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Abstract

The Yellow River Basin (YRB), a typical river system facing the challenge of balancing
ecological conservation and economic development, offers valuable insights for global
sustainable watershed governance through its forestry green transformation. Based on
panel data from nine provinces in the basin from 2005 to 2022, this study constructs an
efficiency evaluation indicator system for forestry green development. This system incor-
porates four inputs (labor, land, capital, and energy), two desirable outputs (economic
and ecological benefits), and three undesirable outputs (wastewater, waste gas, and solid
waste). By systematically integrating the undesirable outputs-based super-SBM model
and the global Malmquist-Luenberger (GML) indeX, this study provides an assessment
from both static and dynamic perspectives. The findings are as follows. (1) Forestry green
development efficiency showed fluctuations over the study period, with the basin-wide
average remaining below the production frontier. Spatially, it exhibits a pattern of “down-
stream > upstream > midstream”. (2) The average GML index is 0.984 during the study
period, representing an average annual decline in forestry green total factor productivity
of 1.6%. The growth dynamics transitioned from a stage dominated solely by technologi-
cal progress to a dual-driver model involving both technological progress and technical
efficiency. (3) The drivers of forestry green total factor productivity growth in the basin
show profound regional heterogeneity. The downstream region demonstrates a synergistic
dual-driver model of technical efficiency and technological progress, the midstream region
is trapped in “dual stagnation” of both technical efficiency and technological progress, and
the upstream region differentiates into four distinct pathways: technology-driven yet foun-
dationally weak, efficiency-improving yet technology-lagged, endowment-advantaged yet
transformation-constrained, and condition-constrained with efficiency limitations. The as-
sessment framework and empirical findings established in this study can provide empirical
evidence and policy insights for basins worldwide to resolve the ecological-development
dilemma and promote forestry green transformation.

Keywords: Yellow River Basin; the undesirable outputs-based super-SBM; GML index;
forestry green development efficiency
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1. Introduction

The Yellow River Basin (YRB) serves not only as a critical ecological barrier and eco-
nomic core zone in China, but its practices in ecological restoration and green development
also hold significant implications for global sustainable development. The basin encom-
passes an area of approximately 795,000 km?, spanning nine provinces and stretching over
5464 km. It supports a population of 200 million people and contains 15% of China’s culti-
vated land [1,2]. However, the YRB now faces severe environmental challenges, including
soil erosion, desertification, and water pollution, after decades of resource-intensive devel-
opment [3]. This situation parallels challenges in other major river basins worldwide, such
as the Ganges in South Asia, which is strained by industrial and agricultural pollution and
water scarcity [4], and the Colorado River in North America, where excessive water with-
drawals have caused estuary wetland shrinkage [5]. These challenges not only constrain
high-quality development within China but also represent common issues in river basin
ecological governance on a global scale. Consequently, advancing ecological conservation
and high-quality transformation in the YRB is not only vital for China’s domestic interests
but also provides an important reference and case study for other river basins worldwide
facing similar sustainable development challenges.

In addressing these transboundary river basin governance challenges, forestry is
regarded as a key solution due to its integrated ecological, economic, and social functions.
In response, the Chinese government has, since the late 1990s, launched a series of major
ecological projects, such as the “Grain for Green Project” and the “Natural Forest Protection
Project” [6,7]. These policies have been the primary drivers behind the notable increase in
forest coverage in the YRB, from 13.1% in 1999 to 19.7% in 2022 [8,9]. However, despite this
achievement, structural issues such as the uneven spatial distribution and generally low
quality of forest resources remain prominent, which not only constrain the full realization of
their ecological functions but also hamper the further unlocking of their economic potential.
Indeed, the forestry sector holds significant economic value [10]. In 2022, the forestry sector
in the YRB yielded a total output value of CNY 1.12 trillion. Furthermore, its diversified
development of forest resources, including edible fungi and medicinal plant cultivation as
well as ecotourism, employed 12 million rural workers and increased their per capita income
by CNY 3450, underscoring its role as a vital pillar of rural revitalization [11]. Therefore,
enhancing the efficiency of forestry green development is fundamental to consolidating
ecological achievements such as water conservation and windbreak and sand-fixation,
directly linked to the sustainability of socioeconomic development in the YRB, and serves
as a vital pathway to realizing China’s “dual carbon” goals (namely, achieving carbon peak
by 2030 and carbon neutrality by 2060).

The efficiency of green development in forestry has become a key metric for assessing
sustainable development performance, with related research methodologies and applica-
tions steadily maturing. Methodologically, the field has evolved from the early adoption of
traditional Data Envelopment Analysis (DEA)-Malmquist indices to the widespread use
of Super-SBM models and GML indices, which more accurately account for undesirable
outputs in both static and dynamic assessments [12-14]. Furthermore, economic modeling
approaches such as two-stage DEA, threshold regression model, and spatial economet-
ric models have been successfully introduced to uncover complex impact mechanisms,
significantly enriching the understanding of drivers behind forestry green development
efficiency [15-17]. In terms of research scale, studies have been conducted at various
levels, for example, systematic analyses across 30 Chinese provinces [18], in-depth in-
vestigations of 277 cities [19], as well as cross-national comparisons of forestry sectors in
European countries [20]. These works have accumulated a substantial body of empirical
evidence. Nevertheless, despite these advancements, significant limitations persist in exist-
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ing research paradigms when the focus shifts to river basins as critical natural-economic
coupled systems.

The limitations are primarily manifested in three aspects. First, regarding research
scale, existing studies predominantly concentrate on either the national macro level or
provincial and municipal micro units, lacking systematic meso-scale analyses that treat river
basins as integral natural-geographic and economic regions. This gap results in a deficiency
of a targeted scientific basis for formulating strategies related to green development in
river basin forestry. Second, the evaluation framework remains incomplete. Although
existing indicator systems have expanded from purely economic outputs to include positive
ecological indicators such as forest stock volume and carbon sinks [21,22], they generally
overlook the critical input of energy consumption during production processes and fail
to incorporate waste emissions from forestry development as undesirable outputs within
the accounting system. The absence of these key variables leads to evaluation results that
cannot authentically reflect the green essence of forestry development. Third, there is
insufficient integration of methodologies. Although advanced methods such as Super-SBM
and GML have demonstrated their superiority in other fields and scales, research that
systematically integrates these two approaches and applies them to dynamically assess the
green efficiency of forestry in specific river basins remains unexplored. These limitations
hinder a deeper understanding of the synergistic eco-economic role of forestry in watershed
management and make it difficult to capture both static efficiency levels and long-term
dynamic evolution patterns simultaneously.

Accordingly, this study aims to systematically assess the forestry green development
efficiency of the nine provinces in the YRB from 2005 to 2022. We achieve this by inno-
vatively adopting a basin-scale analytical perspective and systematically integrating an
evaluation indicator system that incorporates undesirable outputs with the Super-SBM
model and the GML index. Our goal is not only to clarify the spatiotemporal dynamics of
forestry green efficiency within the YRB but also to provide a transferable methodological
framework for similar assessments in other major river basins worldwide.

2. Methods and Materials

2.1. Overview of the Study Area and Methodological Framework
2.1.1. Research Area

In this study, the Yellow River Basin, as defined by the Yellow River Protection Law
of the People’s Republic of China issued by the Ministry of Ecology and Environment of
China [23], comprises nine provinces. Specifically, the upper reaches of the basin include
Qinghai, Sichuan, Gansu, Ningxia, and Inner Mongolia; the middle reaches consist of
Shaanxi and Shanxi; and the lower reaches encompass Henan and Shandong. To enhance
ecological conservation, the Chinese government implemented the Natural Forest Protec-
tion Program in the basin starting in 2000, which has profoundly influenced the forestry
development model by restricting commercial logging and strengthening forest manage-
ment. Against this backdrop, the total forest resources in the YRB have achieved steady
growth. According to data from China Forest Resources Report (2014-2018) [24], the
basin’s forest area is approximately 16.29 million hectares, with a forest coverage rate of
19.74%. Protective forests constitute the highest proportion, about 63.83%, reflecting the
predominantly ecological orientation of forestry development in the basin. The study area
is illustrated in Figure 1. The map was generated using ArcGIS 10.8 based on longitude
and latitude coordinates, with the World Geodetic System 1984 (WGS84) coordinate system
applied throughout.
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Figure 1. Regional division map of the Yellow River Basin.

