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Abstract

Conventional agricultural productivity assessments that exclude carbon emissions may
provide an incomplete representation of environmental performance, particularly when pro-
duction technologies differ across regions. This study examines how excluding agricultural
carbon emissions changes measured productivity growth in Chinese agriculture. Using
panel data for 30 provinces from 2012 to 2021, we apply a Global Malmquist-Luenberger
(GML) framework using regional group frontiers and a national meta-frontier. Productivity
is estimated with and without carbon emissions and decomposed into efficiency change
(EFFCH) and global technology-gap change (GTC). Regional technology gap ratios (TGRs)
are also examined. Under constant returns to scale, the mean group-frontier GML index
increases from 1.011 to 1.012 when emissions are excluded, while the meta-frontier index
rises from 1.014 to 1.025. However, the direction of the difference varies across provinces
and years. Under the meta-frontier, excluding emissions increases mean EFFCH but reduces
mean GTC. The Central region records a lower emissions-inclusive TGR than the Eastern
and Western regions, indicating a larger measured technology gap. Sensitivity analyses
using variable returns to scale, alternative input specifications, and leave-one-province-
out estimation show that some differences depend on modeling choices. These results
demonstrate the importance of environmental specification and reference technology in
interpreting agricultural productivity growth.

Keywords: agricultural productivity; global Malmquist-Luenberger index; carbon emissions;
environmental omission; meta-frontier analysis; technology gap ratio

1. Introduction

With the accelerating pace of global climate change, green growth has emerged as a cen-
tral pillar of sustainable development strategies worldwide. In the agricultural sector, green
growth extends beyond the expansion of output and income to encompass environmental
protection, resource efficiency, and long-term ecological sustainability [1]. In China, green
agricultural development has been explicitly positioned as a key component of supply-side
structural reform and high-quality agricultural modernization [2]. Over the past decades,
agricultural development has played a crucial role in ensuring food security and supporting
rural economic growth [3,4]. However, conventional productivity measures are not neces-
sarily environmentally neutral. When carbon emissions are excluded from productivity
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measurement, environmental costs are not incorporated into the production technology,
potentially affecting estimated agricultural productivity growth and the interpretation of
its components [5].

Anthropogenic activities remain the dominant driver of global carbon dioxide emis-
sions [6]. As one of the world’s largest carbon emitters, China has committed to peaking
carbon emissions before 2030 and achieving carbon neutrality before 2060 [7]. Agricul-
ture contributes to China’s carbon emissions, accounting for approximately 7% of the na-
tional total, while traditional input-intensive agricultural practices have placed considerable
pressure on the ecological environment [8]. Consequently, improving agricultural green
production efficiency has become an important pathway toward sustainable agricultural de-
velopment [9]. Nevertheless, China’s agricultural sector made limited progress in reducing
greenhouse gas emissions during 2008-2017 [10]. These environmental challenges highlight
the importance of incorporating environmental considerations into agricultural produc-
tivity assessment. Conventional productivity measures that exclude undesirable outputs
may provide an incomplete assessment of agricultural performance because environmental
outcomes are not explicitly represented in production technology [8].

Previous studies have incorporated carbon emissions and other undesirable outputs
into productivity measurement to evaluate agricultural green performance [6,9,11-13]. Sev-
eral studies have identified technological change as an important contributor to agricultural
green productivity growth, while also documenting regional differences [8,14,15]. Related
research has examined the influence and spatial spillover effects of carbon emissions trading
on agricultural green total factor productivity [16]. However, the present study focuses
on a different measurement question: how does excluding agricultural carbon emissions
change estimated productivity growth and its components when provinces are evaluated
against alternative reference technologies?

2. Theoretical Framework
2.1. Environmental Constraints and Productivity Measurement

The methodological development of environmentally adjusted productivity measure-
ment provides a basis for addressing this issue. The directional distance function was intro-
duced to accommodate simultaneous adjustments in desirable and undesirable outputs [17].
Building on this framework, Chung et al. [ 18] developed the Malmquist-Luenberger (ML)
productivity index, enabling intertemporal productivity comparisons while explicitly incor-
porating undesirable outputs. Although the ML index represents an important method-
ological advance, subsequent research has identified several limitations of conventional ML
formulations, including intertemporal infeasibility and difficulties in ensuring compara-
bility across periods. In response, Oh [19] introduced the Global Malmquist-Luenberger
(GML) index using a global production possibility set, thereby establishing a common
intertemporal reference technology and addressing the infeasibility problem associated with
conventional ML formulations. Zhang and Choi [20] further developed a meta-frontier
non-radial Malmquist index incorporating slack adjustments, while Emrouznejad and
Yang [21] proposed a RAM-based global Malmquist-Luenberger framework that allows
non-proportional efficiency adjustments. These methodological developments have ex-
panded the flexibility of productivity measurement under environmental constraints.

The application literature further demonstrates that environmental adjustment can
affect both productivity estimates and their decomposition. ML- and GML-based measures
have been applied to environmentally intensive industries, including manufacturing and
energy production. Existing evidence indicates that incorporating undesirable outputs
can alter productivity estimates and the decomposition of productivity growth [22,23].
Kumar [24] found that environmental adjustment affects estimates of technical and efficiency
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change. Using a Malmquist-Luenberger productivity framework for U.S. agriculture, Kim
and Kim [25] found that excluding undesirable outputs led to an overestimation of annual
productivity growth. Their findings highlight the importance of environmental adjustment
in agricultural productivity measurement, although the direction and magnitude of such
differences may vary across empirical settings and reference technologies. Yu et al. [26]
further assessed eco-efficiency and productivity growth in China’s pulp and paper industry
while accounting for undesirable environmental outputs.

More recent studies have continued to develop environmentally adjusted productivity
frameworks. Zhu et al. [6], for example, developed a total factor carbon emission productiv-
ity framework linking energy inputs and carbon emissions within a GML framework and
found that productivity dynamics were primarily driven by technological change rather than
efficiency change. Wei et al. [23] examined carbon productivity dynamics and their drivers
in China’s thermal power sector. Collectively, these studies demonstrate the importance
of incorporating environmental considerations into productivity assessment, while also
indicating that environmental adjustment can influence the interpretation of technological
and efficiency changes.

Agricultural studies have further highlighted the importance of environmental con-
siderations in productivity assessment. Zhang et al. [27] identified regional differences in
agricultural carbon emission efficiency, while Wu et al. [28] examined agricultural ecological
efficiency under low-carbon policy interventions. Yang et al. [29] incorporated undesir-
able outputs into agricultural green productivity measurement. Although these studies
provide valuable evidence on environmentally adjusted agricultural performance, they do
not directly establish how environmental-specification differences vary across alternative
reference technologies. This distinction motivates a joint consideration of environmental
specification and regional technological heterogeneity.

2.2. Technological Heterogeneity and Meta-Frontier Approaches

Environmental specification is only one dimension of agricultural productivity mea-
surement; the choice of reference technology is another. Agricultural production conditions
vary across regions because of differences in agroecological conditions, factor endowments,
and technology adoption. Meta-frontier approaches account for such heterogeneity by
distinguishing group-specific production technologies from a broader reference technology.
In China, Zhong et al. [30] documented regional differences in technical efficiency, produc-
tion potential, and technology gaps, while Wang and Du [31] examined the relevance of
heterogeneous production technologies for agricultural green productivity measurement.
Zhong et al. [32] further investigated regional and scale heterogeneity in pig production
using a three-level meta-frontier framework. These studies establish the importance of
accounting for technological heterogeneity. However, identifying regional technology gaps
does not, by itself, reveal whether the measured consequences of excluding undesirable
outputs differ between group-frontier and meta-frontier specifications. Table 1 summarizes
the methodological developments and empirical findings discussed above.

Table 1. Summary of key studies on environmentally adjusted productivity measurement and
agricultural green productivity.

Research Stream

Author(s) Main Contribution/Findings Method

Methodological
Development

Introduced the directional distance function (DDF) to

Chambers, Chung & Fare [17] jointly model desirable and undesirable outputs. DDF
Developed the Malmquist-Luenberger (ML)
Chung, Fare & Grosskopf [18]  productivity index incorporating undesirable outputs DDEF; ML Index

into productivity measurement.
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Table 1. Cont.

Research Stream

Methodological
Development

Author(s) Main Contribution/Findings Method
Proposed the Global Malmquist-Luenberger (GML)
Oh [19] index using a global production possibility set, GML Index

ensuring circularity and avoiding
infeasibility problems.

Zhang & Choi [20]

Developed a metafrontier non-radial Malmquist index
incorporating group heterogeneity and
non-radial slacks.

Meta-frontier Non-radial
Malmquist

Emrouznejad & Yang [21]

Proposed a RAM-based Global ML framework
allowing non-proportional efficiency adjustments.

RAM-GML

Environmental
Productivity Studies

Kumar [24]

Found that environmental adjustment significantly
affects estimates of technical and efficiency change in
productivity measurement.

DEA; ML

Kim & Kim [25]

Showed that ignoring undesirable outputs may
overestimate agricultural productivity growth.

DEA; ML

Chang, Zhou & Kung [22]

Evaluated carbon emission performance using
environmentally adjusted productivity measures.

Malmquist Productivity
Index

Yuetal. [26]

Assessed the eco-efficiency and productivity growth of
China’s pulp and paper industry while accounting for
undesirable environmental outputs.

DEA; SBM

Xu & Tan [11]

Evaluated CO, emissions performance and reduction
potential while accounting for regional
technological heterogeneity.

Non-radial Metafrontier
Malmquist CO,
Performance Index

Wei et al. [23]

Evaluated carbon productivity dynamics and their
drivers in China’s thermal power sector

Bootstrap DEA; MLPI

Zhu et al. [6]

Developed a TFCEP framework incorporating the
linkage between energy inputs and carbon emissions
and showed that productivity dynamics were primarily
driven by technological change rather than
efficiency change.

