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Abstract

Environmental costs (carbon emissions) have come with China’s economic rise, and its
forestry sector now faces difficulties in maintaining both its profit and the health of its
ecosystems. This study assesses the impact of carbon emissions on forestry efficiency and
total factor productivity (TFFP) in China’s 31 provinces between 2001 and 2021. Using the
data envelopment analysis (DEA) model through the slack-based measure (SBM frame-
work) and Malmquist–Luenberger index (MLI), we examine the efficiency and productivity
growth of forestry, both with and without accounting for carbon emissions. The study
reveals that when carbon emissions are not taken into account, traditional measures of
productivity tend to overstate both efficiency and total factor forestry productivity (TFFP)
growth, resulting in an average of 7.7 percent higher efficiency and 1.6 percent of additional
TFFP growth per year. If we compare the regions, coast provinces with stricter technical
regulations have improved efficiency in usage, but places like Tibet and Qinghai, with
more vulnerable ecosystems, endure harsher consequences. Regardless of incorporating
bad output into the TFFP estimation, China’s growth in forestry productivity primarily
depends on efficiency change (EC) rather than technological change (TC).

Keywords: forestry efficiency; Chinese provinces; carbon emissions; environmental
degradation

1. Introduction
Improving living conditions requires economic growth; however, it also significantly

increases environmental damage and greenhouse gas emissions. The reliance on fossil
fuels for energy, industrial activities, and urban growth exacerbates climate change, which
in turn raises global temperatures, causes extreme weather events, and harms ecosys-
tems [1]. Traffic emissions and industrial operations degrade air quality, hence creating
significant health risks, including respiratory and cardiovascular diseases [2]. Industrial
waste and agricultural chemicals harm water supplies, thus causing pollution, depletion,
and environmental disruptions [3]. Furthermore, large-scale deforestation for farming
and infrastructure purposes reduces the Earth’s ability to store carbon dioxide, thereby
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aggravating ecological damage and endangering biodiversity [4]. Often caused by inappro-
priate land practices, soil erosion and desertification threaten food security and agricultural
production [5].

One of the primary causes of environmental degradation is deforestation, which
significantly exacerbates climate change, biodiversity loss, and ecological instability. Forests
naturally store carbon dioxide, thereby helping to regulate the climate. However, large-
scale deforestation increases greenhouse gas levels, exacerbating global warming and
contributing to extreme weather events [6]. Moreover, deforestation compromises the
hydrological cycle by reducing soil moisture retention, hence amplifying drought and
desertification. Compromising food security depletes soil nutrients, causes erosion, and
reduces agricultural production. The destruction of forest ecosystems displaces many
species, resulting in habitat loss and reduced biodiversity [7]. Furthermore, by filtering
toxins and producing oxygen, trees play a crucial role in air purification; thus, their loss
compromises the quality of the air [8]. The loss of forest cover increases the likelihood of
deforestation, which in turn increases the probability of natural disasters, such as landslides
and floods, in many parts of the world [9]. Regional hydrology is seriously disrupted
because of deforestation, increasing the vulnerability to climate change. Deforestation has
the same effect of decreasing evapotranspiration and rainfall recycling, which deepens
continental droughts and dries out the groundwater supply during dry times [10]. At the
same time, reduced root systems and more soil organic matter led to more flood danger
due to the increase in surface runoff that creates destructive sedimentation and floods
downstream. This twin hydrological imbalance of increasing the rates of drought at the
same time as causing the severity of floods is an illustration of how human-induced forest
degradation is increasing climate risks [11].