2.1.2. Marginal Contributions

To address the limitations identified in Section 1 and to effectively capture the eco-
economic dynamics of forestry within this complex basin system, this study develops an
integrated assessment framework based on three key marginal contributions.

First, regarding the research perspective, we pioneer a meso-scale, basin-oriented
assessment. Moving beyond evaluations confined to administrative boundaries, this
approach treats the YRB as a coherent natural-economic complex. This provides a more
relevant scientific basis for integrated river basin management.

Second, regarding the evaluation framework, we construct a more comprehensive
indicator system. In addition to conventional inputs (labor, land, capital), we incorporate
energy consumption as a critical input. Simultaneously, emissions generated during forestry
production (including wastewater, waste gas, and solid waste) are explicitly treated as
undesirable outputs. This design enables a more authentic reflection of the environmental
costs and the “green” essence of forestry development.

Third, regarding the methodology, we systematically integrate two advanced models.
We employ the undesirable outputs-based super-SBM model for static efficiency measure-
ment and the GML index for dynamic productivity analysis. This integration allows for
the simultaneous examination of both the static efficiency levels and the long-term dy-
namic evolution of forestry green efficiency within the basin, advancing the understanding
of forestry’s synergistic role in basin-scale systems. The technical specifications of these
methods are detailed in Section 2.2, the selection of the indicator system is described in
Section 2.3, and the data sources, along with descriptive statistical analyses of the relevant
indicators, are presented in Section 2.4.

2.2. Methodology
2.2.1. Undesirable Outputs-Based Super-SBM Model

DEA is a widely used method for evaluating the relative efficiency of decision-making
units (DMUs). However, traditional radial DEA models cannot adequately handle input
and output slacks and face challenges in directly incorporating undesirable outputs, which
may lead to biases in efficiency assessment. To overcome these limitations, Tone proposed
a non-radial, non-oriented Slacks-Based Measure (SBM) model that directly incorporates
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slack variables into the objective function, thereby enabling a more precise efficiency
measurement [25].

Given that this study needs to account for environmental pollutants as undesirable
outputs in the evaluation, we adopt the SBM model that incorporates undesirable outputs
as proposed by Tone [26]. In this framework, each province is treated as a single DMU.
Suppose there are n DMUs, each utilizing m types of inputs x to produce s; types of
desirable outputs y8 and s types of undesirable outputs y*. The input matrix is defined as
X, the desirable output matrix as Y, and the undesirable output matrix as Y?.

X =[x1,...,x4] € R™" 1)
Y8 = [y, ] € R 2)
Y= [ yh] € R 3)

Here, x,, > 0, yﬁ > 0, yz > 0. Based on the definitions above, the SBM model with
undesirable outputs along with its constraints is presented in Equation (4).

o = mm(l_ (’}1)2<s°)>

4
(k) (B o )
Subject to

Xip = 2;1:1#0 Ajxij+s;,i=1,...,m (5)

yfo = 2;121,]'7&0 )‘jyfj —sf,r=1,...,5 (6)

Vio = Ly o AVl Hsht =15 @)

g b
+(579) <Zil_1;r§0+ iil;fto) >0 ®

where s~ > 0, s§ > 0, si’ >0, /\]- > 0. Here, p*x denotes the efficiency score of the
target DMU, while s;-, s7, and s! represent the slack variables corresponding to input
excess, desirable output shortfall, and undesirable output excess, respectively. A DMU is
considered fully efficient if p* = 1 and all slack variables are zero. However, the conventional
SBM model cannot further discriminate among multiple efficient DMUs that all have p* = 1.

To enable differentiation among these efficient DMUs—all lying on the production
frontier with efficiency scores of unity—we employ the super-efficiency version of the
SBM model. The core principle of the super-efficiency SBM model is to exclude the target
DMU itself from the reference set when constructing the reference frontier. This is precisely
achieved by the constraint j = 1, # 0 in the summation terms of the model. This exclusion
allows efficient DMUs to be projected and evaluated relative to a frontier composed only of
the other DMUS, potentially resulting in efficiency values greater than one. Consequently,
this approach enables a complete ranking and full discrimination of highly efficient units.

2.2.2. Global Malmquist-Luenberger (GML) Index

To examine the intertemporal dynamics of forestry green development efficiency and
to circumvent the potential infeasibility problem in computing mixed-period directional
distance functions inherent in the conventional Malmquist-Luenberger (ML) index [27],
this study adopts the global Malmquist-Luenberger (GML) index proposed by Oh [28].
This index constructs a global production possibility set encompassing all observed periods,
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GMLHH! —

1+ BG (x',y’,bt;yt, —bt> 1+ B, (xt“,yt“,br*l;yt“, —bt“) 1+ B, (x',y’,bt;yt, —b“)

thereby ensuring the solvability of the directional distance functions and satisfying the
circularity (transitivity) of the index, while retaining its capability to effectively handle
undesirable outputs. The GML index from period ¢ to t + 1 can be decomposed into
efficiency change (EC) and technological progress change (TC), as shown in Equation (9).

— X = X
1+ D¢ (Xt+1, yt1 by _bt+1> 14 Dg (Xt+1, yt1 by _bt+l) 1+ Dg (Xt,yt,bf; v, —bt>

©)

—

where D denotes the directional distance function based on the global production possi-
bility set, and x!,y!, b represent the vectors of inputs, desirable outputs, and undesirable

outputs, respectively. It holds that D (-) < 0, and the closer its value is to zero, the nearer
the DMU is to the global production frontier, indicating superior resource utilization and
environmental performance in forestry production under given technology. If the GML
index exceeds 1, it signifies an upward trend in forestry green total factor productivity
from period f to t + 1, reflecting positive progress in the green transformation and quality
enhancement of forestry development; otherwise, it indicates a decline. The computational
formulas for the efficiency change (EC) index and technological change (TC) index are
provided in Equations (10) and (11).

1+ BG (Xt,ytlbt;yt, _bt>

1+ BG (Xt+1, yH1 by _bt+1>

ECHH! = (10)

e 1+ D, (Xt+11yt+1,bt+1;yt+1, 7bt+1> 1+ Dy (Xt,ytlbt;yt, fbt>

= X — 11
14 De (Xt+1,yt+1’bt+1;yt+1’ _bt+1) 1+ Dg (Xz,yt,bt’,yt’ _bt> (11)

EC measures the extent to which forestry production units catch up to the existing
technological frontier, reflecting efficiency gains achieved through optimizing resource allo-
cation, improving management practices, and enhancing economies of scale under given
technological conditions. If EC > 1, it indicates that the province has made improvements
in forestry management practices and the organization of production factors, leading to
more effective utilization of existing technologies and resources, thereby bringing actual
output closer to its potential maximum. Conversely, if EC < 1, it signifies a regression in
the intensification and refinement of forestry operations, implying a loss in managerial
efficiency. TC captures the outward shift in the production possibility frontier itself. A TC
value greater than 1 indicates an expansion of the production frontier, which, in the context
of this study, may reflect an enhancement in the underlying technical capabilities of the
forestry sector. Such an expansion could be associated with broader advancements, such
as innovations in knowledge, improvements in production processes, or the adoption of
improved technologies. Conversely, a TC value less than 1 suggests a contraction of the
frontier, potentially indicating technological regression or the presence of barriers hindering
the effective application of existing best practices.