GML

Agricultural Productivity

Studies

Zhang et al. [27]

Identified significant regional disparities in agricultural
carbon emission efficiency and highlighted the role of
technical efficiency.

DEA-Malmquist

Wu et al. [28]

Evaluated agricultural ecological efficiency under
low-carbon policy interventions.

Spatial
Difference-in-Difference
(SDID)

Yang et al. [29]

Demonstrated the importance of incorporating
undesirable outputs into agricultural green total
productivity measurement.

SBM-DDF-ML

Meta-frontier
Agricultural Studies

Zhong et al. [30]

Revealed substantial differences in technological
efficiency, production potential, and technology gaps
across eastern, central, and western China.

Meta-frontier
Malmquist-Luenberger
(MEML)

Wang & Du [31]

Regional heterogeneity in agricultural production
technologies can affect productivity measurement
under a common frontier.

Meta-frontier ML

Zhong et al. [32]

Revealed significant regional and scale heterogeneity in
pig breeding green productivity through a three-level
meta-frontier framework.

Three-level MFML

2.3. Conceptual Framework and Research Gap

Previous research has established important foundations for environmentally adjusted
productivity measurement and the analysis of heterogeneous production technologies.
Studies based on directional distance functions and ML or GML indices have developed
methods for incorporating undesirable outputs into productivity assessment [17-21]. Em-
pirical research has also shown that excluding undesirable outputs can alter measured
productivity growth, including in agricultural applications [24,25]. Separately, meta-
frontier studies have documented technological differences across agricultural regions
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and production systems [30-32]. These contributions establish the relevance of environ-
mental adjustment and technological heterogeneity, but they address distinct dimensions
of productivity measurement.

Three related issues motivate the present study. First, the direction and magnitude of
environmental-specification differences may depend on whether observations are evaluated
against regional group-frontiers or a national meta-frontier. Second, differences in aggregate
productivity growth may conceal contrasting changes in efficiency change and global
technology-gap change. Third, the interpretation of these differences requires assessing
their sensitivity to returns-to-scale assumptions, input selection, and the composition of the
provincial sample. These issues are particularly relevant when small average differences
are used to draw conclusions about environmental omissions.

To examine these issues, this study applies a Global Malmquist-Luenberger (GML)
framework to a balanced panel of 30 Chinese provinces from 2012 to 2021. Productivity is
estimated with and without agricultural carbon emissions under regional group-frontiers
and a national meta-frontier. The analysis compares aggregate GML productivity growth
and its efficiency-change (EFFCH) and global technology-gap change (GTC) components.
Contemporaneous technology gap ratios (TGRs) are examined separately to characterize
regional technological heterogeneity. CRS/VRS comparisons, alternative input specifica-
tions, and leave-one-province-out analyses are used to assess the sensitivity of the results.
The overall analytical framework is illustrated in Figure 1.

01 DATA | 30 provinces - 2012-2021 - 300 province-year observations

FOUR INPUTS DESIRABLE OUTPUT UNDESIRABLE OUTPUT
Machinery power - Rural electricity consumption Agricultural output value Agricultural carbon emissions
Agricultural labor - Agricultural S&T investment (2012 constant prices) (six production-related sources)
02 TWO-DIMENSIONAL MODEL DESIGN
ENVIRONMENTAL SPECIFICATION REFERENCE TECHNOLOGY
With carbon emissions | Without carbon emissions Regional group frontier | MNational meta-frontier
2 environmental specifications x 2 reference technologies = 4 combinations
03 PRODUCTIVITY INDICES AND REGIONAL COMPARISONS
GML PRODUCTIVITY DECOMPOSITION DESCRIPTIVE COMPARISONS
GML = EFFCH x GTC Environmental-specification differences - Group vs. meta GML
GTC: global technology-gap change Contemperaneous TGR - Eastern / Central / Western regions
04 ROBUSTNESS AND NUMERICAL VERIFICATION
CRS/VRS INPUT SPECIFICATIONS LOPO NUMERICAL AUDITS
MO0: Baseline (4 inputs)
Returns-to-scale Leave-one-province-out LP feasibility - GML identities

M1: Without electricity

sensitiv
fy M2: Without S&T investment

30 re-estimations Frontier nesting - TGR

Figure 1. Analytical framework for assessing environmental-specification differences and technologi-
cal heterogeneity in Chinese agricultural productivity. Notes: The framework combines two environ-
mental specifications (with and without agricultural carbon emissions) and two reference technologies
(regional group-frontier and national meta-frontier). GML denotes the global Malmquist-Luenberger
productivity index, EFFCH denotes efficiency change, GTC denotes global technology-gap change,
and TGR denotes the contemporaneous technology gap ratio. CRS and VRS represent constant
and variable returns to scale, respectively. S&T denotes science and technology, and LOPO denotes
leave-one-province-out analysis.
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This study contributes to the literature in three ways. First, it extends empirical
comparisons of environmentally adjusted productivity by examining how environmental-
specification differences vary across regional group-frontiers and a national meta-frontier.
Second, it distinguishes changes in aggregate GML productivity from changes in efficiency
change (EFFCH) and global technology-gap change (GTC), while separately examining
contemporaneous technology gap ratios (TGRs) to characterize regional technological het-
erogeneity. Third, it assesses the sensitivity of environmental-specification differences to
returns-to-scale assumptions, input selection, and provincial sample composition, iden-
tifying both relatively stable patterns and results that require more cautious interpreta-
tion. Together, these contributions provide a more nuanced understanding of how mea-
sured agricultural productivity growth varies across environmental specifications and
reference technologies.

3. Methodology
3.1. Analytical Framework

This study examines whether excluding agricultural carbon emissions changes mea-
sured productivity growth in Chinese agriculture. It combines directional distance functions
(DDFs), the Global Malmquist-Luenberger (GML) index, and a meta-frontier framework.
The approach accommodates undesirable outputs and allows regional technologies to
differ [18,19,33].

Two specifications are estimated using identical inputs, desirable outputs, observations,
and reference-period structures. The environmental specification includes agricultural
carbon emissions as an undesirable output; the alternative omits emissions. Separate group
frontiers are estimated for Eastern, Central, and Western China, and a national meta-frontier
is constructed from all 30 provinces [34]. The global reference set pools observations over
2012-2021, providing a fixed benchmark across years [18,35]. CRS is the benchmark and
VRS is examined as a sensitivity specification.

3.2. Production Technology and Directional Distance Function
3.2.1. Environmental Production Technology

Let x; € R} be the input vector for province i in year t, y;, € R, desirable agricultural
output, and b; € R, agricultural carbon emissions. Inputs are agricultural machinery power,
rural electricity consumption, agricultural labor, and agricultural science and technology
investment. Environmental production technology is defined as follows:

PE(x) = {(y,b):x can produce (y,b)} (1)
For a reference set R containing ny observations, the empirical DEA technology is
PE(x) = {(y,b) : XgA < x, YrA >y, BgA =b, A > 0} (2)

Here, Xy, Yy, and By are reference input, desirable-output, and undesirable-output
matrices, and A is the vector of intensity weights. The equality restriction on undesirable
output prevents emissions from being treated as freely removable within the specified DEA
representation. It is a modeling choice, not by itself proof that every weak-disposability
or null-jointness axiom holds; this distinction is particularly important for VRS technolo-
gies [36,37].

CRS imposes nonnegative intensity weights. Under VRS the additional convexity
restriction is

A=1 (3)
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The no-emissions specification removes the undesirable output restriction:
PR(x) ={y:XgA <x, YrA >y, A > 0} (4)

The VRS convexity condition is also applied to this specification when required.

3.2.2. Directional Distance Function

The DDF evaluates the feasible proportional expansion of desirable output and contrac-
tion of undesirable output, conditional on inputs [18]. The chosen direction is ¢ = (y;;,—b;;)-
For environmental technology,

_E
Dr(Xits Yits bit; Yirs —byy) = H,BlaAX,B 5)
subject to
XrA < Xy,
YrA = (1 + By,
BgrA = (1 - :B)bitl
A>0,
B =0.

For the non-emissions technology, the corresponding program is

SN
Dg (X, Yit Yir) = r%%xﬁ (6)

subject to
XpA < x,

YrA 2 (1 + B)Yies
A =0,
B>0.
For VRS, }°A; = 1is additionally imposed. The optimum  measures the greatest

feasible improviament along the selected direction; a value of zero is a valid optimum. All
linear programs are solved with Rglpk. The constraints are normalized by the strictly
positive values of the evaluated observation, and computed solutions are checked for
optimal status and numerical feasibility.

3.3. Group and Meta-Frontier Global Malmquist—Luenberger Indices
3.3.1. Global Reference Technologies

Global reference technologies are formed by pooling observed production activities
over 2012-2021. Let O} denote the observations in region r in year t. The regional global
technology is

2021
TGS = DEAS( U O;) (7)
+=2012
and the national meta-frontier is

2021
TS, =DEAS< U 0,{4) (8)

+=2012

Here, s € {E,N} identifies the emissions and no-emissions technologies, respectively.

The national pool contains every regional observation, so its feasible technology nests each

regional technology under a common returns-to-scale and environmental specification.

This implements the distinction between group-specific and common reference technologies

in meta-frontier analysis [33,34]. The global pooling approach is consistent with the global
productivity measurement framework developed in previous studies [19,35].
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3.3.2. Group GML and Meta-Frontier GML
For province i in region r, the group index is
-G,
GMLgmup,s _ 1 +_>[G),rs (zit) 9)
1+D, (2i441)
The national meta-frontier index is
-Gs
MFGML;, = L+ D () (10)

-G,s
1+ Dy (2i441)
Both indices use a fixed global reference technology. Values above one indicate mea-
sured productivity improvement, whereas values below one indicate deterioration. Group
GML evaluates change relative to regional global technology, whereas MFGML uses pooled
national technology. The indices are computed separately with and without carbon emis-
sions and under CRS and VRS.

