water science
often focuses only on the purpose of provisioning healthy water
for drinking, and thus, the chemical and physical characteristics
of water. The idea of purity is applicable for water but not for soil
(Karlen et al., 2003). The use of In/Ix systems for soil concepts
is associated with a soil’s fitness for a specific use, indicating the
capacity of soils to function (Doran and Zeiss, 2000) or for a
variety of ecosystem services, such as soil carbon sequestration
(SCseq), soil nutrient storage, or pedo-diversity.
Meadows (1998) pointed out that it is easy to list the ideal
characteristics of In/Ix systems derived from the accumulation
of experiments and experiences, whereas it is much more challenging to find ones actually satisfying those standards. Many soil
scientists have attempted the development of index systems to
evaluate soil quality that meets the criteria mentioned above, but
Soil Science Society of America Journal

this has been difficult due to the heterogeneous characteristics of
soil in space and time (Ross et al., 2013). Some proxy techniques
and their fusion techniques, including geospatial modeling/simulations and soil spectroscopy modeling, have been developed
and applied to predict soil attributes (Grunwald et al., 2015).
However, each technique has limitations that can be costly and
laborious over time (Shepherd and Walsh, 2002), or the focus
can be too narrow.
Another reason could be that no purification concepts exist for soil science (Warkentin and Fletcher, 1977). As opposed
to water quality/health, no “pure” natural soil can be found that
could be used as a reference or standard measured by certain
chemical concentrations. In order words, especially when conceptual notations are quantified, the condition or status of soil
has to be evaluated based on specific uses (e.g., biodiversity) or
human needs/benefits (e.g., food production or conservation).
Furthermore, discussions on objective criteria for In/Ix
evaluation based on mathematical/statistical (axiomatic) viewpoints in environmental studies have not advanced as much
as the conceptual characteristics of In/Ix systems (Table 1).
According to Whittaker et al. (2012), the four criteria Fisher
(1922) used to evaluate the quality of an indication system are:
Homogeneity, Time-reversibility, Transitivity (or Circularity),
and Dimensionality (Commensurability). The first axiomatic
property, Homogeneity, describes the relationship of changes
between inputs and outputs.
We propose three additional In/Ix criteria: (1)
Monotonicity, (2) Homology in space, and (3) Time and space
sensitivity (Table 1) that are specifically relevant in the soil
quality, health, and security context. Monotonicity evaluates
an ordinal-directional behavior of an In/Ix measure. When agricultural production does increase with increasing amounts of
inputs (e.g., chemical fertilizers applied to soil), the relationship
between the input and output is monotonic increasing. For ex-

ample, Monotonicity can be tested using the Mann-Kendall test
(Gilbert, 1987).
Homology in space indicates that the In/Ix behavior is invariant under the same/similar conditions in different geographic regions. For example, Homology in space is met if an index
derived under specific soil-environmental conditions in Region
A is the same/similar when derived under the same/similar soilenvironmental conditions in Region B. ‘Homosoil’ was adopted
for extrapolating soil information from knowledge-rich soil regions to those that lack sampling and knowledge (Mallavan et al.,
2010). We believe that Homology in space is important for soil
properties/types and for soil In/Ix.
The last criteria we propose for the indication quality is
Time and space sensitivity, which ensures that there are significant measurable/observable changes of the In/Ix value in time
and space under external (e.g., climate change or crop management) and internal forcings (e.g., pedogenesis). A soil In/Ix value
might not change dramatically if the calculation is made based
on variables which do not change significantly within a short period or among regions (Smith et al., 2005; Dawson and Smith,
2007). Similarly, the external anthropogenic-environmental and
internal pedogenic factors may exhibit sensitivity across space,
which make the In/Ix value site-specific. The sensitivity of the
In/Ix value to changes of variables (inputs/outputs) in time and
space is profoundly important for a soil-specific In/Ix system.