It should be noted that different averaging methods were employed in this study
according to the nature of the data. For static forestry green development efficiency values,
the arithmetic mean was used to reflect the central tendency of their absolute levels. For
the dynamic GML index and its decomposed components (EC and TC), the geometric
mean was applied to accurately capture their cumulative effects as rates of change and to
maintain the multiplicative relationship among the decomposition terms.
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2.3. Indicator System

Within the context of green development in the forestry sector of the Yellow River

Basin, the evaluation of forestry green development efficiency primarily encompasses three

dimensions: factor inputs, economic-ecological benefits, and environmental impact. Both

the static and dynamic efficiency measurements in this study are conducted using this

evaluation indicator system to provide a comprehensive analysis of the Basin’s performance

in forestry green development, as detailed in Table 1. The selection of indicators is specified

as follows:

@

@)

Input Indicators: The input framework comprises four categories—capital, labor, land,
and energy. Following established research practices [29-32], this study measures
these inputs using the completed investment in forestry fixed assets, the number
of forestry system employees at year-end, and the area of forest land, respectively.
Regarding energy input, given that the energy consumption of forestry activities (e.g.,
timber harvesting, forest product processing, and nursery greenhouse operations) is
distributed across various categories in national economic statistics and cannot be
directly extracted from publicly available data [33,34]. At the same time, the core
objective of forestry green development lies in assessing the comprehensive resource
and environmental costs of its production process. Since energy consumption serves
as a primary source of carbon emissions and other pollutants, it represents a key
proxy variable for evaluating environmental pressures from the forestry system [35].
Therefore, the total regional forestry energy consumption is adopted as the measure-
ment indicator for energy input. Drawing on previous studies [36,37], this indicator
is estimated by allocating the province’s total energy consumption based on the
proportion of the output value from forestry-related downstream processing and
manufacturing activities (e.g., wood processing, furniture manufacturing, and forest
chemical production) to the total industrial output value.

Output Indicators: To capture the economic and ecological benefits of forestry de-
velopment, desirable outputs include both economic output and ecological benefits,
which are measured by the gross forestry output value and forest volume, respec-
tively. Among these, the gross forestry output value is defined in accordance with the
Chinese national statistical standard Classification of Forestry and Related Products
(LY /T 2987-2018) [38]. It encompasses the total economic value generated by all
forestry-related activities, including timber production, non-timber forest products,
and ecotourism and recreation services. The forest volume is measured according
to the technical regulation Inventory for Forest Management Planning and Design
(GB/T 26424-2010) [39]. It refers to the total stock of living wood in forest stands meet-
ing specific criteria, such as a canopy density > 0.2, and includes primary (natural)
forests, secondary forests, and plantations.

To comprehensively reflect the level of regional forestry green development and
account for the environmental costs of forestry production, undesirable outputs com-
prise wastewater discharge, waste gas emissions, and solid waste discharge generated
by forestry activities. It should be clarified that these pollutants originate primarily
from the downstream processing and manufacturing stages of the forestry industrial
chain (e.g., wood processing, panel manufacturing, and forest-based chemical pro-
duction). They represent the aggregated environmental load resulting from residues
and pollutants generated during timber harvesting, transportation, and subsequent
industrial processing. The inclusion of these undesirable outputs aims to capture the
potential pressures exerted by forestry production activities on regional water, air,
and soil environments.
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Table 1. Evaluation indicator system for forestry green development efficiency in the YRB.

Indicator Types Indicators Description of Indicators Unit
Labor Number of forestry system person
employees at year-end
Land Area of forest land Ten thousand
hectares
Input Completed investment in
Capital pleted » CNY 10,000
forestry fixed assets
Total regional forestry Ten thousand tons
Energy .
energy consumption of standard coal
. Economic Gross forestry output value CNY 100 million
Desirable output . 1 .
Ecological Forest volume Billion cubic meters
Undesirable Environmental Forestry wastewater dllscl'}arge Ten thousand tons
Forestry waste gas emissions Ten thousand tons
output pollutants

Forestry solid waste discharge Ten thousand tons

2.4. Data Source and Descriptive Statistics

This study selects the period from 2005 to 2022 as the research timeframe based on
the following key considerations. First, forestry production, particularly the cultivation
of ecological forests, exhibits significant long-term characteristics and time-lag effects,
whereby capital and labor inputs require a sufficiently long duration to translate into
ecological and economic outputs. A panel dataset spanning 18 years can more accurately
capture this dynamic process. Second, the choice of 2005 as the starting point is grounded in
important policy and practical rationales. This year marks the eve of China’s 11th Five-Year
Plan (2006-2010), a period during which the concept of green development was elevated to
an unprecedented strategic level, and a series of stringent environmental regulations and
large-scale investments in ecological projects were fully implemented. Therefore, beginning
the analysis in 2005 allows for an effective assessment of the impact of this critical policy
transition period on forestry green development efficiency. All model computations were
performed using MaxDEA Ultra8.0.

Data were primarily sourced from the China Forestry Statistical Yearbook, China
Forestry and Grassland Statistical Yearbook, China Environmental Statistical Yearbook,
China Energy Statistical Yearbook, and China Statistical Yearbook, as well as provincial
statistical yearbooks. These publications are subject to rigorous compilation and review
procedures by Chinese statistical authorities, ensuring their reliability as the primary data
source for policy and academic research.

We conducted a comprehensive consistency verification of the data. By integrating and
harmonizing data from the aforementioned sources, a panel dataset spanning 9 provinces
over 18 years was constructed. To ensure the dataset’s integrity and suitability for frontier
efficiency analysis, the following verification steps were performed. (1) Cross-validation:
All variables were cross-checked against multiple yearbooks and provincial publications to
ensure consistency. (2) Logical checks: All variables underwent logical consistency checks,
such as verifying that input and output indicators were non-negative. (3) Completeness
checks: The final integrated dataset was confirmed to have only one missing value—for
the labor input indicator in the year 2013. This single missing value was filled using
linear interpolation. All other indicators contained no missing values throughout the
study period. Table 2 presents the descriptive statistical analysis of the indicators used in
this study. The standard deviations for indicators such as forestry energy consumption
and wastewater discharge are relatively large, preliminarily suggesting that there may
be spatial heterogeneity in resource inputs and environmental pressures across different
provinces. This provides a data context for the subsequent analysis of regional disparities
in efficiency evaluation.
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Table 2. Descriptive statistical analysis of the indicators.

Variable Mean SD Min Max

Number of forestry system employees at year-end 31,900 23,113 4922 106,300
Area of forest land 1296 1273 179 4499

Completed investment in forestry fixed assets 118,200 93,555 1141 336,700
Total regional forestry energy consumption 1030 1757 0 6668
Gross forestry output value 1604 1978  34.82 6888
Forest volume 4.960 6.377  0.07 18.61

Forestry wastewater discharge 3909 7901 0 33,005
Forestry waste gas emissions 2.572 5.165 0 25.13
Forestry solid waste discharge 0.0393  0.0946 0 0.611

3. Results
3.1. Static Efficiency Results and Analysis

Based on the non-oriented super-efficiency SBM model incorporating undesirable
outputs, this study measured the static efficiency of forestry green development in the nine
provinces of the YRB from 2005 to 2022. As presented in Table 3, the overall basin efficiency
showed fluctuations over the study period.

Table 3. Green development efficiency of forestry in the nine provinces of the YRB during 2005-2022.