3.3.3. Efficiency Change and Global Technology-Gap Change
The contemporaneous efficiency-change factor is

s
1+ Dp (zy)
—t+l,s

1+ Dp (Zi,t+1)

EFFCHL* = (11)

where F € {Group,Meta}. The ratio between the global and contemporaneous distances is

-G,s
1+D ;
GAPf';'S _ -t 1; (zit) (12)
—1,8
1+ Dr (z4)
The intertemporal change in this ratio is
GAPL*
GTC® = —*1— (13)
GAP;
These definitions yield the exact identity
GMLL® = EFFCHY* x GTCL? (14)

The residual component is denoted as TECH_RATIO in the R implementation and
is interpreted here as global technology-gap change (GTC). This component should not
be interpreted as conventional adjacent-period Malmquist-Luenberger technical change,
because it is derived from changes in the global-to-contemporaneous technology-gap ratio
rather than directly measuring shifts in the production frontier. This distinction is important
for avoiding unwarranted frontier-shift interpretation.

3.4. Measurement of Environmental-Specification Differences

The emissions specification evaluates productivity change subject to a carbon-emissions
constraint, while the no-emissions specification removes that constraint. The meta-frontier
difference is

AGMLYM* = MFGMLY — MFGMLE (15)

and the group-frontier difference is

AGMLgmup — GMLgroup,N _ GMLgmup'E (16)
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Component differences are likewise defined as
AEFFCH}, = EFFCH}'N — EFFCH}* (17)
AGTCL = GTCiN — GTCLE (18)

Positive values indicate higher estimated indices when emissions are excluded; neg-
ative values indicate the reverse. No sign restriction is imposed. Although removing the
emissions constraint expands the feasible production set for a given observation, the sign
of a productivity change difference is not predetermined because each index is a ratio of
intertemporal distances. The resulting differences are interpreted as specification sensitivity
rather than independently identified causal bias.

3.5. Environmental Omission and Technological Heterogeneity

The meta-frontier framework allows for technological heterogeneity across groups [33,34].
To distinguish environmental-specification sensitivity from differences arising from the choice
of technology reference, the study defines the following descriptive measures:

AGMLi\t/Ietafcmup,E — GML?t/Ieta,E _ GMLSroup,E (19)

This difference captures variation in measured productivity change associated with the
choice of reference technology. It should not be interpreted as the absolute distance between
regional and national production frontiers or as a direct measure of the technology gap.

To characterize contemporaneous technological heterogeneity, we additionally calcu-
late the technology gap ratio (TGR):

1,5
1+ Dr (Zit)

—1t,5

1+ Dy (zi)

TGR;, = ,  O0<TGR;<1. (20)

—t,5 —

where D, and D;; denote directional distance functions evaluated relative to the regional
group technology and the national meta-frontier, respectively, under specification s. Given
the nesting of regional production technologies within the national meta-frontier, a TGR
closer to unity indicates a smaller measured technology gap, while a lower value indi-
cates a larger gap. This interpretation is conditional on the adopted directional-distance
formulation and the corresponding frontier construction.

The empirical analysis compares environmental-specification differences under group-
frontier and meta-frontier technologies and examines contemporaneous technology gap
ratios across the Eastern, Central, and Western regions. These measures provide comple-
mentary descriptive perspectives on productivity measurement and regional technological
heterogeneity. The analysis is descriptive and does not seek to establish causal relationships
or statistically significant associations between environmental-specification differences and
meta-frontier adjustments.

3.6. Data and Sensitivity Analysis
3.6.1. Data and Deflation

The balanced panel comprises 30 mainland Chinese provinces over 2012-2021, ex-
cluding Tibet because of data limitations. It contains 300 province-year observations and
yields 270 consecutive-year productivity-change observations. Four inputs are included:
agricultural machinery power (x;), rural electricity use (x,), agricultural labor (x3), and
agricultural science and technology investment (x,). Agricultural production value is the
desirable output (y), and agricultural carbon emissions are the undesirable output (b).
Total crop-sown area (x5) was used as an additional proxy for agricultural land input in the
M3 sensitivity specification.

https://doi.org/10.3390/agriculture16212344


https://doi.org/10.3390/agriculture16212344

Agriculture 2026, 16, 2344

10 of 31

The statistical data were obtained from the China Statistical Yearbook and the China
Rural Statistical Yearbook, published by the National Bureau of Statistics of China (https://
www.stats.gov.cn/), together with the compiled datasets described below. The agricultural
carbon emissions data and their accounting method are described in Section 3.6.2.

Rural electricity use (x,) is measured using the statistical indicator “Rural Electricity
Consumption”. This indicator is used as a proxy for electricity-related input in the rural
production environment. Because rural electricity consumption is not necessarily restricted
to agricultural production, it may also capture electricity use in non-agricultural activities.

Agricultural science and technology investment (x,) was obtained from a third-party
compiled dataset made available on 29 June 2023 through a Baidu Netdisk collection titled
“Agricultural Carbon Emissions, Agricultural Statistical Yearbooks, Rural Revitalization,
Micro-level Surveys, and Other Agriculture, Rural Areas, and Farmers Research Datasets”
(https://pan.baidu.com/s/1yOviOVc8E9fxbP63CXMvg; accessed on 30 May 2025). In this
study, x, is used as a proxy for financial resources associated with agricultural scientific and
technological activities, rather than as a direct measure of agricultural R&D expenditure.
As the underlying compilation methodology is not fully documented in the available source
materials, the variable is interpreted within this operational definition.

The contemporaneous inclusion of x, in the DEA framework reflects resources recorded
in each observation year, while the productivity effects of such investment may emerge
over a longer period. To assess the sensitivity of the estimates to this input specification,
Model M2 excludes x, and re-estimates the productivity indices under both CRS and VRS
within the group- and meta-frontier frameworks. This alternative specification provides an
additional basis for evaluating the dependence of the reported results on the inclusion of
the compiled investment proxy.

Agricultural science and technology investment and agricultural production value were
converted to constant 2012 prices using the consumer price index (CPI) and an agricultural
producer price index, respectively:

nominal

4,it
el = 100 (21)
1 CPIi%OlZ—lOO
y{mmirml
yff”l = it x 100 (22)

- 2012=100
PPI2

The CPI and agricultural producer price index data were obtained from the China
Statistical Yearbook, published by the National Bureau of Statistics of China (https://
www.stats.gov.cn/; accessed on 12 October 2026). The CPI was used to deflate nominal
agricultural science and technology investment (x,), while the agricultural producer price
index was used to deflate nominal agricultural production value (y). Both indices were
expressed with 2012 as the base year (2012 = 100) before deflation.

The CPI was used as a proxy deflator for agricultural science and technology investment
because a dedicated price index was unavailable. However, it may not fully reflect changes in
the costs of agricultural science and technology inputs, potentially introducing measurement
uncertainty into the productivity estimates.

Regional and national GML averages and their decomposition components are calcu-
lated as unweighted arithmetic means of province-period observations (270 observations
nationally), without weighting by agricultural production value.

3.6.2. Agricultural Carbon Emissions

Agricultural carbon emissions were obtained from an existing provincial dataset con-
structed using an activity-based emission-factor approach. The dataset, entitled Agricultural
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Carbon Emissions Data for 31 Chinese Provinces, 2000-2021 (Including Calculation Pro-
cedures), was accessed through a Baidu Netdisk share in the Chinese Agriculture, Rural
Areas and Farmers Research Data Collection (https://pan.baidu.com/s/1yOviOVc8E9
lixbP63CXMvg accessed on 30 May 2025), shared on 29 June 2023 [38]. This accounting
approach is broadly consistent with the emission-factor methodology described in the 2006
IPCC Guidelines for National Greenhouse Gas Inventories [39] and has been applied in
previous studies of agricultural carbon emissions [40-42].

The dataset covers six agricultural production-related emission sources: chemical
fertilizers, pesticides, agricultural plastic film, diesel fuel, land tillage, and irrigation. The
corresponding activity data, including fertilizer consumption, pesticide consumption, agri-
cultural plastic film consumption, agricultural diesel consumption, total crop-sown area,
and effective irrigation area, were originally compiled from the China Statistical Yearbook
and the China Rural Statistical Yearbook and made available through the third-party dataset.
Source-specific carbon emission coefficients were applied to these activity data to calculate
agricultural carbon emissions. The underlying emissions accounting is expressed as follows:

6
Ci =) AEFy (23)
k=1

where C; denotes total agricultural carbon emissions in province i and year t, Ay is the
activity level of emission source k, and EF;, is its corresponding emission coefficient. The
emission sources, activity measures, emission coefficients, and associated units documented
in the source dataset are summarized in Supplementary Table S1.

The emission coefficients applied in the source dataset are 0.89 for chemical fertilizers,
4.93 for pesticides, 5.18 for agricultural plastic film, 0.59 for diesel fuel, 312.60 for land tillage,
and 266.48 for irrigation. The coefficients for chemical fertilizers, pesticides, agricultural
plastic film, and diesel fuel are closely aligned with those reported by Wen et al. [43], while
the coefficients for land tillage and irrigation are consistent with those documented by Yao
et al. [44]. Published studies provide further support for interpreting these coefficients
on a carbon-mass basis. In particular, Luo et al. [45] explicitly report the coefficients for
chemical fertilizers, pesticides, agricultural plastic film, diesel fuel, and irrigation in kg C
per corresponding activity unit, while Wang et al. [46] report the land-tillage coefficient in
kg C/ km?2.

The calculation workbook applies unit conversions before aggregating emissions from
the six sources. Fertilizer and diesel consumption are recorded in 10* tonnes, pesticide
and plastic film consumption in tonnes, and crop-sown and effective irrigation areas in
103 hectares. For land tillage, 10% hectares are converted into square kilometers to match
the coefficient of 312.60 kg C/ km?. For irrigation, 103 hectares are converted into hectares to
match the coefficient of 266.48 kg C/ha. All six emission components are then expressed
in 10* tonnes of carbon before aggregation. The corresponding conversion formulas are
provided in Supplementary Table S1, with crop-sown area used as a proxy for tillage activity.