General Pros and Cons of Indication Systems
The benchmarking process can be understood as a systematic
comparison of the performance of objects with reference (Bogetoft
and Otto, 2011). The In/Ix metrics are often used as a quantitative assessment tool to distinguish the level of performance. Two
major steps generally exist in In/Ix development: (1) selection of
entities (observed measurements or indicators) and (2) conversion
from original values of entities to new In/Ix values (Karlen et al.,

Table 1. Axiomatic features in the Indicators/Indices (In/Ix) system.
Mathematical/Statistical properties
for In/Ix quality
Homogeneity (or Scalability)

Description
This criterion implies a proportional response of the In/Ix system when all inputs increase or decrease. The
response is expressed with a scaling factor or scaling function.

Time-reversibility

This criterion expresses that the index is reversible in time along a fixed time trajectory.

Transitivity

This criterion captures that if the relation holds between the first and second elements and between the
second and third elements, consecutively, it holds between the first and third elements (i.e., equality as in
transitive relation).

Dimensionality (Commensurability)

This criterion refers to the robustness of the index to changing units of inputs/outputs. Dimensionality
guarantees that the index value does not change under varying inputs/outputs (e.g., change in units of both
inputs and outputs).

Monotonicity

This criterion expresses the monotonic trends (i.e., better to worse; lower to higher, and vice versa) in an
index value responding to a change in inputs. Monotone behavior describes the successive index as either
consistently increasing or decreasing.

Homology in space

This criterion describes the index behavior as invariant under the same/similar conditions in different
geographic regions. For example, an index derived under specific soil-environmental conditions in Region
A is the same/similar when derived under the same/similar soil-environmental conditions in Region B.

Time and space sensitivity

This criterion expresses an underlying causative relationship between inputs and the index. Sensitivity
means that when the inputs change over time or in space there is a statistically significant observable/
measurable response in the index value. Or, in other words, the index is not invariant to changes in spacetime inputs.
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2003; Wienhold et al., 2004; Schindelbeck et al., 2008). The aggregation to combine those scores into a single form may be required to measure and compare types of conditions or qualities in
a meaningful way because those characteristics are often viewed
multi-dimensionally (Zago, 2009). Thus, the benchmark developers often ask two fundamental questions: (1) “What variables
need to be selected for the In/Ix calculation?” and (2) “How can
those be converted into In/Ix scores (Meadows, 1998; Whittaker
et al., 2015)?” Each question or step in the In/Ix development has
been explored using subjective, objective, or a combination of subjective/objective approaches (Bastida et al., 2008). Each approach
taken for variable selection and In/Ix conversion can provide the
developers with merits and drawbacks.
We regarded the objective approach as reproducible and
less biased by beliefs and opinions of the developers. Biases
may include knowledge, experience, and perception of particular stakeholders or In/Ix developers. The selection of variables
and weights for score conversion are derived from original (raw)
data statistically or mathematically, although some subjectivity
may occur due to preselection of variables (Xiong et al., 2014)
or conversion methods. Importantly, the strategy underlying the
objective method is formalized in the form of an algorithm or
quantitative selection method based on specific criteria.
Chaves and Alipaz (2007) described the watershed sustainability index calculated by incorporating four so-called
HELP (Hydrology, Environment, Life, and Policy) indicators
(Supplemental Table S3). The use of those factors was adapted
to the framework developed by international organizations,
such as the United Nations Educational, Scientific, and Cultural
Organization. Those calculated indicators were simply averaged
to obtain the overall score of the watershed sustainability index.
Another example was provided by Karr (1981) who presented
the biological community quality index calculated by categorizing observed communities into several quality classes (very poor
to excellent) subjectively and assigning them an index value based
on the author’s experience. This type of In/Ix system usually does
not require any statistical computations or knowledge in calculations to generate scores; hence, end-users would possibly prefer
this type of approach. We cannot technically justify the validity
of In/Ix values developed in the subjective way due to the incapability of measuring the amount of subjectivity in each process.
However, knowing what to measure based on the expert-based
approach prior to sampling campaigns is considered valuable.
Subjectivity involved in the In/Ix development process may
easily outweigh property selection. Thus, the objective approach
which excludes those biases is preferable, especially from a science perspective, although most of the thresholds required for
decisions, such as a significance level (p-value) in classical statistics using probability distribution theory (Halsey et al., 2015),
are arbitrary and have been disputed (Ponsonby and Dwyer,
2014; Baker, 2016). Variables to be considered for calculation of
In/Ix metrics were preselected based on their statistical relevance
to a specific property (often carbon-related) using the analysis of
variance (ANOVA) (Paz-Kagan et al., 2014; Askari and Holden,
1024