Upstream Midstream Downstream
Year Inner YRB
Gansu  Sichuan . Ningxia Qinghai Mean Shanxi Shaanxi Mean Shandong Hennan Mean
Mongolia
2005 0.432 1.158 1.223 0.14 1.124 0.815 1.043 1.079 1.061 1.156 0.633 0.895 0.887
2006 0.394 1.162 1.145 0.111 1.166 0.796 0.331 1.077 0.704 1.162 0.623 0.893 0.797
2007 0.447 1.172 1.197 0.139 1.173 0.826 0.319 1.083 0.701 1.16 1.065 1.113 0.862
2008 0.402 1.175 1.142 0.119 1.175 0.803 0.318 1.068 0.693 1.145 1.027 1.086 0.841
2009 0.341 1.175 1.173 0.122 1.073 0.777 0.271 1.066 0.669 1.181 0.578 0.880 0.776
2010 0.284 1.168 1.143 0.112 1.049 0.751 0.188 1.065 0.627 1.167 0.56 0.864  0.748
2011 0.229 1.39 1.191 0.078 1.005 0.779 0.218 1.051 0.635 1.187 1.056 1.122 0.823
2012 0.221 1.199 1.267 0.144 0.234 0.613 0.162 1.035 0.599 1.201 1.197 1.199 0.74
2013 0.232 1.211 1.21 0.263 0.165 0.616 0.276 1.041 0.659 1.205 1.374 1.290 0.775
2014 0.225 1.235 1.311 0.145 0.171 0.617 0.253 1.034 0.644 1.202 0.748 0.975 0.703
2015 0.212 1.204 1.269 0.085 0.132 0.580 0.209 1.036 0.623 1.199 1.005 1.102 0.706
2016 0.217 1.207 1.35 0.074 0.124 0.594 0.234 0.602 0.418 1.197 1.059 1.128 0.674
2017 0.223 1.359 1.295 0.08 0.118 0.615 0.216 0.473 0.345 1.194 1.11 1.152 0.674
2018 0.23 1.161 1.266 0.082 0.114 0.571 1.023 0.529 0.776 1.188 1.288 1.238 0.764
2019 0.351 1.17 1.211 0.096 0.13 0.592 1.076 0.503 0.790 1.185 1.394 1.290 0.791
2020 1.001 1.16 1.196 0.107 0.134 0.720 1.025 0.481 0.753 1.181 1.26 1.221 0.838
2021 1.087 1.193 1.204 0.09 0.137 0.742 0.271 0.451 0.361 1.177 1.188 1.183 0.755
2022 1.086 1.457 1.209 0.081 0.107 0.788 1.004 0.454 0.729 1.178 1.205 1.192 0.865
Mean 0423 1.220 1.222 0.115 0.518 0.700 0.469 0.840 0.655 1.181 1.021 1.101 0.779

Viewed from the phased perspective of China’s policy planning, the evolution of
forestry green development efficiency in the YRB exhibits a clear trajectory closely aligned
with the country’s macro-level strategies. During the 11th Five-Year Plan (2006-2010) and
12th Five-Year Plan (2011-2015) periods, the average efficiency value in the basin declined
from 0.805 to 0.749. This trend may be attributed to the fact that China’s socioeconomic
development at the time still prioritized speed and scale [40,41]. It should be noted that
although environmental protection efforts were significantly strengthened at the national
level after 2006 with the introduction of a series of policy documents, the fundamental
transformation of the extensive expansion model in forestry in some regions remained
unrealized. This was largely due to lags in policy implementation at the local level and
the inertia of the pre-existing development model, resulting in continued insufficient
consideration of resource and environmental carrying capacity. By the end of the 12th
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Five-Year Plan period in 2015, the efficiency value had declined to 0.706, and it reached
the lowest point of the entire study period in 2016 (0.674), indicating that the structural
contradiction between economic growth and ecological protection was most acute during
this phase. Starting with the 13th Five-Year Plan (2016-2020), this downward trend was
reversed. The average efficiency of the basin gradually recovered from 0.674 in 2017 to
0.838 by 2020. This phase of recovery growth coincided with a period during which
China elevated ecological civilization construction to an unprecedented strategic level and
comprehensively strengthened ecological and environmental protection. In this period,
China implemented an environmental governance model centered on the improvement
of ecological and environmental quality, and deepened the implementation of action
plans for air, water, and soil pollution prevention and control [42]. Ecological civilization
construction was also explicitly identified as a priority in the 13th Five-Year Plan for
development [43]. These overarching national strategies provided a critical impetus for
green transformation across key sectors, including forestry. Against this macro-strategic and
policy backdrop, the efficiency improvement in the forestry sector can likely be attributed
to the deepened implementation of the ecological civilization strategy and the preliminary
exploration of market-based mechanisms such as forestry carbon sinks and ecological
compensation [44,45], which effectively guided resource allocation toward greener and
more efficient pathways. At the beginning of the 14th Five-Year Plan period (2021-2022),
the efficiency value experienced a temporary decline in 2021 before rebounding to 0.865
in 2022, representing the second-highest level within the study period. This fluctuation
may reflect normal adjustments during the transition between old and new growth drivers,
combined with short-term shocks such as COVID-19. Nevertheless, the strong rebound in
2022 indicates that the long-term positive trajectory of green development remains intact,
and the momentum for high-quality forestry development continues to build.

From a basin-region perspective, forestry green development efficiency in the YRB
exhibits a distinct pattern of spatial heterogeneity, characterized by the following order:
downstream region (1.101) > upstream region (0.700) > midstream region (0.655). The
downstream region demonstrated the most robust and efficient performance. Within this
region, Shandong, with a mean efficiency of 1.181 throughout the study period, consistently
operated on the production frontier, underscoring its advantages derived from substan-
tial investments in forestry technology and intensive management as a major economic
province. Henan, with an overall mean efficiency of 1.021, showed lower efficiency scores
from 2005 to 2010. However, beginning in 2011, its efficiency improved and subsequently
remained on or near the production frontier, reflecting its positive trend of channeling
economic development gains back into ecological construction.

The upstream region exhibited a mean efficiency of 0.7, with substantial internal
disparities. Among these provinces, Inner Mongolia and Sichuan recorded the highest mean
efficiency scores in the entire basin—1.222 and 1.220, respectively—an outcome attributable
to their superior forest resource endowments and sustained management investments.
However, the notably low efficiency scores of Ningxia (0.115) and Gansu (0.423) dragged
down the overall performance of the upstream region. This pattern underscores that
natural constraints, such as drought and water scarcity [46,47], constitute the fundamental
challenge to forestry green development in this area, where extensive management practices
most acutely exacerbate the conflict with the fragile ecological environment.

The midstream region exhibited a mean forestry green development efficiency of 0.655.
Shanxi displayed highly volatile fluctuations in its forestry green development efficiency
during the study period. While it reached the production frontier in 2005, 2018-2020,
and 2022, its efficiency fell below 0.3 in multiple years, including 20062017 and 2021.
This volatility is closely linked to the historical ecological fragility and contemporary de-
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velopmental pressures of Shanxi Province. Historically, the ecological foundation was
exceedingly fragile, with a forest coverage of only 2.4% in 1949. In contemporary terms,
as a crucial coal resource base in China, long-term and intensive coal mining activities
have profoundly altered regional land use patterns and vegetation dynamics [48], thereby
heightening the sensitivity and instability of the ecosystem. Although the province has
relied heavily on fiscal investment in large-scale afforestation over the past decade, in-
creasing forest coverage to 18.03% by 2010, this catch-up growth model—dependent on
massive project inputs—may have masked underlying weaknesses in green factor alloca-
tion, resource management efficiency, and long-term maintenance mechanisms. As a result,
the stability of its green development has been compromised, leading to low resilience
against disruptions and causing efficiency values to fluctuate sharply with investment
cycles and regulatory intensity. In Shaanxi, efficiency dropped sharply from 1.036 in 2015 to
0.602 in 2016. This cliff-like decline coincided with a widely reported incident in which an
energy enterprise illegally occupied and extensively cleared forest land in the province. The
incident caused severe damage to local forest resources. Although the forestry authorities
subsequently introduced the “Measures for Reporting, Supervising and Investigating Ad-
ministrative Cases of Forest Resource Destruction” to strengthen regulation [49], it reflects
a development-biased mindset and regulatory failure in environmental oversight in some
regions under economic growth pressures.

The two provinces illustrate the continued fragility of green development in the
forestry sector of the midstream region. Shanxi’s volatility reveals the long-term challenges
and complexity of achieving green transformation in regions with profound historical
ecological deficits and weak natural endowment. The case of Shaanxi demonstrates that
forestry development in this region is highly vulnerable to high-intensity, abrupt an-
thropogenic disturbances. These issues collectively reflect the unresolved fundamental
contradiction between ecological protection and economic development in the rapidly in-
dustrializing midstream region, highlighting the urgent need to establish a robust internal
stabilization mechanism for sustainable forestry development.