Reconciling economic development with environmental sustainability depends on
maximizing forestry resource efficiency and raising total factor forestry productivity (TFFP).
Efficient resource management ensures the prudent use of non-timber resources and wood,
thereby minimizing waste [12]. Enhancing TFFP through innovative technologies, sus-
tainable forestry practices, and efficient regulations enhances production while preserving
biodiversity and increasing carbon sequestration [13]. It also promotes long-term economic
stability by guaranteeing resource availability, creating jobs, and supporting forest-related
businesses [14]. Utilizing techniques such as precision forestry, circular bioeconomy frame-
works, and reforestation projects can enhance output while preserving environmental
integrity, thereby ensuring a sustainable future for forests and the economy [15]. In addi-
tion to deforestation, forestry practices themselves are also developing different threats to
the environment. Unsustainable logging operations lead to soil compaction and erosion,
poor water quality in watersheds, as a result of sediment runoff, and the breaking of im-
portant wildlife habitats [16]. Although monoculture plantations may enhance the timber,
they are likely to lower the resilience of biodiversity and predispose it to invasive pests
and diseases [17]. Also, when there is a problem of mismanagement, natural fire regimes
may also be distorted, resulting in either an unnaturally intense wildfire or an absence
of a fire that must occur to promote the regeneration of some types of ecosystems [18].
These problems aggravate the more general problems of climate and biodiversity losses
with a very high urgency in seeking forestry practices that are active and aim at reducing
degradation of the ecosystem and sustaining productivity [19].

Over the last forty years, China’s rapid industrial expansion has led to significant
environmental problems, including severe air pollution, deforestation, water contamination,
and increased greenhouse gas emissions. The air quality of major cities was harmed by their
significant dependence on coal and extensive industrial activities [20]. To reduce emissions,
the government implemented programs, including the Blue Sky Defence Plan and the Air
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Pollution Action Plan, increased funding for renewable energy, and pledged to achieve
carbon neutrality by 2060 [21,22]. Furthermore, programs such as carbon trading systems,
afforestation projects, and strengthened water protection laws have been implemented to
reduce environmental damage and promote sustainable development [23,24]. However,
data shows that pollution has been on the rise in China in the last few years [25].

By initiating large-scale planting projects, such as the “Green Great Wall”, and em-
phasizing sustainable forest management, China has significantly expanded its forest
cover [26]. To enhance forestry efficiency and productivity, the government has utilized
modern technology, including satellite monitoring. Simultaneously, it has backed green
financing, motivating companies to implement environmentally friendly policies and fund
forest rehabilitation [27]. China is not only combating pollution but also ensuring its
forests flourish through regulations that encourage carbon trading and financial incentives,
ultimately benefiting both the nation’s ecology and economy in the long run.

Numerous research studies explore the forestry efficiency level and total factor forestry
productivity growth in China through secondary data analysis [28–31]. However, the level
of success in enhancing forestry efficiency and promoting productivity growth with mini-
mal environmental degradation in China remains unexplored, highlighting an academic
research gap that needs further investigation. Therefore, this study has contributed several
ways to the existing forestry literature. First, this research employed the data envelop-
ment analysis (DEA) SBM model to assess the forestry efficiency of China’s 31 mainland
provinces and municipalities, exploring the effectiveness of government policies on forestry
during the study period of 2001–2021. In the second stage, research incorporates carbon
emissions into the inputs-outputs bundle of the efficiency estimation process to explore
the impact of environmental degradation on forestry efficiency in different provinces. The
difference in efficiency scores with and without the inclusion of bad output will explore the
diverse effect level of carbon emissions on forestry efficiency over the study period. Thirdly,
the research employed the Malmquist–Luenberger index (MLI) to gauge total factor forestry
productivity growth, both with and without considering bad output (carbon emissions),
thereby assessing the level of variance in productivity scores across Chinese mainland
provinces over the study period. It further examines the factors influencing total factor
forestry productivity change in forestry, including efficiency changes and technological
changes. The rest of the study is organized as follows: The methodology is illustrated in
Section 2. Section 3 explicates the method of variable selection and data collection. Results
and Discussion are illustrated in Section 4, while Section 5 of the manuscript describes the
study’s conclusion.

2. Methodology
Data envelopment analysis (DEA) is a nonlinear programming technique extensively

used to gauge homogeneous decision-making units’ efficiency and productivity change
(DMUS). Conventional DEA models are used to estimate technical efficiency and pure
technical efficiency with scale effect [32,33]. Later, the SBM model was developed to gauge
the efficiency of different units [34]. This study used the SBM model, which can incorporate
the undesirable output during the estimation process.