2015). The objective approach generally requires additional efforts for implementation compared with the subjective method
yet helps avoid biases of particular stakeholders. The less biased
weighting system derived from an actual dataset is preferable to
ensure reproducibility. Xiong et al. (2014) demonstrated strategic, objective selection of environmental co-variates (n = 210)
using the Boruta algorithm and machine learning methods to
infer on SOC as an indicator.
Overall, we identified some of the common pros and cons
found in the process of variable selection as well as the score calculation process. There is no evidence that either the subjective
or objective approach is better for identifying true benchmark
scores in the In/Ix development process. Each approach adopts
fundamentally different assumptions along the spectrum from
subjective to objective selection methods.

Constraints in Current Indicator/Index
Quantification Research in Soil Science
Intensified global environmental crises need solutions to address the impacts on dwindling soil/land resources and the degradation of their quality. This involves quantifying the absolute
amounts of soil/land that have been impacted and the quantitative assessment of the gradation of the impacts (i.e., quality).
Although the need to quantify soil resources, their quality, capacity, vulnerability, risk for degradation, and potential use are
imminent, the transition from conceptual to quantitative systems/models is still primitive.
Soil scientists have employed quantitative analysis tools to
assess soil information across different spatial or temporal scales,
such as pedo-transfer functions, pedometrics, and Digital Soil
Mapping (DSM). These techniques are aimed to help understand soil-landscape distribution patterns. For example, some
statistical techniques, such as regression models, regression trees,
and neural networks, are often utilized along with geostatistics
and spatial data to map/model soil attributes and classes at a
given time. The conceptual, factorial model framework for soil
assessment, called CLORPT (CL, Climate; O, Organisms, biota; R, Relief; P, Parent material, and T: Time) model, was popularized by Jenny ( Jenny, 1941). McBratney et al. (2003) modified the model to include age and space variables formalized in
the SCORPAN model (S, Soil; C, Climate; O, Organisms; R,
Relief; P, Parent material; A, Age; and N, Space). Grunwald et
al. (2011) enhanced these models by incorporating explicitly the
human dimension, known as STEP-AWBH model (pronounced
“step-up”) (with S, Soil; T, Topography; E, Ecology; P, Parent
material; A, Atmosphere; W, Water; B, Biota; H, Human).
However, those conceptual models have been often used to predict only a single soil variable, which indicates a lack in recognition to predict integrative In/Ix scores. Importantly, SCORPAN
and STEP-AWBH models have the potential to infer on soilrelated In/Ix. Grunwald et al. (2015) discussed the benefits and
constraints of sophisticated/complex and simple/parsimonious
quantification techniques, the latter allowing operationalizing
soil/land management and protecting these resources.
Soil Science Society of America Journal

Earlier works featured the calculation of In/Ix measures
based on straightforward conceptual models of soils. For example, Doran and Parkin (1994) advocated a basic framework for
soil quality (SQ):
SQ = f ( SQE1, SQE2, SQE3, SQE4, SQE5, SQE6 )

[1]

where SQE1 is food and fiber production, SQE2 is erosivity,
SQE3 is ground water quality, SQE4 is surface water quality,
SQE5 is air quality, and SQE6 is food quality. Parr et al. (1994)
developed another equation:

SQ = f ( SP, P, E, H, ER, BD, FQ , MI )