3.2. Dynamic Productivity Results and Analysis
3.2.1. Aggregate Trend and Decomposition Analysis

To dynamically track the evolution and identify the spatiotemporal heterogeneity of
forestry green development efficiency in the YRB, this study employs the GML index. This
index satisfies the circularity property and effectively overcomes the potential infeasibility
problem of the conventional ML index, thereby more accurately characterizing produc-
tivity changes over time and across decision-making units [28]. Using this approach, we
calculated the GML index for the nine provinces in the YRB from 2005 to 2022, which is the
growth rate of forestry green total factor productivity. The specific results are presented
in Table 4.

During the study period, the average value of the GML index, which measures the
growth rate of green total factor productivity, was 0.984. This indicates insufficient growth
momentum in forestry green total factor productivity across the YRB, corresponding to an
average annual decline of 1.6%. Between 2005 and 2015, the GML index averaged 0.983
and exhibited pronounced fluctuations, with values oscillating widely between 0.738 and
1.292. This pattern reflects extensive and unstable growth during this phase, which likely
relied heavily on large-scale investments and intermittent technology introductions. The
lack of sustained efficiency improvements and a robust technological innovation system
made it difficult to maintain growth momentum. The period from 2015 to 2020 witnessed
the most robust growth momentum and the most significant quality improvement. If we
exclude the short-term impact of COVID-19 in 2019-2020 (when the GML index dropped
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to 0.843), the average GML index for 2015-2019 reached 1.071. This suggests that after
ecological civilization construction was elevated to a national strategy, the forestry develop-
ment approach in the YRB began to shift from pursuing investment scale to focusing on
investment quality and sustainability. The growth momentum started to transition from
external policy stimulus to a healthier, internally driven growth model jointly powered
by technical efficiency and technological progress. During the 2021-2022 period, the GML
index rebounded rapidly to 1.057 following the COVID-19 pandemic, but subsequently
declined again. This volatility suggests that although internal drivers for green recovery in
the forestry sector are emerging, new growth forces have not yet fully replaced old ones as
the dominant factor. Persistent external uncertainties further highlight the long-term and
complex nature of the forestry sector’s green transition.

Table 4. Changes in green total factor productivity in the YRB during 2005-2022.

Upstream Midstream Downstream
Year . Inner s . . . . YRB
Gansu  Sichuan M li Ningxia  Qinghai Mean Shanxi Shaanxi Mean Shandong Hennan  Mean
ongolia

2005-2006 0.993 0.98 0.839 0.941 0.707 0.885 0.127 0.97 0.35 1.016 0.958 0.987 0.738
2006-2007 0.797 0.838 0.844 1.061 0.781 0.859 0.637 0.581 0.608 0.975 1.067 1.02 0.826
2007-2008 1.227 1.07 0.938 1.268 0.978 1.088 1.04 1.008 1.024 1.067 1.102 1.085 1.073
2008-2009 0.356 1.173 0.902 1.057 1.636 0.918 1.186 1.728 1.431 1.235 1.204 1.219 1.079
2009-2010 0.659 0.662 0.837 1.006 0.603 0.74 0.893 0.481 0.655 1.187 1.027 1.104 0.787
2010-2011 0.885 1.511 1.056 1.082 1.347 1.156 1.168 0.932 1.043 1.296 1.255 1.275 1.155
2011-2012 0.676 0.939 0.902 1.26 1.21 0.973 0.889 0.769 0.827 1.167 1.089 1.127 0.97
2012-2013 1.041 1.031 1.053 1.659 1.025 1.14 1.315 1.522 1.415 2.077 1.257 1.616 1.292
2013-2014 0.94 0.809 0.908 1.003 0.979 0.925 1.107 0.794 0.937 0.757 1.04 0.888 0.919
2014-2015 0.927 1.218 1.057 0.737 1.013 0.977 1.075 0.891 0.979 1.024 1.065 1.044 0.992
2015-2016 0.954 1.025 1.053 0.9 1.112 1.006 1.22 1.286 1.252 1.365 1.474 1.418 1.14
2016-2017 0.869 0.97 1.029 1.107 0.894 0.97 0.956 0.858 0.906 0.96 1.607 1.242 1.009
2017-2018 0.994 0.988 0.944 0.964 0.976 0.973 1.234 1.019 1.122 0.997 0.981 0.989 1.008
2018-2019 1171 1.008 1.162 1.086 1.004 1.084 1.733 1.006 1.32 1.006 1.108 1.056 1.126
2019-2020 1.021 0.996 1.085 1.043 0.996 1.028 0.194 1.025 0.446 0.994 0.945 0.969 0.843
2020-2021 1.054 1.015 1.469 0.965 1.029 1.093 1.049 1.011 1.03 1.026 0.97 0.998 1.057
2021-2022 0.797 1.108 0.724 0.956 0.638 0.829 1.016 0.942 0.978 0.992 0.992 0.992 0.895

Mean 0.874 1.005 0.976 1.049 0.967 0.973 0.858 0.948 0.902 1.100 1.113 1.106 0.984

Spatially, the GML index exhibited significant regional disparities. The downstream
region performed exceptionally well, emerging as a growth pole for green development
across the entire basin. With an average GML index of 1.106, the region maintained an
annual progress of 10.6% in both core technological capability and production efficiency
throughout the study period, demonstrating continuous accumulation of green growth
momentum. As the core engines of this growth, Shandong (GML = 1.100) and Henan
(GML = 1.113) achieved average annual GTFP growth rates of 10.0% and 11.3%, respec-
tively. Their success can be attributed to technological innovation dividends derived from
their developed scientific and economic foundations, together with first-mover institutional
advantages as pilot zones for cutting-edge technology policies [50,51], which collectively
drove sustained productivity growth. In sharp contrast, the midstream region recorded
a much lower average GML index of 0.902. Both Shanxi (0.858) and Shaanxi (0.948) were
mired in negative growth throughout the study period. On the one hand, as a crucial coal
base in China [48], Shanxi Province’s resource-dependent development path has led various
production sectors within the province to rely heavily on fiscal transfers derived from coal
revenues. This type of funding, characterized by its strong external dependency, may
weaken the intrinsic incentive for the forestry sector to enhance its management efficiency
and technological intensity in order to secure developmental resources. Consequently, in
practice, this tends to foster an extensive development model oriented toward the rapid
expansion of afforestation areas, while relatively neglecting the improvement of forest
quality and long-term management effectiveness [52]. On the other hand, although Shaanxi
has channeled substantial fixed-asset investments into ecological projects, these inputs
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have exhibited a notable time-lag effect in generating benefits [53], revealing a systemic
imbalance that emphasizes investment over management. This implies that for the mid-
stream region, unless ecological capital investment is coupled with institutional innovation
and improved technical efficiency, it will be difficult to translate these investments into
substantive and sustainable productivity growth. The upstream region exhibited a complex
dualistic structure, with an average GML index of 0.973, indicating insufficient growth
momentum. This dynamic analysis, based on the GML index and the static efficiency
assessment in Section 3.1, provides complementary perspectives. Despite its high static
efficiency (1.222), attributable to superior initial resource endowment and economies of
scale, Inner Mongolia experienced an average annual decline of 2.3% in green total factor
productivity. This suggests that the region’s reliance on a traditional resource-input model,
coupled with slow technological progress or insufficient improvement in management
efficiency, undermined the sustainability of its growth momentum. In contrast, Ningxia
exhibited a low efficiency of only 0.115 in forestry green development, indicating its weak
foundational conditions. However, it achieved an average annual GTFP growth rate of
4.9%, likely driven by deepened collective forest tenure reforms and targeted forest quality
improvement programs [46]. This progress has established Ningxia as the fastest-growing
catch-up province within the upstream region. Sichuan successfully maintained both a
high level of static efficiency and positive dynamic growth. In contrast, Qinghai and Gansu
performed poorly in both static and dynamic analyses, highlighting that harsh natural con-
ditions, such as high-altitude climate and arid environments, pose a fundamental challenge
to their forestry green transformation.