2.1. DEA SBM with Undesirable Outputs

Let’s consider a scenario with *n* decision-making units (DMUS), where each DMU
utilises three types of factors:

1. Inputs x ∈ Rm: Resources consumed in the production process;
2. Good outputs yg ∈ Rs1 : Desirable products or services generated;
3. Bad outputs yb ∈ Rs2 : Undesirable byproducts (e.g., pollution, waste).
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These factors can be organized into three matrices representing all DMUs:

• Input matrix: = [x1, · · · , xn] ∈ Rm×n;

• Good output matrix: Yg =
[
yg

1 , · · · , yg
n

]
∈ Rs1×n;

• Bad output matrix: Yb =
[
yb

1, · · · , yb
n

]
∈ Rs2×n.

We make the following assumptions about these matrices:

• All input values are positive (X > 0);
• All good outputs are positive (Yg > 0);
• All bad outputs are positive (Yb > 0).

The production possibility set (P) represents all feasible combinations of inputs and
outputs that the DMUs can achieve. This set captures the technological relationships
between the inputs used, the desirable outputs produced, and the unavoidable undesirable
outputs generated in the production process. This formulation provides the foundation
for analyzing efficiency while explicitly accounting for both the beneficial outputs and
the environmentally harmful byproducts of production activities. The positive values
assumption ensures that all DMUs consume inputs and produce both types of outputs,
making the efficiency evaluation meaningful and practically relevant.

P =
{(

x, yg, yb
)
| x ≥ Xλ, yg ≤ Ygλ, yb ≥ Ybλ, λ ≥ 0

}
(1)

The vector λ ∈ Rn represents the intensity weights assigned to each DMU in con-
structing the production frontier. This formulation assumes constant returns to scale (CRS),
where all production activities can be scaled proportionally. Alternative returns to scale
scenarios will be examined later in Section 4. The SBM model is fundamentally flexible and
can incorporate CRS, VRS (variable returns to scale), or other returns-to-scale assumptions
via constraints on the intensity vector.

Definition 1. (Efficient DMU with Undesirable Outputs).
A decision-making unit DMU Uo

(
xo, yg

o , yb
o

)
is considered efficient when:

No alternative production combination
(

x, yg, yb
)

exists within the production possibility set P that
can achieve:

Equal or fewer inputs (x ≤ x0) xo ≥ x;
Equal or more good outputs yg

o ≤ yg;
Equal or fewer bad outputs yg

o ≤ yg.
At least one of these inequalities is strictly better (either strictly less input, strictly more good

output, or strictly less bad output).
Building on this efficiency definition, we adapt Tone’s (2004) [34] slack-based measure (SBM)

model to properly account for undesirable outputs in our evaluation framework. This modification
ensures our efficiency measurement simultaneously considers input minimization, desirable output
maximization, and undesirable output minimization.

[SBM]ρ* = min
1 − 1

m ∑m
i=1

s−i
xio

1 + 1
s1+s2

(
∑s1

r=1
sg

y

yq
ro
+ ∑s2

r=1
sb

r
yb

ro

) (2)

subject to
xo = Xλ + s− (3)

yg
o = Ygλ − sg (4)

yb
o = Ybλ + sb (5)
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s− ≥ 0, sg ≥ 0, sb ≥ 0, λ ≥ 0.

The model incorporates three types of slack variables that measure inefficiencies:

• Input slacks s− ∈ Rm: Represent excess amounts of inputs being used;
• Good output slacks sb ∈ Rs2 : Capture shortfalls in desirable outputs;
• Bad output slacks sb ∈ Rs2 : Reflect excesses in undesirable outputs.

The efficiency score ρ* is determined by an objective function that exhibits these key properties:

1. Strictly decreases as any input excess (s−) or bad output excess (sb) increases;
2. Strictly decreases as any good output shortfall (sg) increases;
3. Bounded between 0 and 1 (0 < ρ* ≤ 1), where 1 represents full efficiency.

When we solve this optimization problem, we obtain an optimal solution consisting of:

• λ*: Optimal intensity weights for DMU s
(

λ*, s−*, sg*, sb*
)

;

• s−*: Optimal input slack values;
• sg*: Optimal good output slack values;
• sb*: Optimal bad output slack values.