[2]

where SP is soil properties, P is potential productivity, E is environmental factors, H is human/animal health, ER is erodibility,
BD is biological diversity, FQ is food quality/safety, and MI is
management inputs. Although the validity of those calculations
is clearly knowledge-based, the challenge in populating the variables in the soil quality functions is evident. Karlen et al. (1997)
pointed out that no direct-measurable element(s) to assess
soil quality exist, rather integrated relationships and functions
should be evaluated with various parameters. However, many
contemporary scientists have focused only on observations of
a single property of soil, especially carbon content, to infer on
soil quality and/or health (Carter, 2002; Zornoza et al., 2007;
Sharma et al., 2011). This stands in contrast to suggestions that
the indices and indicators should be selected according to the
soil functions of interest and the defined management goals for a
particular ecosystem (Andrews et al. 2002)
Kim et al. (2000) detected two types of problems related
to the quantification of soil quality. One major issue is the arbitrary variable selection for In/Ix calculations. Another issue
is the difficulty of data collection to calculate the In/Ix values
continuously that is restricted by spatial and temporal soil data
availability in the existing databases (Grunwald et al., 2011).
Karlen et al. (1997) asked: (1) “How does the soil function?”
and (2) “What indicators are appropriate for making the evaluations to assess the amelioration/degradation of function?” These
questions highlight the different underlying interests or objectives that should be considered when developing individual In/
Ix scores. Recently, Grunwald (2014) highlighted that soils can
only be quantitatively assessed co-dependent on its valuation.
This valuation is aligned with a specific purpose/need which is
based on either extrinsic (i.e., focused to fulfill a specific human
need, such as food production) or intrinsic (i.e., just for the sake
of it; natural/organic) motivational principles.
When In/Ix measures aim at monitoring (e.g., soil quality
change), data restrictions become another challenge. Kim et al.
(2000) described the issue of data collection in spatial-temporal
format. Wienhold et al. (2004) claimed that quantitative tools
to assess soil concepts are critically important to identify problematic areas spatially and to evaluate management practices over
time. Thus, some authors extended their assessment using indiwww.soils.org/publications/sssaj

rect approaches, such as soil quality models derived from spectral (proximal) data (Paz-Kagan et al., 2014; Veum et al., 2015;
Askari and Holden, 2015). The soil proximal and remote sensing
techniques enable scientists to estimate soil attributes cost effectively, thus allowing the collection of temporal soil datasets or
spatially denser sets (Grunwald et al., 2015). Although the uncertainty in soil estimates derived from spectral data is typically
larger than laboratory measured ones, the former offers the potential for cost-effective monitoring of In/Ix, assuming they are
sufficiently accurate to detect soil change.
Another problem can be found in the statistical methodologies applied to In/Ix development. Whittaker et al. (2012)
revealed that statistical methods, such as factor analyses and
ordination techniques, were prominently found in over 800
publications of their comprehensive literature review to develop environmental In/Ix. However, the most widely used approaches for environmental In/Ix assessment (including PCA,
discriminant analysis, fuzzy logic, and cluster analysis) did not
meet most of the axiomatic criteria for sound In/Ix development
(Whittaker et al., 2015). This critique of inappropriate methodology environmental In/Ix development entails soil-specific In/
Ix. For example, variable selection as well as score transformation in the In/Ix development processes have been conducted
often using ANOVA and ordination techniques, such as PCA.
The In/Ix scores developed through those techniques assert that
the variation (variance) in a given dataset allows inference on
the indicator of importance. These methods compute weights
or loadings to transfer original values into abstract scores, which
may lead to the misunderstanding that variables with relatively
large variations are important or significant components of an
In/Ix expressing soil quality, security, or health. These assertions
also ignore the fact that the variability of soil and environmental properties are not scale invariant, nor are they invariant in
space and through time. Thus, principal component scores that
express the variability in one study (or geographic region, or
specific time) have limited meaning to be compared to another
region or at another time (e.g., providing inference on soil quality improvement/degradation) due to lack of a formalized In/Ix
reference system that allows comparisons. Karr and Chu (1997)
stated that an important aspect of multivariate techniques is that
they can be used with the purpose of pattern analysis, but not
impact assessment or biological monitoring. In particular, PCA,
as well as other ordination techniques, aim at identifying the
major ecological or environmental gradients of variation among
sampling entities (McGarigal et al., 2000). But soil variation does
not necessarily imply quality, health, or security of soils as some
ecological index studies have suggested (Karr and Chu, 1997;
Meadows, 1998).
There are indeed some attractive features in using ordination techniques or other multivariate techniques to calculate
In/Ix measures for impact assessment, such as the capability of
handling multiple variables and data reduction. Some statistical
techniques, such as Mantel tests, can flexibly accept a variety of
datasets under different conditions, such as non-normal distribu1025