3.2.2. Decomposition Results and Analysis

To further uncover the internal drivers behind the dynamic changes in green total
factor productivity of the forestry in the YRB, this study decomposes the GML index into EC
and TC. As shown in Figure 2, the primary driver of green total factor productivity growth
shifted during the study period from a phase dominated solely by TC to one characterized
by alternating drivers of efficiency and technological progress. This shift in the driving
mechanism profoundly shaped both the fluctuation patterns and growth trajectory of green
total factor productivity.
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Figure 2. Evolution of the GML index and its decomposition from 2005 to 2022.

Regarding the evolution of EC, 2017 marked a turning point toward improvement.
During the 12 years from 2005 to 2016, the average EC index was only 0.95, indicating
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a declining trend in technical efficiency where the gap between decision-making units
and the production frontier widened systematically. This reflects systematic inefficiencies
and resource misallocation in forestry during this stage, affecting factor allocation, scale
management, and organizational operations. Detailed analysis indicates that periods
with EC greater than 1 consistently corresponded to the launch or completion years of
China’s Five-Year Plans. This pattern demonstrates that early efficiency gains exhibited
a marked “pulse” characteristic, tightly synchronized with policy cycles, suggesting that
improvement drivers were primarily externally administered rather than internalized as
sustainable momentum for the sector’s progress. However, this trend reversed during
the 2017-2022 period, as the average EC climbed to 1.07, marking the beginning of a
new phase characterized by systematic improvement in technical efficiency. This shift
reflects a strategic reorientation in China’s forestry development. The policy landmark
was the 13th Five-Year Plan for Forestry Development (2016-2020) issued in 2016 [54],
which for the first time explicitly positioned “enhancing quality and efficiency in forestry
development” as its core. It emphasized the restoration of degraded forests, precision forest
tending, and the transformation of low-efficiency stands, thereby moving away from the
previous singular pursuit of forest scale expansion. Although EC experienced a temporary
decline in 2020-2021 due to COVID-19-related disruptions to field operations and labor
organization, it quickly rebounded to a high of 1.14 the following year, demonstrating
strong resilience. This clearly indicates that policy interventions focused on quality and
efficiency enhancement have become a stable force driving the improvement of technical
efficiency in the green development of forestry in the YRB.

In contrast, TC served as the more central force driving the growth of green total
factor productivity in the forestry sector of the YRB during the study period. The average
value of the TC index was 1.005, representing a modest annual growth rate of 0.5% in
technological advancement itself. Over time, TC exhibited a distinct pattern of fluctuating
growth. Between 2005 and 2009, the TC index fluctuated widely within a range of 0.75
to 1.19, with a mean of 0.941. This pattern indicates that green technologies in forestry
were still immature during this phase, characterized by experimental introduction and
adaptive innovation, leading to high uncertainty in technological outcomes. From 2010 to
2016, the TC index consistently exceeded 1, averaging 1.104, which marked a transition
into a stable trajectory of forestry technological innovation. This sustained outward shift
in the frontier is consistent with the broader context of increased R&D investments and
policy emphasis on the diffusion of green technologies during this period. In the 20172022
period, the TC index exhibited fluctuations at a higher level, peaking at 1.25 in 2020-2021.
This pattern indicates that, building upon prior technological accumulation, the forestry
technology frontier entered a phase of critical breakthroughs. Concurrently, its development
became more susceptible to periodic disruptions from the external environment, such
as macroeconomic downturns and pandemic impacts. Consequently, its growth model
shifted from steady climbing to one characterized by breakthroughs alongside fluctuations.
Despite this volatility, TC demonstrated resilience by rebounding rapidly after each shock,
underscoring its role as a core driver. In summary, technological progress served as the
fundamental force driving the green development of forestry in the YRB throughout the
study period.

Figure 3 reveals the spatial heterogeneity in the driving mechanisms of the GML
index at regional and provincial levels, as reflected in the distinct performances of its
decomposition components, EC and TC, across regions. Overall, the growth of forestry
green total factor productivity in the YRB demonstrates a typical pattern characterized
by downstream-driven growth, midstream stagnation, and upstream divergence. The
downstream region exhibited a strong dual-driver growth pattern, with a mean GML index
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of 1.106 corresponding to an average annual GTFP growth rate of 10.6%. This outstanding
performance stemmed from the synergistic progress of technological progress (TC = 1.085)
and technical efficiency (EC = 1.020). Specifically, Shandong and Henan achieved TC
values of 1.098 and 1.072 alongside EC values of 1.001 and 1.039, respectively. As noted
in Section 3.2.1, the downstream provinces possess a more developed industrial base and
policy pilot advantages. Therefore, the higher TC values can be interpreted as reflecting
active investment in the innovation and diffusion of green technologies in this region, while
the stable EC performance is consistent with more effective resource management.
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Figure 3. Regional disparities in the GML index and its decomposition components from 2005 to 2022.

The midstream region faces severe challenges and has fallen into developmental
stagnation, with a mean GML index of 0.902 corresponding to an average annual GTFP
decline of 9.8%. The underlying cause lies in the simultaneous decline of both technical
efficiency (EC = 0.945) and technological progress (TC = 0.954). In Shanxi, the severe
technological regression (TC = 0.913) reflects a critically low level of innovation vitality in
forestry technology, which has been constrained by the heavy reliance on a resource-based
economic model. While Shaanxi experienced a milder technological decline (TC = 0.997),
its steadily deteriorating technical efficiency (EC = 0.950) substantially offset the returns on
ecological governance investments. This reveals underlying issues such as low management
effectiveness and diseconomies of scale. The midstream region has become the bottleneck
for the forestry green transition in the YRB, and urgently needs to break the dual stagnation
in both technology and efficiency.

The upstream region exhibited significant divergence in its internal driving mecha-
nisms, with weak growth momentum in its green total factor productivity, as reflected by
an average GML index of 0.973. Four distinct development pathways can be identified
within this region.

The first type is characterized as technology-driven yet foundationally weak, rep-
resented by Ningxia (GML = 1.049). Its forestry green total factor productivity growth
was entirely driven by marked technological progress (TC = 1.083), benefiting from the
province’s active engagement in forestry technology innovation as a pilot region for inte-
grated grassland and forest reform [55]. However, the lack of synchronous improvement in
technical efficiency (EC = 0.968), together with its very low static efficiency score (0.115)
from the static analysis, jointly demonstrates that although Ningxia has achieved remark-
able progress in advancing the technological frontier, its weak forestry foundation, history
of extensive management practices, and insufficient capacity to localize and absorb new
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technologies have hindered the full transformation of technological gains into comprehen-
sive efficiency improvements.

The second type is the efficiency-improving yet technology-lagged, typically repre-
sented by Gansu (GML = 0.976). The combination of its low static efficiency level (0.423) and
the improvement in technical efficiency (EC = 1.056) suggests that, despite harsh natural
constraints, the province has achieved certain results through optimized management and
resource allocation. However, insufficient investment in science and technology and weak
innovation capacity have led to stagnant technological progress (TC = 0.925). Consequently,
the gains in technical efficiency were far from sufficient to offset the losses caused by
stagnant technological progress, ultimately resulting in an overall decline in its green total
factor productivity.

The third type is categorized as endowment-advantaged yet transformation-constrained,
represented by Inner Mongolia. Despite a high static efficiency (1.222) due to its superior
forest resource endowment, Inner Mongolia experienced negative green total factor produc-
tivity growth (GML = 0.967), with both its TC and EC indices fluctuating marginally around
1.0. This suggests that its development model may rely excessively on initial resource
inputs while lacking effective drivers for continuous green technology innovation and
management model upgrading, ultimately hindering the crucial transition from resource
advantage to sustainable development.

The fourth type is identified as condition-constrained with efficiency limitations, rep-
resented by Qinghai. Restricted by an alpine-arid climate, the province’s forestry sector
maintains a weak foundational efficiency, as shown by its low static efficiency (0.518). Dy-
namically, its negligible technological progress (TC = 1.004) was entirely offset by a severe
decline in technical efficiency (EC = 0.871), ultimately leading to an overall decline in its
green total factor productivity (GML = 0.874). This underscores the severe challenges Qing-
hai faces in both EC and TC, yet the primary cause of its growth stagnation lies in critically
low technical efficiency, which constitutes the core bottleneck to its green transition.