This solution provides a comprehensive evaluation of the DMU’s performance by simultane-
ously considering:

• How much input reduction is possible;
• How much good output could be expanded;
• How much bad output could be reduced;

While maintaining the production possibility constraints.

2.2. Malmquist–Luenberger Index (MLI)

While traditional DEA models effectively measure technical efficiency at a specific
point in time, they cannot capture productivity changes over different periods. Researchers
have developed dynamic productivity measures to address this limitation and developed
the Malmquist productivity index [35]. Chung et al. [36] enhanced the conventional
Malmquist productivity index by developing the Malmquist–Luenberger index (MLI),
which accounts for undesirable outputs through directional distance functions and enables
a more comprehensive assessment of productivity in environmentally sensitive contexts.

The MLI decomposes productivity changes into two meaningful components:

Efficiency Change (EC): measures how well DMUS improves its managerial practices and
resource utilization.
Technological Change (TC): captures shifts in the production frontier due to innovation or
technological progress.

The MLI calculation between period t and t + 1 can be expressed mathematically as
in Equation (6). This formulation enables analysts to distinguish whether productivity
improvements stem from better utilization of existing technologies (EC) or technological
advancements (TC), providing valuable insights for policy and management decisions.

MLt+1 =


[

1 +
→
Dt

0
(

xt, yt, b∗; yt,−bt)][
1 +

→
Dt

0(xt+1, y+1, bt+1; yt+1,−bt+1)

] ×

[
1 +

→
Dt+1

0
(

xt, yt, bt; yt,−bt)][
1 +

→
Dt+1

0 (xt+1, y+1, bt+1; yt+1,−bs+1)

]


1/2

(6)

ECx+1 =
1 +

→
Dt

0
(
xt, yt, b′; yt,−b2)

1 +
→

Dt+1
0

(
xt+1, yt+1, b+1; yk+1,−bt+1

)
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TC4+1 =


[

1 +
→

Dt+1
0

(
xt, yt, bt, yt,−bt)][

1 +
→
Dt

0(xt, y′, bt; yt,−b′)
] ×

[
1 +

→
Dt+1

0
(
xt+1, yt+1, b′+1; yt+1,−bt+1)][

1 +
→
D′

0(xt+1, yt+1, bt+1; yt+1,−b++1)

]
 (7)

The model incorporates three fundamental components:

x: Input quantities;
y: Desirable outputs;
b: Undesirable outputs (environmental byproducts).

We evaluate productivity changes using distance functions calculated for consecutive

time periods (t and t + 1). The distance function
→
Dt

0
(
x2, yr, br; yt,−bt) measures efficiency

relative to period t’s technology, while
→

Dt+1
0

(
xs+1, yt+1, bt+1; yt+1,−bt+1) assesses perfor-

mance against period t + 1’s technological frontier (see Equation (7)).
The cross-period comparisons include:

→
Dt

0
(

xs+1, ys+1, bt+1; ys+1,−bt+1): t + 1 period performance evaluated against t period tech-
nology;
→

Dt+1
0

(
xt, yt, bt; yt,−bt): t period performance evaluated against t + 1 technology.

Interpretation Guidelines:

Malmquist–Luenberger index (MLI):

MLI > 1: Improvement in total factor productivity;
MLI = 1: Stable productivity;
MLI < 1: Productivity decline.

Efficiency Change (EC):

EC > 1: Enhanced operational efficiency;
EC = 1: Unchanged efficiency;
EC < 1: Efficiency deterioration.

Technological Change (TC):

TC > 1: Technological progress;
TC = 1: Static technology;
TC < 1: Technological regression.

This framework enables a comprehensive assessment of productivity dynamics by
separating efficiency improvements from technological advancements while accounting
for desirable and undesirable outputs. The directional vectors (yt, −bt) emphasize the
simultaneous maximization of good outputs and minimization of bad outputs in the
productivity measurement.