tions, multi-collinearity in variables, existing outliers or missing
values, or even temporal and spatial auto-correlations (McCune
and Grace, 2002). Yet the variance of variables is not directly related to the condition or quality of soils. The application of such
widely used multivariate statistical techniques imposes major
drawbacks on In/Ix development, including the requirement of
local calibration and validation when incorporating new samples
collected at different times or spatial locations as well as not considering axiomatic criteria.
We thus invite a critical debate to further discuss soil In/
Ix development. Some soil scientists have apparently used these
statistical methods in an uninformed manner without any methodological justification. This situation motivated us to explore
methods to derive In/Ix scores that are able to overcome the discussed limitations. In particular, DEA and the advanced version
of the technique, called Malmquist Index (MI), fulfill the axiomatic criteria for a scientifically sound In/Ix system. They can
provide a new direction applicable to environmental issues and
soil quality, health, and security assessments (Färe et al., 2004;
Thanassoulis et al., 2008). The DEA and the MI have very rarely
been applied in soil science. We describe the DEA and the MI
briefly in the next section.

sure in regard to performance levels of a decision-making unit
(DMU) which are composed of input(s) and output(s) (Charnes
et al., 1978).

Traditional Methods in Econometrics to Identify
the Best Performance Level
Benchmarking is part of managerial tool-kits which can
improve the quality of goods and services and optimize operations (Berg, 2007). The performance scores derived from the
benchmarking process can serve as catalysts for better stewardship of natural resources, such as soil. The ordinary least squares
method (OLS) is a basic method to evaluate productivity or
performance with a regression line calculated from the combination of input(s) and output(s) (Belbase and Grabowski, 1985).
When the observation points or entities of DMUs are closer to
the regression line or frontier (technology) line, it suggests that
they have better productivity than other points far from the line
(McDonald, 2009).
The corrected OLS, called COLS, uses the regression line
with the same slope but a new intercept, which enables the line
to be crossed through the highest or lowest point in the panel
(Table 2). This could depend on whether the analyst wants to
maximize the output with the same input or minimize the input
but reach the same output (Coelli and Perelman, 1999). Since
the frontier line represents the maximum output attainable
from each level of input, it reflects the current quality/status or
“technology” of the DMUs. The observation point located on
the frontier line shows the technical efficiency. Another parametric method to calculate the efficiency scores is the Stochastic
Frontier Analysis (SFA) which mainly uses the maximum likeli-

Econometric Approaches for Indices
Calculation
Some Terminology in Econometric Theories

First, important terms that are commonly used in the economic realm are explained, such as productivity and efficiency,
which are uncommon in the soil science literature. Their relevance for soil/environmental In/Ix assessment will be explored.
Those terms have been commonly used as a comparison mea-

Table 2. Comparison chart on methodological features in productivity theory. Solid circles () indicate productivity methods can
meet respective indicators/indices features, whereas question marks (?) indicate open sections for further discussion.
Productivity Methods†
Indicators/Indices Features
Multiple inputs/outputs

OLS

Parametric
COLS







Statistical assumptions
- Homogeneity of variance
- Independence
- Normality
- Linearity


(P test)§


(P test)


(P test)

Non-Parametric
Malmquist

SFA

DEA


NA‡
(NP test)§


NA
(NP test)

Conceptual characteristics of ideal indicators/Indices
Relativity
Homogeneity (or Scalability)
Time-reversibility





Axiomatic and statistical/mathematical characteristics of ideal indicators/Indices
?
?
?
?

Transitivity
Dimensionality (Commensurability)

NA
?

NA
?

NA
?

NA
?


?

?






?
?
?
?
?
Homology in space
?
?
?
?
?
Time and space sensitivity
?
?
?
?
?
Monotonicity
?
?
?
?
?
Spatial transferability
† OLS, ordinary least squares; COLS, corrected ordinary least squares; SFA, stochastic frontier analysis; DEA, data envelopment analysis.
‡ NA, not applicable.
§ P test, parametric test; NP test, non-parametric test.
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hood or generalized least-squares method to draw the estimated
frontier line (Gong and Sickles, 1992).
These methods can work easily with a single input and
output; however, multiple inputs on either side can make the
analysis process hard to implement. Considering assumptions of
linear regression models, such as homogeneity of variance, independence, normality, and linearity assumptions, non-parametric
analyses (e.g., DEA) which can handle non-normal variables or
missing data are frequently used (Coelli and Perelman, 1999).