The emission coefficients are consistent with a carbon-mass (C) accounting convention,
as supported by the published literature and the unit conversions implemented in the calcu-
lation workbook. Accordingly, the aggregate agricultural carbon emissions are interpreted
as 10* tonnes C rather than tonnes CO, or CO,e. No additional conversion between C and
CO,, or to CO,e, was applied in the present study.

The original dataset covers 31 Chinese provinces from 2000 to 2021. This study uses
observations for 30 provinces during 2012-2021, excluding Tibet. The resulting emission
values are incorporated as the undesirable output in the GML model. The accounting
boundary is restricted to the six specified production-related sources and excludes emissions
from livestock, rice cultivation, and agricultural soil processes.
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3.6.3. Regional Classification

The Eastern group contains Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhe-
jiang, Fujian, Shandong, Guangdong, and Hainan (11 provinces). The Central group com-
prises Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan (8 provinces).
The Western group comprises Inner Mongolia, Guangxi, Chongging, Sichuan, Guizhou,
Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang (11 provinces). Membership is
held fixed throughout the sample.

3.6.4. Returns-to-Scale Sensitivity

CRS is adopted as the baseline specification. To assess sensitivity to returns-to-scale
assumptions, the full estimation is repeated under VRS by imposing the convexity restriction
specified in Equation (3), following the variable-returns-to-scale DEA framework [47]. Both
environmental specifications and both frontier frameworks are re-estimated under VRS.
Differences in the magnitude and direction of the estimated indices and their decompo-
sition components are examined to assess sensitivity to the returns-to-scale assumption.
The environmental interpretation of the undesirable-output equality under VRS requires
particular care [36].

3.6.5. Numerical Verification and Computational Diagnostics

The computational procedure verifies panel completeness, province-year uniqueness,
regional classification, input-output validity, and price-deflation consistency. Linear pro-
gramming solutions are checked for optimality, feasibility, and constraint satisfaction. Addi-
tional diagnostics examine frontier-nesting relationships, the GML decomposition identity,
and the admissible range of contemporaneous technology gap ratios. CRS and VRS estimates
are compared to assess sensitivity to the returns-to-scale assumption.

The CRS results comprise 270 province-period transitions across 30 provinces and nine
annual periods. All 28 mathematical audit checks were passed, with a maximum recorded
numerical discrepancy of 5.39 x 10~'6. No missing or non-finite index values or recorded
LP failures were identified. Detailed results are provided in Supplementary Table S2.
These checks support the internal computational consistency of the estimates but do not
establish the validity of the underlying production technology assumptions. Moreover,
as noted by Simar and Wilson [48], statistical inference in nonparametric frontier models
requires procedures beyond numerical verification. In addition, 8640 DDF evaluations
were independently re-solved under CRS and VRS, all of which passed the numerical
comparison checks, with a maximum absolute difference of 1.08 x 10~14 between the original
and independently obtained solutions.

3.6.6. Alternative Input Specifications and Frontier Discrimination

The selection of input and output variables is an important consideration in DEA
applications because model dimensionality and variable specification may affect frontier
discrimination and efficiency measurement [49]. To evaluate the sensitivity of the estimated
productivity measures to input selection, four input specifications are considered.

The baseline model (MO0) includes agricultural machinery power, rural electricity con-
sumption, agricultural labor, and agricultural science and technology investment. Model M1
excludes rural electricity consumption, whereas Model M2 excludes agricultural science and
technology investment. All directional distance functions, global productivity indices, and
their decomposition components are re-estimated under each specification while maintain-
ing the same sample, output variables, and regional classification. Model M3 extends the
baseline specification by including total crop-sown area as a fifth input, measured in thou-

sand hectares. The corresponding input vector is defined as xftM3) = (X0t Xoits X34t X it X5t ),
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where x;5 ; represents total crop sown area. The additional input is incorporated into the
existing DEA input constraints without changing the output variables, directional vector,
sample period, or regional classification.

The sensitivity analyses are conducted under constant returns to scale (CRS) and
variable returns to scale (VRS), separately for the group and meta-frontiers and for pro-
duction technologies with and without undesirable outputs. For each specification, the
environmental-specification difference in productivity growth is defined as

AGML, ™) = GML, ") — GML, ") (24)

t, (without) it (with)

Here, m € {M0, M1, M2, M3} denotes the input specification, r € {CRS, VRS} represents
the returns-to-scale assumption, and f €{Group, Meta} identifies the reference frontier.
The subscripts i and t denote province i and the productivity transition from year t to year
t + 1, respectively. An analogous environmental-specification difference is calculated for
the global technology-gap-change component (GTC).

To assess consistency between the baseline and alternative models, Pearson correlation
coefficients, sign-agreement rates, and changes in mean differences are calculated. The
sign-agreement rate is expressed as

SAMT = (Q) S a[1(aGML "™ > 0) = 1{AGML" > 0] (25)
(i,t€S)

Here, S denotes the set of matched province-year transitions, N is the number of
transitions in S, and 1 [1(AGML, (™" > 0) = 1{AGML;,M%"f) > 0}] denotes the indicator
function, which equals one when the stated condition is satisfied and zero otherwise. The
sign-agreement rate measures the percentage of observations for which the environmental-
specification differences are classified consistently under the alternative and baseline input
specifications. A difference is classified as positive if it is strictly greater than zero and as non-
positive otherwise. No numerical tolerance is applied in this sign-agreement calculation;
therefore, small positive differences remain positive, whereas zero and negative differences
are classified as non-positive.

The discriminatory power of the contemporaneous regional DEA frontiers is evaluated
by calculating the percentage of observations located on the efficient frontier:

() = ()5, 7%, 1[[P5] < 107] 26)

Here, D denotes the directional distance function evaluated against the contempo-
raneous group frontier incorporating undesirable outputs, and N# is the total number of
province-year observations in region g. Observations with directional distance no greater
than 1077 are classified as frontier-efficient. A high frontier share may indicate limited
discrimination when the number of reference observations is small relative to the dimen-
sionality of production technology.

3.6.7. Leave-One-Province-Out Sensitivity Analysis Procedure

DEA frontier estimates may be sensitive to influential observations, which can affect
the shape of the estimated production possibility set [50]. For each exclusion, the directional
distance functions, GML productivity indices, and their decomposition components are
recalculated under both CRS and VRS, with and without undesirable outputs.

To ensure comparability, the LOPO estimates are matched with the corresponding
full-sample baseline estimates for the same retained province-period observations. This
matching procedure avoids conflating changes in the estimated frontier with changes in the
composition of the observations being compared.
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For each excluded province k, the change in the mean environmental-specification
difference is defined as:

1 2020

A = (— ) > > [AGML T — AGML, M7 ] (27)

N_ i€p t=2012

i#k
The mean absolute change in the environmental-specification difference is calculated as:
1 2020
MAD"] = (— ) > JAGML, ) — AGML, M) (28)
N_g i€p +=2012
i#k

In these expressions, p denotes the set of 30 provinces, and N_;, = 261 represents
the number of retained province-period observations (29 provinces x 9 consecutive-year
transitions). The term AGML,(~*"f) denotes the environmental-specification difference

estimated after excluding province k, whereas AGML;(M%"/) is the corresponding full-
sample baseline estimate.

4. Results and Discussion

4.1. Descriptive Statistics and Regional Characteristics

Table 2 presents the descriptive statistics for agricultural inputs and outputs across
China’s Eastern, Central, and Western regions from 2012 to 2021. The sample covers

30 provinces and contains 300 province-year observations.

Table 2. Descriptive statistics of agricultural production variables by region, 2012-2021.

Panel A. Mean

Variable Eastern Central Western National
x; Machinery power
(104 KW) 3183.19 5179.12 2442.79 3443.96
x, Rural Electricity Consumption
(10* KWh) 564.19 151.29 93.98 281.67
Xs Agricultural labor 591.31 960.8 781.94 759.74
(10* persons)
x4 Agricultural science and technology investment 500.04 585.78 483.13 517 44
(10,000 yuan)
y Agricultural output value 1640.11 2263.30 1550.95 1773.60
(100 million yuan)
b Agrlcultura41 carbon emissions 300.4 451.06 265.78 30788
(10* tonnes)
Panel B. Standard deviation
Variable Eastern Central Western National
Xq 3685.36 2654.31 1207.89 2923.00
Xp 529.46 93.35 60.61 390.78
X3 544.95 472.6 514.97 534.21
Xy 261.33 166.16 252.64 239.23
y 1325.40 1202.13 917.68 1190.87
b 255.84 221.94 150.27 225.53

Observations: Eastern = 110 (11 provinces), Central = 80 (8 provinces), Western = 110 (11 provinces),
National = 300 (30 provinces). Standard deviations use the sample definition (n — 1), where n denotes
the number of observations in the corresponding group.

The Central region recorded the highest average agricultural machinery power

(5179.12), agricultural labor input (960.80), agricultural science and technology invest-
ment (585.78), and agricultural output value (2263.30). It also had the highest average
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carbon emissions (451.06). The Eastern region, by contrast, had the highest rural electricity
consumption (564.19), compared with 151.29 in the Central region and 93.98 in the West-
ern region. These figures indicate differences in the scale and composition of agricultural
production across regions.

Variation was also observed within regions. In the Eastern region, for example, the
standard deviation of agricultural machinery power (3685.36) exceeded its mean (3183.19),
indicating considerable differences among province-year observations. Overall, the descrip-
tive statistics show that agricultural production conditions are not uniform across the three
regions. These differences provide useful background for the subsequent group-frontier
and meta-frontier analyses, although they do not, by themselves, establish differences in
productive efficiency.

4.2. Agricultural Productivity Growth Under Group and Meta-Frontiers

Table 3 reports agricultural productivity growth across the three regions under the
CRS assumption, with carbon emissions included as an undesirable output.

Table 3. Regional agricultural productivity growth under CRS, with undesirable output, 2012-2021.