3. Variable Selection and Data Collection
In the estimation process of DEA evaluation, if variables are not chosen carefully,

the results may be biased, the model may be less able to distinguish among alternatives,
and it may also violate DEA rules. However, selecting suitable variables helps the model
perform better, evaluate data more precisely, maintain good discrimination and remain
consistent with the structure of the production process. Researchers argue that when
statistical analysis, expert advice and reading literature are used well, variable selection is
improved for strong and thorough efficiency checks [37,38]. Therefore, in this study, the
inputs and outputs employed to evaluate the forestry efficiency and productivity change
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are selected from previous research studies that repeatedly used these variables in their
research [31,39–41]. Table 1 describes the inputs and outputs that estimate this forestry
efficiency and productivity change. Carbon emissions (undesirable outputs) are directly
attributable to provincial forestry activities. The data for 31 mainland Chinese provinces
were collected from China’s Forestry, Grassland Statistical Yearbook and China Energy
Statistical Yearbook. The MAXDEA Ultra 9.0 was used for efficiency and productivity
evaluation.

Table 1. List of inputs and outputs used to gauge the efficiency and productivity change.

Inputs Unit

Forest area 10,000 hectares
Investment 10,000 yuan
Employees 10,000 persons

Outputs
Forestry output value 100,000,000 yuan

Timber output 10,000 m3

Forest stock volume 10,000 m3

Bad Output
Carbon emissions 1,000,000 t

4. Results and Discussion
Research on forestry efficiency (FE) both with and without carbon emissions (bad

output, BO) provides significant information about China’s forestry sector from 2001 to
2021. According to Table 2, forestry efficiency scores decreased significantly when carbon
emissions were included, with mean FE scores dropping by 7.7%, from 0.7655 to 0.7064.
This decline clearly shows how the harm done to the environment significantly impacts
forestry efficiency, especially when clearance escalates during years with fast industrial
development, as seen in 2007 and 2013. The results support popular views that provinces
in these years used more coal and were more industrialised compared to earlier times.
At the same time, the data shows concerted efforts for change in recent years. Scores of
FE came close to and in some years surpassed scores that id not have BO adjustments.
This result suggests that the improvements in sustainability made by China, such as the
Blue Sky Defence Plan and tree-growing efforts, are lowering forestry’s environmental
impact. Figure 1 shows this trend by showing a U-shaped growth in FE without BO and
an improved trajectory for FE with BO since 2020, suggesting that the eventual gains from
carbon neutrality efforts are tangible.

The annual variation of FE, presented in Figure 2, adds evidence to our first conclu-
sions. FE declined continuously from 2001 to 2016, and its sharpest decline of −0.081 oc-
curred during the year when industrial emissions were highest. Nevertheless, the situation
flipped sharply after 2016, showing an improvement by the end of 2020 (+0.0032). After
the country’s 2015 Revised Environmental Protection Law was passed and carbon trading
pilots were launched, the performance improved, and emissions declined. The results show
that certain regions differ in the use and outcomes of these policies. The main reason for
the surge in efficiency after 2020 can be attributed to areas like Guangdong and Zhejiang,
whose emissions regulations are stricter and have access to the most advanced technology.
Alternatively, other provinces such as Inner Mongolia often do not advance in technology
and efficiency quickly since they follow old methods and policies. Since such variations
exist, acting differently in each area is crucial to support fair progress everywhere. The
report shows that environmental degradation has slowed forestry efficiency, but the latest
efforts in policy have helped reduce these effects. After adopting BO in 2019, there was
an overlap of FE scores from economic and environmental viewpoints, which suggests
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that environmental protection can still be possible with monetary gains. Even so, unequal
development for regions and the evidence of past problems mean we must keep investing
in green energy and ensure strong regulations to reach longer-term sustainability. There are
numerous research studies that have investigated how carbon emissions adversely impact
on forestry output and altimetry, reducing the efficiency of forests output [42,43].

Table 2. Forestry efficiency of Chinese provinces with and without carbon emissions.