4. Discussion

The green transformation of forestry in the YRB bears significance not only for regional
ecological security but also serves as a test of integrated river basin governance for China
and beyond. The findings of this study reveal strong spatiotemporal heterogeneity in
the forestry green development of the YRB. Its driving forces are undergoing a complex
transition from reliance on single-factor inputs toward the synergistic interaction of tech-
nological innovation and improved technical efficiency. This finding provides significant
insights into the evolutionary patterns and driving mechanisms of river basin eco-economic
systems, and carries implications for both theory and practice. This section will first explain
how our assessment framework deepens the understanding of forestry green develop-
ment efficiency, then analyze the dynamic shifts in the patterns driving green total factor
productivity growth, and finally examine the limitations of this study.

4.1. Re-Evaluating Forestry Green Development Efficiency from a Cost Perspective

This study contends that how the green concept is defined directly determines the
conclusions drawn from forestry efficiency assessments. Conventional studies have pre-
dominantly focused on economic outputs and positive ecological benefits [56,57], while
largely neglecting the environmental costs generated by forestry production activities them-
selves. By incorporating energy consumption and waste emissions from the forestry system
as undesirable outputs, this study operationalizes a stricter interpretation of the green
concept, thereby evaluating the capacity to achieve forestry outputs while minimizing
environmental costs.
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Within this framework, the low efficiency observed in the midstream region can be
reinterpreted. This stems from the region’s path dependence on energy-intensive and
high-emission operational models in its forestry sector. For instance, timber processing
and forest-based chemical production in such contexts are typically characterized by rela-
tively outdated technologies and carbon-intensive energy structures, which are associated
with higher levels of carbon emissions and pollutant discharges. Meanwhile, extensive
silvicultural practices adopted for short-term economic benefits may further exacerbate
soil and water pollution while degrading ecological service functions. By quantifying
these long-overlooked environmental costs of forestry itself, this study reveals a structural
contradiction in the midstream region’s forestry development; its growth model is environ-
mentally unsustainable. This finding challenges the traditional assessment paradigm that
focuses solely on positive outputs [58], emphasizing that a comprehensive evaluation of
forestry green development must incorporate environmental costs; otherwise, it systemati-
cally overestimates the efficiency of energy-intensive and high-emission forestry models.

Furthermore, the analysis of the upstream region deepens the understanding of di-
verse pathways for forestry green development. The case of Inner Mongolia demonstrates
that even with vast forest resources, growth momentum (GML = 0.967) cannot be sustained
when coupled with extensive management practices. In contrast, Ningxia’s progress in
green total factor productivity growth (GML = 1.049) shows that even under disadvantaged
resource endowments, focused institutional innovation and targeted technological inputs,
including water-saving irrigation and ecological tending, can achieve substantial improve-
ments in green productivity. These findings collectively reveal that the core of forestry
green transformation lies not simply in “planting more trees,” but in achieving a systemic
transformation encompassing resource utilization patterns, production technology systems,
and management models. Our study provides empirical evidence for this based on an
efficiency assessment framework that incorporates environmental costs.

4.2. Evolution and Spatial Heterogeneity of the GML Index

The decomposition of the GML index in this study captures a theoretically significant
dynamic; the primary driving force behind forestry growth in the YRB is transitioning
from a single-track reliance on technological progress, through a phase of alternating
drivers between EC and TC, and ultimately evolving toward a model of synergistic inter-
action. This finding reveals the nuanced dynamic transition process underlying forestry
development. The early stage (2005-2017), characterized by TC dominance and weak EC
performance, aligns with the typical technological catch-up pattern observed in develop-
ing countries. This period in China coincided with the active piloting and integration of
external digital forestry technologies, such as remote sensing, GIS, and GPS, into national
forest resource management systems [59]. The widespread adoption of such technologies
is consistent with the observed outward shift in the production frontier (TC > 1). How-
ever, internal capabilities in factor allocation and organizational management often failed
to improve correspondingly to fully leverage these new tools, resulting in a significant
gap between potential and actual performance, i.e., “X-inefficiency” [60]. In contrast, a
systematic improvement in EC has been observed since 2017 (averaging 1.08), suggesting
a potential shift in the growth paradigm. The timing of this transition aligns closely with
China’s macro-level strategic reorientation in forestry from “scale expansion” to “quality
enhancement” [54]. Thus, the efficiency dynamics provide empirical support from a pro-
ductivity perspective for the view that concerted national policy interventions can help
address systemic managerial inefficiencies and resource misallocation.

Simultaneously, this transition in driving mechanisms exhibits regional heterogeneity
across space. The synergistic dual-driver model observed in the downstream region aligns
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with the theory of an innovation ecosystem, where a developed economic foundation, active
technology markets, and effective environmental regulations interact to form a virtuous
cycle that mutually reinforces efficiency and progress [61]. In contrast, the dual stagnation
seen in the midstream region reveals a potential locked-in state within its regional innova-
tion system under strong path dependency. Here, merely introducing technology or making
minor managerial adjustments appears insufficient to break the impasse, necessitating
profound institutional change to reset the development trajectory. The divergence within
the upstream region further demonstrates that the effectiveness of technology diffusion is
strongly moderated by initial resource endowments and institutional environments. These
heterogeneous imply that “one-size-fits-all” policies are likely to fail, and regional green
transition strategies must be contextualized, considering local innovation system maturity
and path dependencies.

4.3. Robustness Test

To ensure the reliability of the study’s conclusions and test the sensitivity of the
core results to potential outliers in the data, a robustness analysis was conducted. The
Super-SBM model and GML index method employed in this paper utilize a nonparametric
frontier construction mechanism, which can be sensitive to extreme data points during
efficiency and productivity measurement. Slight shifts in the production frontier may
affect the relative efficiency evaluation of all decision-making units and their intertemporal
comparisons. As noted in Section 3.1, an illegal deforestation event occurred in Shaanxi
Province in 2016. This event represents a real, sporadic environmental shock during the
study period. Consequently, in the benchmark study, we included this data to objectively
assess the short-term impact of such sudden environmental pressure on regional forestry
efficiency. The efficiency values presented are thus observational results that incorporate
this real shock. However, this event is atypical, constituting a localized, exogenous
shock rather than a manifestation of systematic technological regression or long-term
management failure.

To examine whether the paper’s core findings regarding the long-term trends and
regional patterns of forestry green development in the YRB might be unduly disturbed
by the inclusion of such a sporadic shock, the following procedure was implemented.
First, the observed values of the output indicators in Shaanxi Province for 2016 that were
directly affected by this event (Gross Forestry Output Value and Forest Volume) were
treated as outliers caused by an exogenous shock. These values were replaced with the
arithmetic mean of the corresponding indicators from the adjacent years (2015 and 2017).
The input indicators, which reflect resource allocation under normal conditions, were
retained. Subsequently, based on this smoothed dataset, the Super-SBM and GML models
were recalculated. The results were then compared with the benchmark results to assess
the robustness of the core findings.