Region Group Group Group Meta Meta Meta

GML EFFCH GTC GML EFFCH GTC
Eastern 1.016 1.000 1.016 1.024 0.999 1.026
Central 1.012 1.002 1.011 1.004 0.984 1.022
Western 1.005 0.996 1.010 1.012 0.993 1.020
National 1.011 0.999 1.013 1.014 0.993 1.022

Notes: All indices are calculated under constant returns to scale (CRS), with agricultural carbon emis-
sions included as an undesirable output. Regional and national values are calculated as unweighted
arithmetic means of province-period observations. The national row is based on 270 observations
(30 provinces x 9 annual transitions), without weighting by agricultural production value. GML
denotes the Global Malmquist-Luenberger productivity index; EFFCH denotes efficiency change;
and GTC denotes the residual component of the GML decomposition, defined as GML/EFFCH at the
observation level. Values greater than unity indicate increases in the corresponding index.

Under the group-frontier, the national mean GML index was 1.011. The Eastern region
recorded the highest value (1.016), followed by the Central (1.012) and Western (1.005)
regions. Efficiency change remained close to unity across all three regions, while the GTC
component exceeded unity.

The meta-frontier results show a different regional ranking. The Eastern region again
had the highest GML index (1.024), followed by the Western (1.012) and Central (1.004)
regions. The national mean EFFCH index was 0.993, while GTC averaged 1.022. This
suggests that the positive average GML change was accompanied by a decline in measured
efficiency relative to the contemporaneous meta-frontier.

The differences between the two sets of estimates indicate that the choice of reference
technology affects the measured pattern of agricultural productivity growth, particularly in
the Central and Western regions.

4.3. Environmental Omission and Productivity Measurement
4.3.1. Environmental-Specification Differences Under the Group-Frontier

Table 4 compares provincial agricultural productivity indices under the group-frontier,
with and without agricultural carbon emissions.
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Table 4. Provincial agricultural productivity indicators under CRS—Group-frontier.

With Undesirable Output Without Undesirable Output

Province GML EFFCH GTC GML EFFCH GTC
Anhui 1.005 0.999 1.007 0.975 0.991 0.990
Beijing 1.018 0.992 1.027 1.015 0.960 1.055

Chongqing 1.027 1.002 1.027 1.026 1.017 1.011
Fujian 1.004 1.000 1.004 1.010 1.000 1.009
Gansu 1.000 0.997 1.006 0.997 1.013 0.986

Guangdong 1.023 1.000 1.023 1.029 1.015 1.016

Guangxi 0.985 0.981 1.003 0.979 0.981 0.996

Guizhou 1.043 1.010 1.034 1.054 1.054 0.999
Hainan 1.000 1.000 1.000 1.001 1.000 1.001
Hebei 0.989 0.989 1.003 0.967 0.968 1.006

Heilongjiang 1.012 1.000 1.012 1.001 1.000 1.001
Henan 1.002 1.000 1.002 0.989 1.000 0.989
Hubei 1.001 1.000 1.001 0.993 1.000 0.993
Hunan 1.005 0.998 1.008 0.979 0.990 0.995

Inner Mongolia 0.986 1.002 0.986 0.983 0.996 0.990
Jiangsu 1.021 0.999 1.022 1.023 0.996 1.028
Jiangxi 1.037 1.016 1.023 1.114 1.101 1.004
Jilin 0.998 0.983 1.016 0.958 0.981 0.984

Liaoning 1.031 1.010 1.022 1.046 1.016 1.031

Ningxia 1.011 0.993 1.018 0.998 0.996 1.001

Qinghai 0.972 0.966 1.009 0.939 0.956 0.981

Shaanxi 1.010 1.000 1.010 1.030 1.019 1.014

Shandong 1.003 1.000 1.003 1.006 1.000 1.006

Shanghai 1.002 1.000 1.002 1.012 1.000 1.012
Shanxi 1.035 1.017 1.016 1.118 1.103 1.011

Sichuan 0.997 0.989 1.011 0.996 0.999 0.998
Tianjin 1.041 0.994 1.047 1.050 0.968 1.094

Xinjiang 1.000 1.000 1.000 1.001 1.000 1.001

Yunnan 1.026 1.014 1.011 1.027 1.028 0.999

Zhejiang 1.038 1.016 1.024 1.056 1.028 1.028
Mean 1.011 0.999 1.013 1.012 1.006 1.008

Notes: Mean = arithmetic means of 30 provincial means (9 transitions per province). GTC = GML/EF-
FCH at observation level.

At the national level, the mean GML index increased from 1.011 to 1.012 when carbon
emissions were excluded. The mean EFFCH index also increased, from 0.999 to 1.006,
whereas GTC decreased from 1.013 to 1.008. These results indicate that excluding carbon
emissions slightly increased the measured productivity index, while EFFCH and GTC
moved in opposite directions.

The results varied across provinces. In Jiangxi, the GML index increased from 1.037 to
1.114 when carbon emissions were excluded. A similar increase was observed in Shanxi,
from 1.035 to 1.118. In contrast, the index declined from 1.005 to 0.975 in Anhui and from
0.998 to 0.958 in Jilin. These differences show that excluding carbon emissions does not
systematically increase measured productivity growth in every province.

Overall, the group-frontier results indicate that agricultural productivity estimates
are sensitive to the treatment of undesirable outputs. The direction and magnitude of this
sensitivity differ across provinces and across the components of the GML index.
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4.3.2. Environmental-Specification Differences Under the Meta-Frontier

Table 5 presents the corresponding results under the meta-frontier, which evaluates all
provinces against a common national reference technology.

Table 5. Provincial agricultural productivity indicators under CRS—Meta-frontier.

With Undesirable Output Without Undesirable Output

Province GML EFFCH GTC GML EFFCH GTC
Anhui 0.996 0.978 1.020 0.989 0.997 0.993
Beijing 1.017 0.976 1.043 1.015 0.982 1.034

Chongqing 1.025 1.000 1.026 1.032 1.022 1.012
Fujian 1.025 1.002 1.022 1.026 1.006 1.020
Gansu 1.007 0.990 1.018 1.032 1.047 0.989

Guangdong 1.031 1.003 1.028 1.035 1.016 1.022

Guangxi 1.006 0.983 1.023 1.005 0.995 1.008

Guizhou 1.044 1.010 1.035 1.086 1.084 1.000
Hainan 1.001 1.000 1.001 1.001 1.000 1.001
Hebei 1.010 0.984 1.027 1.018 0.988 1.031

Heilongjiang 1.013 1.000 1.013 1.001 1.000 1.001
Henan 1.014 0.994 1.019 1.021 1.028 0.995
Hubei 0.999 0.983 1.017 0.991 1.001 0.991
Hunan 0.994 0.972 1.025 0.982 0.984 1.000

Inner Mongolia 1.001 0.980 1.021 1.005 1.006 1.002
Jiangsu 1.028 0.998 1.030 1.027 0.996 1.031
Jiangxi 1.019 0.990 1.030 1.073 1.060 1.014
Jilin 0.993 0.978 1.015 0.963 0.991 0.978

Liaoning 1.027 0.992 1.037 1.037 1.013 1.025

Ningxia 1.009 0.987 1.023 1.051 1.028 1.023

Qinghai 0.991 0.967 1.025 0.957 0.983 0.973

Shaanxi 1.010 1.000 1.010 1.031 1.020 1.015

Shandong 1.042 1.011 1.029 1.128 1.073 1.044

Shanghai 1.002 1.000 1.002 1.012 1.000 1.012
Shanxi 1.008 0.974 1.037 1.072 1.043 1.030

Sichuan 1.001 0.987 1.018 0.997 1.001 0.998
Tianjin 1.041 1.003 1.037 1.051 1.007 1.048

Xinjiang 1.000 1.000 1.000 1.001 1.000 1.001

Yunnan 1.032 1.015 1.017 1.052 1.064 0.989

Zhejiang 1.040 1.014 1.026 1.068 1.037 1.030
Mean 1.014 0.993 1.022 1.025 1.016 1.010

Notes: Mean = arithmetic means of 30 provincial means (9 transitions per province). GTC = GML/EF-
FCH at observation level.

The mean GML index increased from 1.014 to 1.025 when carbon emissions were
excluded. The mean EFFCH index rose from 0.993 to 1.016, while GTC declined from 1.022
to 1.010. The average difference in GML was therefore larger under the meta-frontier (0.011)
than under the group-frontier (0.002).

Provincial results again showed considerable variation. Shandong recorded an increase
in GML from 1.042 to 1.128, while Jiangxi increased from 1.019 to 1.073. By contrast, the in-
dex declined from 0.991 to 0.957 in Qinghai and from 0.993 to 0.963 in Jilin. These examples
indicate that differences in estimated productivity between the two environmental specifi-
cations vary across provinces when evaluated against the national reference technology.

Compared with the group-frontier estimates, the meta-frontier results show a larger av-
erage difference between the two environmental specifications. This suggests that the choice
of reference technology matters when assessing the sensitivity of agricultural productivity
estimates to the inclusion of carbon emissions.
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Figure 2 presents the spatial distribution of provincial GML indices under the group-
frontier and meta-frontier specifications, with and without agricultural carbon emissions.
The four maps use identical classification intervals to facilitate comparison across environ-
mental specifications and reference technologies.

(a) Group frontier: With carbon (b) Group frontier: Without carbon
¥ ‘ + "

(c) Meta-frontier: With carbon (d) Meta-frontier: Without carbon

> t B

* ./ -

GML index
<0.980 0.980-1.000 1.000-1.020 1.020-1.040

I 1.040-1.060 . > 1.060 No data

Figure 2. Spatial distribution of provincial Global Malmquist-Luenberger productivity indices under
alternative environmental specifications and reference technologies, 2012-2021.

Under the group-frontier, the national mean GML index increases slightly from 1.011
to 1.012 when carbon emissions are excluded. However, the provincial results show consid-
erable variation. For example, the GML index increases from 1.037 to 1.114 in Jiangxi and
from 1.038 to 1.118 in Shanxi, whereas it decreases from 1.005 to 0.976 in Anhui and from
0.998 to 0.958 in Jilin.