Year FE Without BO FE with BO Change in FE

2001 0.7464 0.693 −0.0534
2002 0.7101 0.6538 −0.0563
2003 0.7864 0.7441 −0.0423
2004 0.7356 0.6644 −0.0712
2005 0.7099 0.6354 −0.0745
2006 0.6905 0.6153 −0.0752
2007 0.7124 0.6314 −0.081
2008 0.6812 0.6035 −0.0777
2009 0.7779 0.7086 −0.0693
2010 0.772 0.6958 −0.0762
2011 0.736 0.6599 −0.0761
2012 0.7106 0.6538 −0.0568
2013 0.803 0.7221 −0.0809
2014 0.8143 0.7363 −0.078
2015 0.834 0.7837 −0.0503
2016 0.82 0.7409 −0.0791
2017 0.7953 0.7219 −0.0734
2018 0.8099 0.7559 −0.054
2019 0.809 0.789 −0.02
2020 0.8056 0.8088 0.0032
2021 0.8146 0.8164 0.0018

Mean 0.7655 0.7064 −0.0591

 

Figure 1. Forestry efficiency level with and without bad output (2001–2021).
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Figure 2. Change in the forestry efficiency level with and without bad output (2001–2021).

Considering and excluding carbon emissions, the FE analysis at the provincial level
found that Chinese forestry sector performance varies considerably across regions. Table 3
and Figures 3 and 4 show that if accounting for carbon emissions is considered, the produc-
tion of forest output often becomes less efficient in most provinces, suggesting significant
environmental costs. However, the impacts are very different in different areas due to
China’s wide range of natural and economic backgrounds. Even though Anhui, Fujian,
Hainan and Tibet emit vast amounts of greenhouse gases, they still score perfect efficiency
(FE = 1) in sustainable forest management. These areas likely benefit from good natural con-
ditions and strong conservation procedures. The most significant efficiency declines can be
seen in western and northern provinces, in places like Qinghai (−0.7911), Gansu (−0.7072),
Ningxia (−0.7041) and Inner Mongolia (−0.6334). In these regions, balancing production
and emissions control may be tough because of the need for energy-rich irrigation methods,
which are affected by water shortages. By contrast, provinces along the developed coast
in Guangdong, Shanghai, and Jiangsu have much smaller efficiency gaps, indicating that
their advanced equipment and rules make it easier to protect the environment. Shandong
province is a noteworthy case, as it achieves greater efficiency in dealing with emissions,
which might mean better control of these releases. Numerous research studies explore the
impact of forest revenues on economic, social and environmental benefits and endorse our
results [44,45].

These results guide how China should continue building a sustainable forestry sec-
tor. Because provinces have uneven environmental results, western areas require extra
investment and technology to meet their goals. The decent results of some provinces point
to the need to spread the most effective forest management practices to other areas. The
strong coastal results suggest that technology from these provinces can be applied to inland
regions. The findings explain how regional coordination and ecological efforts matter in
China, pointing out that specifically targeting interventions in western China can help
China reach its national carbon neutrality target. Future rules should aim to improve
the observation of emissions, support energy-saving approaches, set up regional carbon
markets and use environmental rules adapted to every region’s capability. The results from
province-based assessments guide efforts to reach China’s 2060 carbon neutrality objectives
in forestry.
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Table 3. Forestry efficiency of Chinese provinces with and without carbon emissions.

Province FE Without BO FE with BO Change

Anhui 1 1 0
Beijing 0.6872 0.6329 −0.3671

Chongqing 0.557 0.5695 −0.4305
Fujian 1 1 0
Gansu 0.3728 0.2928 −0.7072

Guangdong 1.0715 0.9915 −0.0085
Guangxi 1.057 0.9739 −0.0261
Guizhou 0.5818 0.5054 −0.4946
Hainan 1 1 0
Hebei 0.5251 0.4451 −0.5549

Heilongjiang 0.536 0.471 −0.529
Henan 0.7216 0.6416 −0.3584
Hubei 0.5834 0.5034 −0.4966
Hunan 0.7363 0.6795 −0.3205

Inner Mongolia 0.4461 0.3666 −0.6334
Jiangsu 1 0.962 −0.038
Jiangxi 0.7118 0.6692 −0.3308

Jilin 1.0036 0.9166 −0.0834
Liaoning 0.6285 0.5485 −0.4515
Ningxia 0.3758 0.2959 −0.7041
Qinghai 0.2889 0.2089 −0.7911
Shaanxi 0.4351 0.3551 −0.6449

Shandong 0.8241 0.8322 −0.1678
Shanghai 1 0.993 −0.007

Shanxi 0.4704 0.3904 −0.6096
Sichuan 0.5998 0.5791 −0.4209
Tianjin 0.8856 0.8056 −0.1944
Tibet 1 1 0

Xinjiang 0.4422 0.3622 −0.6378
Yunnan 0.9848 0.7148 −0.2852
Zhejiang 0.9706 0.8906 −0.1094

Figure 3. FE of Chinese provinces with and without bad output.
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Figure 4. Change in the forestry efficiency in Chinese provinces.