Data Envelopment Analysis and Malmquist Index

put-oriented, can be utilized depending on the scenarios users select (Grifell-Tatjé and Lovell, 1995). In calculating the MI, there
are at least two single periods (t and t + 1) and two mixed period
distance functions between observation points and frontier lines
described as Dit ( x it yit ), where x it and yit are the ith input and
output for DMUi in time period t (Fig. 3). Thus, the MI ti can
be described as the ratio of Dot ( x ot +1 , yot +1 ) to Dot ( x ot , yot ). Since
the input-oriented or output-oriented MI (MIi) is the geometric
mean of the two Malmquist indices developed for each period,
the formula can be illustrated as:

MI
=i

( MI ti ×MI ti +1 )
1/2
 Dit ( X it +1 ,Yi t +1 ) Dit +1 ( X it +1 ,Yi t +1 ) 
× t +1 t t 
 t
t
t
Di ( X i , Yi ) 
 Di ( X i , Yi )
1/2

One well-known technique in benchmark studies is the
DEA which was developed by Charnes et al. (1978). This
[3]
=
technique uses the linear programming method that handles
multiple inputs/outputs and is adaptable to different scenarios
(i.e., returns to scales) (Banker et al., 2011; Cooper et al., 2011).
where D indicates distances driven from two different frontier
When inputs and outputs are collected over different periods or
lines based on the two periods (Färe et al., 2008).
regions, external factors, such as time, are influential on the proOne of the advantages of the MI calculation is that the
ductivity levels (Whittaker et al., 2015). Considering these cases,
geometric mean of two distance functions can be further dethe MI originally proposed by Malmquist (1953), was applied as
composed to address the (technical) efficiency change (EC)
an extension of DEA method to the productivity analysis (Caves
and technology frontier shift (FS) as shown here (Färe and
et al., 1982a).
Grosskopf, 1992):
In the early index number theory, Fisher Ideal Index and
MI=i EC ×FS
Törnqvist Productivity Index (TPI) were of particular interest
Dit +1 ( X it +1 ,Yi t +1 )
in research among econometricians. These indices are math=
×
ematically classified as a second-order approximation technique
Dit ( X it , Yi t )
[4]
that is exact for flexible aggregator functions. In other words, the
1/2
 Dit ( X it +1 ,Yi t +1 )
Dit ( X it ,Yi t ) 
indices can compare input, output, and productivity calculated
 t +1 t +1 t +1 × t +1 t t 
from two components simultaneously using either time-series,
 Di ( X i , Yi ) Di ( X i , Yi ) 
cross-section, or panel data (Caves et al., 1982a). Since the TPI is
The value of EC (left part of ratio in front of the half-powequal to the geometric mean of two MI (Caves et al., 1982b), the
ered blanket in Eq. [4]) reaches above one when DMUi at time
indices encompass the axiomatic characteristics as described in
t + 1 has a higher efficiency in output(s) given input(s) than the
the section on criteria for indices (Whittaker et al., 2015).
DMUi at time t because the former is more closely located to the
In practice, the MI is calculated based on the distance funcfrontier rather than the latter. FS (right part of ratio multiplication proposed by Shephard (1977) in the context of consumer
tion within the blanket in Eq. [4]) explains the overall technolindex. Two different types of functions, input-oriented or out-