As shown in Table 5, the changes in the key indicators all fall within an accept-
able range of +5%, and the research findings remain consistent with the prior analysis.
Specifically, the fluctuating trend of forestry green development efficiency in the Yellow
River Basin during the study period persists. Spatially, the fundamental pattern of Down-
stream (1.058) > Upstream (0.703) > Midstream (0.686) is maintained. The GML index
(GML = 0.978), which measures the growth rate of green total factor productivity, continues
to indicate insufficient growth momentum for forestry green total factor productivity in
the YRB.
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Table 5. Robustness test.
Original Adjusted Percentage Original Adjusted Percentage
Year Mean Mean Change Year Mean Mean Change
Efficiency Efficiency Efficiency Efficiency

2005 0.887 0.859 —3.12% 2005-2006 0.738 0.763 3.39%
2006 0.797 0.823 3.26% 2006-2007 0.826 0.861 4.20%
2007 0.862 0.846 —1.86% 2007-2008 1.073 1.038 —3.23%
2008 0.841 0.810 —3.74% 2008-2009 1.079 1.028 —4.72%
2009 0.776 0.780 0.48% 2009-2010 0.787 0.817 3.80%
2010 0.748 0.785 4.96% 2010-2011 1.155 1.100 —4.73%
2011 0.823 0.797 —3.11% 2011-2012 0.97 0.985 1.53%
2012 0.74 0.756 2.23% 2012-2013 1.292 1.231 —4.75%
2013 0.775 0.788 1.64% 2013-2014 0.919 0.960 4.43%
2014 0.703 0.726 3.27% 2014-2015 0.992 1.003 1.06%
2015 0.706 0.729 3.27% 2015-2016 1.140 1.084 —4.92%
2016 0.674 0.698 3.59% 2016-2017 1.009 0.974 —3.51%
2017 0.674 0.698 3.49% 2017-2018 1.008 0.978 —3.02%
2018 0.764 0.734 —3.93% 2018-2019 1.126 1.077 —4.37%
2019 0.791 0.754 —4.66% 2019-2020 0.843 0.883 4.74%
2020 0.838 0.808 —3.63% 2020-2021 1.057 1.015 —3.99%
2021 0.755 0.789 4.53% 2021-2022 0.895 0.930 3.87%
2022 0.865 0.823 —4.91% Mean 0.984 0.978 —0.65%
Mean 0.779 0.796 2.21% Upstream mean 0.973 0.962 —1.10%

Upstream mean 0.700 0.703 0.36% Midstream mean 0.902 0.885 —1.86%

Midstream mean 0.655 0.686 4.74% 1.106 1.066 —3.65%

Downstream mean 1.101 1.058 —3.88% Downstream mean

4.4. Limitations

While the assessment framework developed in this study provides a new perspective
for understanding forestry green development efficiency in the YRB, it is subject to two
main limitations that also indicate directions for future research. First, regarding the spatial
dimension, this study treats provinces as independent decision-making units and does not
address spatial interactions between regions. This approach may not fully capture positive
ecological spillover effects, such as the crucial water conservation and purification services
provided by upstream forests that significantly enhance water security for downstream re-
gions. Consequently, the current model might systematically undervalue the true efficiency
and contribution of upstream provinces, as these vital cross-border ecosystem benefits are
not internalized in their provincial outputs. Similarly, the framework does not fully account
for the spatial diffusion of green technologies and management experience from more
advanced to less developed regions within the basin. Second, in terms of environmental
pressure accounting, the current measurement of undesirable outputs relies primarily on
“three-waste” data from statistical yearbooks and does not yet encompass forestry-specific
environmental impacts. For instance, carbon emissions from forest fires and non-point
source pollution from pesticides used in pest control have not been incorporated into the
accounting system, which limits the comprehensive reflection of the actual environmental
pressures associated with forestry in the evaluation framework. Third, the indicator system
developed in this study is tailored to the specific context of China’s YRB, where ecological
restoration is prioritized. For other basins at different developmental stages or facing
distinct primary pressures, such as large-scale deforestation, the efficiency measurement
indicator system should be adapted accordingly to accurately capture the core drivers of
local environmental pressures and their economic implications
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4.5. Implications

Based on the above findings and to provide insights for other river basins facing similar
challenges in balancing ecological health and development needs, this study proposes the
following policy directions:

(1) Implement targeted zoning-based governance: Management strategies should align
closely with regional efficiency characteristics: the midstream “stagnation zone”
requires industrial transformation driven by stringent environmental standards, cou-
pled with the introduction of green technologies and modern management models;
the upstream “divergent zone” needs tailored policy packages, including enhancing
technology absorption capacity in Ningxia, increasing green technology investment in
Gansu, stimulating endogenous innovation in Inner Mongolia, and providing Qinghai
with targeted ecological compensation and adaptive technologies to strengthen its
foundational capacity for green development.

(2) Promote a catch-up strategy that emphasizes both technical efficiency improvement
and technological advancement: The entire basin should recognize the positive sig-
nal from the systematic improvement in technical efficiency and elevate “efficiency
enhancement” to the same strategic level as “technological innovation.” While con-
tinuing to incentivize innovation in forestry green technology, the midstream and
upstream regions should widely adopt proven practices, including precision forest
tending, degraded forest restoration, and close-to-nature management, which directly
enhance both scale and management efficiency. This “two-pronged” strategy offers
valuable insights for forestry sectors in other developing countries undergoing a
similar transition from extensive expansion to intensive management.

(3) Establish an incentive and compensation system based on environmental cost account-
ing: This study identifies the neglect of environmental costs as a key cause of delayed
transformation. Therefore, the Yellow River Basin should take the lead in developing
an environmental cost accounting system that covers the entire forestry production
process. This system should serve as a mandatory basis for trans-provincial ecological
compensation, government green performance assessments, and the design of green
financial products. Through such market-based mechanisms, environmental external-
ities can be internalized, thereby guiding capital and production factors away from
high-environmental-cost activities and toward genuinely green models. This institu-
tional innovation would not only support high-quality development in the Yellow
River Basin but could also provide an informative “Chinese case” for other regions
globally seeking to address environmental issues through market mechanisms.

5. Conclusions

This study systematically evaluated the efficiency of forestry green development in
the Yellow River Basin from 2005 to 2022 using a comprehensive assessment framework.
The main conclusions, supported by the empirical analysis, are as follows.

Firstly, during the study period, the efficiency of forestry green development in the
Yellow River Basin showed fluctuations throughout the study period. The basin-wide
average remained persistently below the production frontier, indicating substantial room
for improvement in green development performance. Spatially, a distinct pattern emerged;
the downstream region recorded the highest average (1.085), followed by the upstream
(0.700) and then the midstream region (0.655).

Secondly, the forestry sector in the Yellow River Basin exhibited an overall insufficient
growth momentum in green total factor productivity, with an average annual decline of
1.6%, though its growth performance improved over time. The primary driver shifted from
technological progress (TC) alone to a dual-driver model combining efficiency catch-up (EC)

https://doi.org/10.3390/land15010147


https://doi.org/10.3390/land15010147

Land 2026, 15, 147

21 of 24

References

and technological progress (TC) after 2017. Spatially, green total factor productivity growth
demonstrated a typical pattern of “downstream-driven growth, midstream stagnation, and
upstream divergence.”

Thirdly, the driving mechanisms behind green total factor productivity growth (the
GML index) in the basin exhibit notable regional heterogeneity. The downstream region has
established a dual-driver model characterized by the synergistic advancement of technolog-
ical progress (TC = 1.085) and technical efficiency (EC = 1.020). In contrast, the midstream
region is trapped in a state of dual stagnation in both technical efficiency (EC = 0.945) and
technological progress (TC = 0.954). The upstream region shows internal divergence mani-
festing in four distinct pathways: the technology-driven yet foundationally weak pathway
represented by Ningxia (GML = 1.049), the efficiency-improving yet technology-lagged
pathway seen in Gansu, the endowment-advantaged yet transformation-constrained path-
way observed in Inner Mongolia, and the condition-constrained with efficiency limitations
pathway exemplified by Qinghai.

In summary, this study provides an integrated analytical framework for assessing
forestry green development efficiency at the river basin scale, though related explorations
can be further deepened. Future research could advance in the following aspects. Firstly,
quantified policy variables, such as afforestation investment and ecological compensation,
can be introduced as core explanatory variables. By applying spatial econometric or
threshold effect models, empirical research can be conducted to examine the specific impacts
of these policies on forestry green development efficiency and their spatial spillover effects,
thereby more accurately revealing the micro-mechanisms and regional interactions driven
by policy interventions. Secondly, collecting more granular data and applying rigorous
policy evaluation methods would help precisely quantify the net effects of major ecological
projects on forestry green total factor productivity. Thirdly, expanding the boundaries of
environmental pressure accounting by integrating multi-source remote sensing and ground
observation data would enable the incorporation of broader ecological indicators, including
forest fires, pest outbreaks, and biodiversity loss. This approach would help establish a
more comprehensive accounting system for forestry green development that better reflects
ecological integrity.
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