Under the meta-frontier, the national mean GML index rises from 1.014 to 1.025 follow-
ing the exclusion of carbon emissions. This difference is larger than that observed under
the group-frontier. The spatial distribution also changes more visibly, with the number of
provinces recording GML values above 1.060 increasing from zero to five. Nevertheless,
the direction of change remains heterogeneous. Shandong and Jiangxi record higher GML
values when carbon emissions are excluded, while Qinghai and Jilin show lower values.

Overall, Figure 2 confirms that the treatment of undesirable outputs affects mea-
sured agricultural productivity growth, but the magnitude and direction of the differences
vary across provinces. The larger average difference under the meta-frontier further in-
dicates that the choice of reference technology is important when comparing alternative
environmental specifications.

4.3.3. Decomposition of Environmental-Specification Differences

Table 6 examines how the differences in measured productivity growth are reflected
in efficiency change (EFFCH) and the global technology-gap change. The results are based
on 270 province-year observations under the CRS assumption.

Under the group-frontier, excluding agricultural carbon emissions increases the mean
GML index from 1.011 to 1.012. This relatively small difference conceals opposing move-
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ments in the two components. Mean EFFCH rises from 0.999 to 1.006, whereas mean GTC
falls from 1.013 to 1.008. A similar pattern emerges under the meta-frontier, although the
differences are larger. The mean GML index increases from 1.014 to 1.025, accompanied by
an increase in EFFCH from 0.9925 to 1.0158 and a decline in GTC from 1.022 to 1.010.

The observation-level decomposition provides further detail. Under the group-frontier,
the average EFFCH-related contribution to the GML difference is 0.0087, partly offset by a
GTC-related contribution of —0.0071. Under the meta-frontier, the corresponding values
are 0.0258 and —0.015. Thus, the positive differences in average GML arise from an EFFCH-
related increase that exceeds the offsetting GTC-related decrease.

Table 6. Decomposition of environmental-specification differences in agricultural productivity growth
(CRS, 2012-2021).

Frontier Component With Carbon Without Carbon  Difference (A)
Group GML 1.011 1.012 0.002
Group EFFCH 0.999 1.006 0.007
Group GIC 1.013 1.008 —0.005

Meta GML 1.014 1.025 0.011
Meta EFFCH 0.993 1.016 0.023
Meta GIC 1.022 1.010 —0.012

Notes: Values are arithmetic means across 270 province—year transitions. A denotes the index with-
out carbon emissions minus the corresponding index with carbon emissions. GTC refers to the
global technology gap change, defined as GML/EFFCH at the observation level. Differences were
calculated using unrounded values and may therefore differ from differences between the displayed
rounded means.

These averages, however, do not describe every province-year observation. Under the
group-frontier, 125 observations have a positive GML difference, compared with 140 negative
differences and five values close to zero. Under the meta-frontier, 139 differences are positive,
129 are negative, and two are close to zero. The direction of the measurement difference
therefore varies substantially across observations.

Taken together, the results suggest that excluding carbon emissions changes not only
the estimated productivity growth indices but also the relative contributions of their de-
composition components. In this sample, the average GML difference is associated with
an increase in the EFFCH component rather than an increase in GTC. The distinction is
particularly important under the meta-frontier, where the two environmental specifications
produce a larger difference in measured productivity growth.

To assess sensitivity to environmental specification, Table 7 summarizes the signed and
absolute differences in GML and GTC across 270 province-period transitions under CRS,
calculated as estimates without carbon emissions minus those with emissions. The results
reveal heterogeneous differences across provinces and periods. The mean GML difference is
positive under both the group-frontier (0.002) and meta-frontier (0.011), although positive
differences account for only 46.30% and 51.48% of observations, respectively. In contrast,
mean GTC differences are negative under both frontiers (—0.005 and —0.012). Mean absolute
differences range from 0.039 to 0.046, indicating that positive and negative discrepancies
partly offset each other in aggregate measures. These findings demonstrate sensitivity to
environmental specification rather than systematic overestimation or statistical bias relative
to a known true measure.
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Table 7. Distribution of environmental-specification differences in GML and GTC under CRS,
2012-2021.

Frontier Component

Mean Absolute
Difference

Mean Signed

Difference Median

Positive (%) Negative (%)

GML
GTIC
GML
GTIC

Group
Group
Meta
Meta

0.002
—0.005

—0.0002
—0.001
0.011 0.002 51.481 47.778 0.039

—0.012 —0.006 42.593 56.667 0.046

46.296
44 .444

51.852
53.704

0.039
0.043

Notes: Differences are calculated as estimates without agricultural carbon emissions minus those
with emissions, based on 270 province-period transitions. Positive differences exceed 1077, negative
differences are below —1077, and values within this interval are classified as zero and excluded
from both percentages. Mean absolute differences are calculated from observation-level absolute
differences. GTC denotes the global technology-gap-change component of the GML decomposition.

4.3 .4. Regional Technology Gaps Under Alternative Environmental Specifications

Table 8 presents regional technology gap ratios (TGRs) under alternative environ-
mental specifications using the CRS framework. Unlike differences between group-frontier
and meta-frontier GML indices, TGR measures the contemporaneous relative position of
regional production technologies against the national meta-frontier. With carbon emissions
included, the national mean TGR was 0.931 at period t and 0.925 at period t + 1. The Eastern
and Western regions exhibited similar beginning-of-period TGR values (0.936), whereas
the Central region recorded a lower value (0.916).

Table 8. Regional technology gap ratios under alternative environmental specifications (CRS),
2012-2021.

With With Carbon Without Without Mean

SD

Region N

Carbon (t)

(t+1)

Carbon (t)

Carbon (t +1)

ATGR

Eastern 99
Central 72
Western 99

0.936
0.916
0.936

0.935
0.901
0.934

0.846
0.795
0.78

0.857
0.792
0.795

0.070
0.072
0.075

—0.001
—0.015
—0.002

National 270

0.931 0.925 0.808 0.817 0.073 —0.005

Notes: TGR is calculated using contemporaneous directional distance functions under CRS. All
reported TGR values are arithmetic means across province-period transitions. SD is calculated using
beginning-of-period TGR values under the carbon-inclusive specification. Mean ATGR represents the
mean difference between end-of-period and beginning-of-period TGR under the carbon-inclusive
specification. All values are rounded to three decimal places.

When carbon emissions were excluded, the Eastern region exhibited the highest
beginning-of-period TGR (0.846), followed by the Central (0.795) and Western (0.780)
regions. Under the carbon-inclusive specification, the Central region also recorded the
largest negative mean change in TGR (—0.015), compared with —0.001 in the Eastern region
and —0.002 in the Western region. These findings indicate that measured regional tech-
nology gaps vary across environmental specifications and regions. However, the results
are descriptive and do not establish statistically significant regional trends or causal rela-
tionships. Importantly, differences between group-frontier and meta-frontier GML indices
should not be interpreted as contemporaneous technology gaps.

4.4. Temporal Dynamics
4.4.1. Temporal Dynamics of Group-Frontier GML

Table 9 and Figure 3 present the annual changes in group-frontier GML and its compo-
nents under the two environmental specifications. The mean GML index was 1.011 with
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carbon emissions and 1.012 without them. Although the averages of the period were similar,
the annual estimates differed noticeably in several years.

Table 9. Temporal evolution of group-frontier GML and its components, 2012-2021.

With Carbon Without Carbon

Year GML EFFCH GTC GML EFFCH GTC
2012-2013 1.001 1.002 1.000 1.022 1.029 0.994
2013-2014 1.014 0.996 1.018 1.016 0.995 1.022
2014-2015 0.979 1.000 0.979 0.975 1.001 0.976
2015-2016 1.005 1.007 1.000 1.046 1.057 0.988
2016-2017 1.040 1.008 1.032 1.057 1.012 1.045
2017-2018 1.034 0.994 1.042 1.040 0.992 1.048
2018-2019 0.970 1.005 0.967 0.946 0.995 0.951
2019-2020 1.000 0.979 1.022 0.927 0.945 0.986
2020-2021 1.053 1.001 1.054 1.083 1.026 1.060

Mean 1.011 0.999 1.013 1.012 1.006 1.008

(a) With carbon emissions
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©
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—e— GML —e- EFFCH - -8-- GTC

Figure 3. Temporal dynamics of group-frontier GML and its components under alternative environ-
mental specifications.

With carbon emissions included, GML declined below unity in 2014-2015 (0.979) and
2018-2019 (0.970), before recovering to 1.053 in 2020-2021. Excluding carbon emissions
produced a different pattern in some periods. The most pronounced difference occurred
in 2019-2020, when GML was 1.000 with carbon emissions but only 0.927 without them.
In contrast, the estimate for 2015-2016 increased from 1.005 to 1.046 when emissions were
excluded. These differences indicate that the omission of undesirable outputs does not
systematically raise the estimated productivity index.
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The decomposition provides further insight into the annual variation. In 2019-2020,
excluding carbon emissions reduced EFFCH from 0.979 to 0.945 and GTC from 1.022 to
0.986. Both components were higher under the specification without carbon emissions in
2020-2021. Figure 3 also shows that the movements of EFFCH and GTC were not always
aligned, particularly during periods of declining GML.

The group-frontier estimates therefore reveal substantial year-to-year differences that
are not apparent from the period averages alone. Although the two environmental specifica-
tions yield similar Mean GML estimates under the group-frontier, their annual productivity
growth estimates differ in magnitude and, in some periods, direction.

4.4.2. Temporal Dynamics of Meta-Frontier GML

Table 10 and Figure 4 present the annual movements of meta-frontier GML and its
components under the two environmental specifications. The mean GML index was 1.014
with carbon emissions and 1.025 without them, indicating a larger average difference than
under the group-frontier.

Table 10. Temporal evolution of meta-frontier GML and its components, 2012-2021.