Fig. 3. Graphical illustration of the Malmquist Index (T is the technology line, X is input, Y is output, t or t + 1 means time, i is each observation/
sample). The original point is represented by a zero “0” on the horizontal and vertical axes. The solid black arrow shows the change in efficiency
of the sample over time, while the shaded arrow indicates of frontier shift. Dit (xit, yit) is the distance function for the sample i in the time t with
input x and output y. Solid circles are samples.
www.soils.org/publications/sssaj
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ogy shift from time t to t + 1. The positive technology progress
is observed when FS is above the value of one, while FS below the
value of one indicates a technology decline.
In another graphical illustration to explain calculations of
the MI, EC, and FS, the following equation is helpful (Fig. 3;
Coelli et al., 2005; Färe et al., 2008):
1/2

 od /oe od /of 
MI i 
=
×

 oa/ob oa/oc 

[5]

where

EC =

od /of
oa/ob

[6]
1/2

 od /oe od /ob 
=
FS 
×
[7]

 od /of oa/oc 
and the conditions of technology T should be satisfied with
=
Di ( x , y ) min { q :( x , y )/q∈T }.
Chen and Ali (2004) even attempted to decompose further
the above equation, which implies that MI is useful when evaluating the trends for the total technology level and each DMU’s
productivity with multiple inputs/outputs is collected at different times.
When this technique is applied to soil quality research, improvements or declines of soil quality over time can be identified
based on the Malmquist In/Ix measures. For example, assume we
have a dataset of SOC collected at three or more times to calculate the gain or loss of soil carbon through time. Then we can use
the carbon sequestration rate as output and relevant environmental- and human variables as inputs to calculate the scores. This
allows identifying the most efficient geographical areas or land
use/land cover types with the highest sequestration rate based
on the input levels. We may also calculate the distance from the
DMU point locations to the technical frontier line so that we
can identify the attainable capability of SCseq in each region or
time. Other soil functions and conceptual frameworks, besides
soil carbon sequestration, such as nutrient efficiency, erodibility,
vulnerability to human impacts, and so forth, could be evaluated.
Importantly, these efficiency metrics represent an Ix that considers simultaneously and explicitly inputs and outputs relative to
the optimum (the frontier). For example, the SCseq Ix in an arid
soilscape is constrained by physical, biological, and chemical
processes compared to wetland soils (Histosols) even if the same
amount of carbon residue serves as input into the soil.
Jaenicke and Lengnick (1999) used the DEA and MI approaches to assess soil productivity to optimize agricultural management. In this study, the crop yield was set as output, while soil
chemical, physical, and biological properties were set as inputs.
Consequently, seven variables in total were chosen: available
phosphorus and potassium as well as acidity and available magnesium as chemical indicators, bulk density and water-holding
capacity as physical indicators, and carbon-nitrogen ratio as biological indicator. The calculated MI scores were used to create
contour maps throughout the study area. This pioneering study
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demonstrated that soil quality In/Ix across space and time can be
assessed through the DEA and MI.
The econometric methods are not necessarily constrained
to use for agricultural production capability or efficiency. Other
functions/capability of soil such as soil carbon sequestration
(SCseq) can also be assessed. A case study using two basic econometric methods, DEA and SFA, was developed (see Appendix).
Environmental/soil information and SCseq rate were incorporated into models as inputs and outputs for calculating a capability index of the function, respectively (Supplemental Table S4).
The data for two different land use types, improved pasture and
upland forests, were simulated from values originally found in
the literature. The DEA scores showed the statistical significance
found in the capability of the soil carbon sequestration function among two different land use types compared to the SFA
(Supplemental Figure S1). The case study indicated that the nonparametric approach, DEA method, is more sensitive than the
SFA when incorporating multiple inputs, although results from
DEA and SFA can be highly correlated (Ghorbani et al., 2010).
More importantly, both methods produced scores indicating the
capability level of the function as well as the attainable level beyond measuring or estimating outputs (SCseq rate) alone. Thus,
we believe the soil science community would benefit by applying such underexplored innovative methods from econometrics
for quantifying various kinds of soil functions and soil concepts.
Details of the case study can be found in the Appendix. The actual case study using the SCseq rate derived from measured soil
carbon to calculate the SCseq capability index is also available in
a previous publication (Mizuta et al. 2016).