With Carbon Without Carbon

Year GML EFFCH GTC GML EFFCH GTC
2012-2013 1.008 0.99 1.019 1.021 1.013 1.011
2013-2014 1.014 0.992 1.023 1.011 0.976 1.037
2014-2015 0.995 0.985 1.01 0.988 0.989 1.000
2015-2016 1.006 0.997 1.009 1.058 1.051 1.007
2016-2017 1.037 0.989 1.048 1.057 1.023 1.036
2017-2018 1.028 0.978 1.053 1.053 1.02 1.033
2018-2019 0.980 1.009 0.971 0.953 0.959 0.994
2019-2020 0.991 1.007 0.984 0.968 1.029 0.943
2020-2021 1.069 0.986 1.085 1.117 1.083 1.030
Mean 1.014 0.993 1.022 1.025 1.016 1.010

Notes: CRS specification. Each annual estimate is the arithmetic mean of 30 provincial observations.
GTC is the global technology-gap change. All values are rounded to three decimal places.

With carbon emissions included, GML fell below unity in 2014-2015 (0.995), 2018-2019
(0.980), and 2019-2020 (0.991). The corresponding estimates without carbon emissions
were 0.988, 0.953, and 0.968. In 2020-2021, GML increased to 1.069 and 1.117, respectively,
with the latter representing the highest annual estimate under either specification.

The decomposition reveals contrasting movements in EFFCH and GTC. In 2019-2020,
excluding carbon emissions increased EFFCH from 1.007 to 1.029 but reduced GTC from
0.984 to 0.943. A similar pattern appeared in 2020-2021, when EFFCH increased from 0.986
to 1.083 while GTC decreased from 1.085 to 1.030. Thus, the higher GML estimate without
carbon emissions in 2020-2021 was associated with a stronger efficiency-change component
rather than a higher GTC.

These annual fluctuations may also reflect changing agricultural production condi-
tions, including policy adjustments, weather disturbances, input cost fluctuations, and
COVID-19-related disruptions. However, the GML framework does not identify their causal
effects; these factors are therefore considered possible contextual influences rather than
established explanations.
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Figure 4. Temporal dynamics of meta-frontier GML and its components under alternative environ-
mental specifications.

4.5. Robustness and Sensitivity Analyses

4.5.1. Robustness to Returns-to-Scale Assumptions

To assess sensitivity to returns-to-scale assumptions, the GML indices were re-estimated
under variable returns to scale (VRS) using the same provincial sample, study period, and
environmental specifications as the baseline constant returns to scale (CRS) model. Table 11
compares the resulting GML indices and their components.

Table 11. Robustness of GML estimates and their components under CRS and VRS.

CRS VRS
Frontier Component With Without With Without
ontie ompone Carbon Carbon Carbon Carbon
Group GML 1.011 1.012 1.007 1.012
Group EFFCH 0.999 1.006 1.001 1.009
Group GTC 1.013 1.008 1.006 1.006
Meta GML 1.014 1.025 1.011 1.014
Meta EFFCH 0.993 1.016 0.998 1.008
Meta GTC 1.022 1.010 1.014 1.008

Under the group-frontier, mean GML with carbon emissions decreased from 1.011
under CRS to 1.007 under VRS, while the corresponding estimate without carbon emissions
remained approximately 1.012. With carbon emissions included, EFFCH increased from
0.999 to 1.001, whereas GTC decreased from 1.013 to 1.006. Under the meta-frontier, GML
decreased from 1.014 to 1.011 with carbon emissions and from 1.025 to 1.014 without them,
indicating a smaller environmental-specification difference under VRS.
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Overall, mean GML remained above unity across all specifications, although the
magnitude of environmental-specification differences and the decomposition components
varied with the returns-to-scale assumption. These findings suggest that the general pattern
of measured productivity growth is retained under VRS, while the CRS estimates should
be interpreted with consideration of scale sensitivity.

4.5.2. Sensitivity to Input Specification

Sensitivity to input selection was first assessed using two input-deletion models: M1
excludes rural electricity consumption, and M2 excludes agricultural science and technology
investment. Both were compared with the four-input baseline model (MO0), using the same
provinces, study period, and environmental specifications.

As shown in Table 12, the mean GML difference between the specifications without
and with carbon emissions remained positive across all input models under both CRS and
VRS. Under CRS, the group-frontier difference increased from 0.002 in MO0 to 0.009 in M1
and 0.007 in M2, while the corresponding meta-frontier differences were 0.011, 0.015, and
0.013. A similar pattern was observed under VRS, although the magnitudes varied.

Table 12. Sensitivity of GML estimates to alternative input specifications.

Returns to . GML with GML Without
Scale Frontier Input Model Carbon Carbon Delta GML
CRS Group MO: Four-input baseline 1.011 1.012 0.002
CRS Group M: Excluding rural 1.018 1.027 0.009
electricity consumption
M2: Excluding agricultural
CRS Group S&T investment 1.017 1.023 0.007
CRS Meta MO: Four-input baseline 1.014 1.025 0.011
CRS Meta M1 Excluding rural 1.020 1.035 0.015
electricity consumption
CRS Meta M2: Excluding agricultural 1.018 1.030 0.013
S&T investment
VRS Group MO: Four-input baseline 1.007 1.012 0.005
VRS Group M1: Excluding rural 1.012 1.024 0.012
electricity consumption
M2: Excluding agricultural
VRS Group S&T investment 1.017 1.030 0.013
VRS Meta MO: Four-input baseline 1.011 1.014 0.003
VRS Meta MI: Excluding rural 1.016 1.026 0.010
electricity
VRS Meta M2: Excluding agricultural 1.020 1.027 0.007

S&T investment

Notes: MO0 includes agricultural machinery power, rural electricity consumption, agricultural labor,
and agricultural science and technology investment. M1 excludes rural electricity consumption; M2
excludes agricultural science and technology investment. AGML is defined as GML without carbon
emissions minus GML with carbon emissions. All values are arithmetic means across 270 province-
period observations, rounded to three decimal places. Differences are calculated before rounding.

The alternative input models nevertheless affected observation-level estimates. Across

the eight comparisons involving M1 and M2 relative to the baseline model, correlations of
province-period GML differences ranged from 0.770 to 0.904, with sign agreement ranging
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from 78.15% to 85.93%. Thus, the positive mean difference was retained, although its
magnitude and observation-level distribution remained sensitive to input selection. The
four-input model was retained as the baseline to provide broader coverage of agricultural
production inputs.

To further assess the discriminatory power of the regional production frontiers, Supple-
mentary Table S3 reports frontier membership based on contemporaneous group-frontier
directional distance functions. Under CRS, the shares of frontier-efficient observations were
80.00%, 46.25%, and 50.00% in the Eastern, Central, and Western regions, respectively. Un-
der VRS, these shares increased to 89.09%, 73.75%, and 76.36%. The relatively high frontier
membership in the Eastern region, particularly under VRS, suggests limited discrimination
among observations and warrants caution when interpreting regional productivity differ-
ences. Although the Central region has the smallest annual sample, it does not exhibit the
highest frontier membership. These diagnostics complement the returns-to-scale and other
sensitivity analyses but do not eliminate concerns about the dimensionality of regional
DEA frontiers.

An additional sensitivity analysis was conducted by incorporating total crop-sown area
as a fifth input (M3). Supplementary Table 54 reports the resulting GML indices and pro-
portions of frontier-efficient observations under CRS and VRS. Under CRS, the average meta-
frontier GML index incorporating carbon emissions remained nearly unchanged at 1.014 in
both M0 and M3 when rounded to three decimal places. The corresponding index excluding
carbon emissions declined from 1.025 to 1.021. Consequently, the mean environmental-
specification difference decreased from 0.011 to 0.007, while remaining positive.

Under VRS, the mean meta-frontier environmental-specification difference decreased
from 0.003 in MO to 0.002 in M3. Thus, the average difference remained positive across all
four meta-frontier configurations, although its magnitude was sensitive to input selection
and returns-to-scale assumptions. The group-frontier results were less consistent, with
the five-input CRS specification producing a slightly negative mean difference (—0.0001).
These findings suggest that the direction of the average meta-frontier difference is relatively
stable across the examined specifications, whereas its magnitude is model-dependent.

The inclusion of land was also associated with higher proportions of frontier-efficient
observations. For the meta-frontier incorporating carbon emissions, the proportion in-
creased from 27.0% to 34.3% under CRS and from 51.7% to 60.3% under VRS. Under the
five-input VRS group-frontier specification, 83.7% of observations were frontier-efficient,
reaching 92.7% in the Eastern region. These high proportions suggest reduced discrimina-
tory power under more flexible DEA specifications, particularly for regional group-frontiers.
The four-input CRS model is therefore retained as the baseline for consistency with the
main analytical framework, while the land-augmented and VRS specifications are used to
assess the sensitivity of the findings to alternative production technology assumptions.

4.5.3. Leave-One-Province-Out Sensitivity Analysis

A leave-one-province-out (LOPO) sensitivity analysis was conducted by excluding
each of the 30 provinces in turn and re-estimating the production frontiers using the
remaining 29 provinces. Each estimation contained 261 province-period observations,
and the resulting environmental-specification differences were compared with matched
baseline estimates.

As shown in Table 13, the mean absolute observation-level changes ranged from 0.001 to
0.002, with correlations ranging from 0.823 to 1.000 and sign agreement ranging from 85.1%
to 100.0%. However, some exclusions affected the mean differences. Excluding Guizhou
under the CRS group-frontier reversed the sign of the mean environmental-specification
difference from 0.001 to —0.001.

https://doi.org/10.3390/agriculture16212344


https://doi.org/10.3390/agriculture16212344

Agriculture 2026, 16, 2344 26 of 31
Table 13. Leave-one-province-out sensitivity of environmental specification differences.
Range of Mean Absolut Correlation Sign Agreement Most
RTS Frontier ange o e solute orre’ato & % ceme Influential
Amean GML Change Range (%) .
Province
CRS Group —0.003 to +0.0006 0.001 0.879-1.000 92.0-100.0 Guizhou
CRS Meta —0.006 to +0.001 0.002 0.878-1.000 88.1-100.0 Xinjiang
VRS Group —0.003 to +0.001 0.002 0.857-1.000 92.0-100.0 Jilin
VRS Meta —0.003 to +0.004 0.002 0.823-1.000 85.1-100.0 Shanghai

Notes: Each leave-one-province-out (LOPO) estimation excludes one province and recalculates the
production frontier using the remaining 29 provinces. Each run contains 261 province-period observa-
tions. Amean GML denotes the change in the mean environmental-specification difference relative to
the matched baseline sample. Mean absolute change refers to the average absolute observation-level
change in AGML across the 30 LOPO runs. Correlation and sign agreement compare LOPO estimates
with their matched baseline values. The most influential province is identified by the largest absolute
change in mean AGML.

Overall, the LOPO results suggest that observation-level patterns were largely pre-
served across most exclusions, although small mean differences remained sensitive to
individual provinces. This sensitivity should be considered when interpreting the CRS
group-frontier results.

4.6. Discussion
4.6.1. Environmental Omission and Agricultural Productivity Measurement

The results show that excluding agricultural carbon emissions affects productivity
estimates, although the differences vary across reference technologies and periods. Under
CRS, the mean group-frontier GML indices were 1.011 with emissions and 1.012 without
them. The corresponding meta-frontier estimates were 1.014 and 1.025. The larger difference
under the meta-frontier suggests that the choice of reference technology matters when
evaluating environmental omissions.

Previous studies have shown the importance of incorporating undesirable outputs into
productivity measurement. Chung et al. [18] introduced a directional distance function
approach that accounts for desirable and undesirable outputs, while Oh [19] developed a
global Malmquist-Luenberger index based on a common reference technology. Building on
these approaches, the present study examines environmental omission under both regional
and national production frontiers. Although previous research has documented higher
productivity estimates when undesirable outputs are excluded in particular empirical set-
tings, the present results indicate that this pattern does not hold uniformly across provinces,
periods, and reference technologies.

The decomposition provides further evidence of this variation. Under the meta-frontier,
excluding emissions increased mean EFFCH but reduced mean GTC. The latter represents
changes in the relative distance between global and contemporaneous reference technolo-
gies, rather than an independent measure of technological innovation. Thus, changes
in aggregate productivity estimates should not be interpreted as equivalent changes in
technological progress.

4.6.2. Regional Technological Heterogeneity

The group-frontier and meta-frontier results differ because provinces are evaluated
against different production technologies. Group frontiers reflect regional production possi-
bilities, whereas the meta-frontier provides a common national benchmark. This distinction
is consistent with the meta-frontier literature, which recognizes that producers operating
under different technological conditions may not share the same production frontier.
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The TGR results further illustrate these differences. Under CRS with emissions in-
cluded, the mean TGR was 0.931 nationally, with values of 0.936 in the Eastern and Western
regions and 0.916 in the Central region. The lower value in the Central region indicates
a larger measured gap relative to the national reference technology. However, TGR de-
scribes the relative position of production technologies rather than productivity growth or
technological innovation.

The results also show that technology-gap estimates depend on whether emissions are
included. This does not imply that excluding emissions changes actual regional technologies;
rather, the two specifications produce different assessments of the same observations.
Although the regional comparisons highlight the relevance of technological heterogeneity,
they do not establish that technology gaps cause environmental-specification differences.

The frontier membership diagnostics in Supplementary Table S3 indicate limited
discrimination in contemporaneous regional technologies, particularly in the Eastern region.
Under CRS, 60.00% of the observations are frontier efficient, increasing to 80.33% under
VRS. In the Eastern region, these proportions reach 80.00% and 89.09%, respectively. A high
proportion of observations with zero contemporaneous directional distance limits the ability
of EFFCH to distinguish changes in relative efficiency. Since GTC is calculated as GML
divided by EFFCH, limited discrimination in contemporaneous frontiers may also influence
its estimated magnitude and interpretation. TGR comparisons likewise depend on the
relative positions of the regional and meta-frontiers and should be interpreted cautiously.
Although pooling observations across years expands the global reference set, it does not
eliminate limited discrimination in the contemporaneous frontiers. Accordingly, regional
differences in EFFCH, GTC, and TGR are interpreted as descriptive and conditional on the
specified production technologies, rather than as evidence of inherently superior regional
efficiency or technological performance.

4.6.3. Temporal Variation and Robustness

Annual productivity estimates fluctuate across the study period. In particular, the
results for 20142015 and 2019-2020 differ noticeably across specifications. Changes in
agricultural policies, weather conditions, and input costs may have influenced these patterns.
The 2019-2020 period also coincided with the onset of COVID-19. However, the present
analysis cannot determine the contribution of these factors, and the fluctuations should not
be attributed to any single event without further evidence.

The sensitivity analyses indicate that model specification also matters. Under VRS,
mean GML indices remain above unity, but the environmental-specification differences
change, particularly under the meta-frontier. Removing rural electricity consumption or
agricultural science and technology investment also affects the magnitude of the differences
without reversing their positive average direction in the reported alternative models.

The leave-one-province-out analysis provides a further qualification. Most exclusions
produce limited changes, but excluding Guizhou reverses the sign of the mean difference
under the CRS group-frontier. Given the small baseline difference, its positive direction
should not be regarded as fully robust to changes in sample composition. Overall, the find-
ings support examining environmental omission under alternative reference technologies
and model specifications rather than relying on a single productivity estimate.

5. Conclusions and Implications
5.1. Main Conclusions

This study examines how excluding agricultural carbon emissions affects productivity
measurement under heterogeneous regional production technologies in China. Using data
for 30 provinces from 2012 to 2021, it estimates global Malmquist-Luenberger indices under
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group and meta-frontiers, with additional checks for returns to scale, input selection, and
sample composition.

Three findings emerge. First, excluding emissions changes measured productivity, but
the direction and magnitude vary across reference technologies and periods. Under CRS,
the mean group-frontier GML index changes from 1.011 to 1.012, while the meta-frontier
index increases from 1.014 to 1.025. Nevertheless, some annual estimates decline when
emissions are excluded.

Second, regional technological heterogeneity affects productivity assessment. The
Central region has a lower mean TGR than the Eastern and Western regions under the
emissions-inclusive CRS model. Moreover, the decomposition shows that higher aggregate
GML estimates do not necessarily correspond to higher values of both EFFCH and GTC.

Third, the estimated differences are sensitive to modeling assumptions. The CRS-
VRS comparison, alternative input specifications, and leave-one-province-out analysis
indicate that the magnitude and, in some cases, the direction of environmental-specification
differences depend on the model adopted.

The study contributes to the literature by examining environmental omission and
regional technological heterogeneity within a common global productivity framework. Its
findings show that environmental specification and reference technology both matter for
interpreting agricultural productivity change.

5.2. Theoretical Implications

The results have two implications for productivity measurement. First, excluding unde-
sirable outputs changes the production technology used for evaluation, but it does not neces-
sarily lead to higher productivity estimates. The measured difference between environmen-
tal specifications depends on the reference technology and observed production conditions.
Second, the distinction between group and meta-frontiers remains important when agricul-
tural technologies differ across regions. GML measures productivity change, whereas GTC
and TGR describe different aspects of the relationship between production technologies.
These measures should not be interpreted interchangeably or treated as direct indicators of
technological innovation.

5.3. Practical and Policy Implications

Agricultural productivity assessments should consider both emissions-inclusive and
emissions-excluded estimates when reliable environmental data are available. Reporting
both measures would help identify differences in the evaluation of agricultural performance
across environmental specifications.

Regional comparisons should also account for differences in production technologies.
Using both group and meta-frontiers can provide a more informative assessment than
relying on a single national benchmark. The relatively lower TGR in the Central region
suggests a need to examine local production conditions and possible barriers to technological
adoption, although the index alone cannot identify their causes.

Policy responses should reflect the type of challenge identified. Provinces with persis-
tent inefficiency relative to their regional frontier may benefit from closer examination of
resource allocation and production management. Those with larger measured technology
gaps may require assessments of access to agricultural technologies and supporting infras-
tructure. Provinces showing weak productivity growth should be examined separately to
determine whether input conditions, environmental performance, or external shocks are
involved. These distinctions can guide further diagnosis, but the effectiveness of specific
interventions cannot be inferred from the productivity indices alone.
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Finally, because some estimated differences are sensitive to scale assumptions, input
selection, and provincial composition, productivity assessments should report relevant
sensitivity checks before drawing policy conclusions.

5.4. Limitations and Future Research

Several limitations remain. Agricultural carbon emissions are treated as a single unde-
sirable output, without distinguishing individual emission sources or other environmental
pressures. The emissions indicator covers six agricultural production-related sources and
does not represent a comprehensive agricultural greenhouse gas inventory. Although the
original third-party dataset does not explicitly label the aggregate emissions as C, CO,, or
CO,e, the emission coefficients and documented unit conversions support interpreting the
resulting values on a carbon-mass (C) basis, as explained in Section 3.6.2. The findings
should therefore be interpreted within this accounting boundary.

Although the study considers CRS and VRS, alternative inputs, and provincial exclu-
sions, other specifications may yield different estimates. The baseline input specification also
has limitations. Rural electricity consumption is a proxy for electricity-related inputs and
may include non-agricultural uses, while the compiled agricultural science and technology
investment series has limited documentation of its original construction, and the contem-
poraneous input specification does not explicitly account for potentially lagged effects of
investment. Although the additional land-input specification provides a sensitivity check,
the omission of other intermediate inputs may still affect the estimated production fron-
tiers. In addition, the analysis measures productivity change and relative technology gaps
rather than identifying their causal determinants. Future research could incorporate more
detailed environmental indicators, alternative regional groupings, and additional data on
agricultural policies, weather conditions, and input costs. The relatively high proportion of
frontier-efficient observations in some regional specifications, particularly under VRS, also
indicates limited discriminatory power and warrants caution when interpreting regional
efficiency differences.
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