Future Research Opportunities
The incorporation of the knowledge and skills developed
in the economy field, particularly econometric theory, could be
used to address integral issues in soil science and environmental science. Many different complex soil function models can be
developed with more integrated combinations of inputs and/or
outputs using econometric methods such as DEA and MI. The
authors imagine that the calculated soil In/Ix measures could be
predicted using visible-near-infrared/mid-infrared spectroscopy.
However, such spectral-derived soil In/Ix need to be verified and
validated carefully.
The In/Ix measure can also be spatially mapped out to view
the In/Ix measure distribution throughout geographical space.
This may allow shifting from soil property maps/models to
more integrative spatially-explicit assessment of soil quality and
soil security.

Final Remarks
We demonstrated that soil paradigms, such as soil quality, health, and security share commonalities, namely to sustain
and protect soils. However, the quantification of these critically
important soil concepts have been often limited to single soil
properties/classes and have shown a lack to meet the criteria of
axiomatic indication systems.
Soil Science Society of America Journal

We provided a comprehensive review of In/Ix in soil and
environmental sciences and their constraints. We identified several econometrical methods with the potential to be applied to
assess the quality and quantity of soils. These methods, such as
the DEA and MI, are in line with the axiomatic criteria of In/
Ix systems and provide a reference framework that can be applied to assess diverse soil function, quality, risk, degradation,
and security at various spatial and temporal scales. The benefit
of econometrical methods is their ease of use and adaptability.
They allow comparing efficiency and capability scores in different soilscapes that has not been possible with conventional DSM
and pedometric approaches. The transformative potential to
take the leap for more integrative soil quality, health, and security
assessments by interfacing econometrics and soil/environmental
sciences is profound. This will enable scientists to bring interdisciplinary research grounded in soil science- econometrics,
“Pedo-Econometrics”, to decision makers and the general public.
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SUPPLEMENTAL MATERIAL

A supplemental file is available with the online version of this article. The
supplemental material includes one figure and four tables. Supplement
Fig. S1 shows simulated scores calculated by the DEA and the SFA for
improved pasture and upland forests. Supplemental Table S1 shows the
list of 52 different definitions of soil-related concepts. Supplemental
Table S2 summarizes proposed criteria on roles/characteristics for ideal
indicators/indices. Supplemental Table S3 explains selected examples of
indicators/indices calculated in ecological and environmental sciences.
Supplemental Table S4 shows the summary of descriptive statistics for
simulated data of variables used for index calculation.

APPENDIX

The purpose of this case study is to demonstrate the applicability of
econometric techniques suggested for soil science studies. A parametric
method, Data Envelopment Analysis (DEA), and non-parametric
method, Stochastic Frontier Analysis (SFA) were used (Table 2).
The soil carbon sequestration function was chosen as a target output
function to be maximized. Soil/environmental inputs that contribute
to the function, including Normalized Difference Vegetation Index
(NDVI), pH, and fertilizers (nitrogen, phosphorus, and potassium),
were incorporated into the models. Randomly generated values
(n = 1000) were simulated from the normal distribution for each
variable based on values with specific ranges and means found in the
literature (Supplemental Table S4). Index scores from both DEA and
SFA range between zero and one (Supplemental Figure S1). Scores
close to one represent high capability of the function. The parametric
method, DEA, found statistically significant differences in the scores
using non-repeated measures of the ANOVA (Tukey comparison
tests) among land use types (F value = 186.2, p < 0.05), whereas SFA
scores did not (F value = 0.037, p > 0.1). DEA and SFA results are not
directly comparable because both models are built based on different
assumptions and trade-offs (Hjalmarsson et al., 1996; Johannes, 2007).
However, the DEA approach indicated that soils in improved pasture
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are more capable than soils in upland forests to sequester soil carbon.
Although the SFA showed insignificant results, both methods evaluate
the capability of this selected soil function, which is beyond measuring
or estimating the SCseq rate itself. The level of capability was calculated
considering the output and input aspects despite incorporating multiple
variables with different units. An additional benefit of using such
analysis is its transferability to other geographic regions, providing
a standardized indication system to quantify specific soil functions
(Table 1). This econometric approach also provides a reference value to
calculate the attainable level of capability, which would not be possible
by using conventional multivariate statistics methods in the literature.
Innovative methods entail great potential to advance research of
quantifying various soil functions and concepts, but more investigations
are necessary to adopt these underexplored approaches for soil science
as suggested in the manuscript.
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