Using the MLI, researchers gain an essential understanding of China’s growth in
forestry productivity when factors such as the environment are included (Table 4 and
Figure 5). For 2001–2021, the productivity growth measured by MLI without bad outputs
(BO) was 9.45%, rising to 7.85% when carbon emissions were included. Thus, environmen-
tal costs caused productivity growth to decrease by 1.6 percentage points yearly. This shows
that traditional productivity assessment can misrepresent real performance, since it does not
consider the role of the environment. Productivity growth breaks down into some unique
patterns. Improvements in using resources through efficiency change (EC) showed an aver-
age increase of 11.46% for non-PRISM and 11.02% for PRISM data. However, differences
between with and without BO were greater regarding technological change (TC), at 9.14%
versus 7.46%. It demonstrates about 1.68 percent of the overall growth, which shows that it
does not include enough attention to environmental costs. The 1.6 percent annual MLI gap,
that is, the traditional measures overestimate the growth of productivity by 17.5 percent,
entails material policy implications. The high-gap provinces (e.g., Qinghai, Gansu) are now
allocated decarbonization funds specifically, whereas the low-gap regions (e.g., Guang-
dong, Zhejiang) can make use of the carbon markets. This instead uses > 3.8 B/year of
forestry investments in regions with high emissions and reveals the power of environmen-
tal accounting in terms of resource allocation. Researchers have strongly recommended
technological advancements in forest protection and development [46,47].

Yearly changes often uncover some essential patterns. Productivity growth rose
substantially during the early 2000s (19.36% without BO, 13.32% with BO in 2001–2002),
perhaps due to the first reforms and extra spending. During 2013–2015, both measures
(MLI with and without BO) show negative productivity growth (−11.17% in 2014) against
China’s slow economy and industrial transformation. It is clear that there has been a
recovery following 2015, and in 2017–2018 (MLI with BO: 21.77%), the company showed
substantial progress, proving it had adapted well to the new regulations. The difference
in MLI between regions that do and do not use BO has steadily reduced since 2001–2002,
which shows that thinking about the environment is more often included in improving
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productivity. This is probably the result of China’s collective efforts in environmental
protection and sectoral technology. The results suggest essential steps for policy creation. In
the first place, they underline China’s efforts to increase innovation and efficiency in forest
management. Furthermore, they show that actions to protect the environment are generally
consistent with improving productivity. Third, they explain that productive growth cannot
be overestimated if we start to include environmental factors in the assessment. Based on
the study, China’s forestry sector should maintain efforts to adopt eco-friendly technologies
and enhance forest management to achieve success in eco-friendly production.

Table 4. MLI, EC and TC with and without bad output in Chinese provinces 2001–2021.

Year MLI Without
BO MLI with BO EC Without

BO EC with BO TC Without
BO TC with BO

2001–2002 1.1865 1.1332 1.0891 1.0636 1.2209 1.1601
2002–2003 1.0718 1.0342 1.2623 1.2568 0.9674 0.9398
2003–2004 0.987 0.9787 0.9548 0.9773 1.1452 1.1683
2004–2005 1.127 1.099 1.0546 1.0438 1.1829 1.1439
2005–2006 1.234 1.2355 1.0205 1.0232 1.3269 1.3308
2006–2007 1.2078 1.1991 1.1262 1.1368 1.1565 1.1605
2007–2008 0.9991 0.9852 1.0594 1.0548 1.0279 1.0092
2008–2009 1.1615 1.114 1.3229 1.3196 0.9639 0.9264
2009–2010 0.9932 0.9763 1.0791 1.0929 1.0324 1.0301
2010–2011 1.1018 1.0797 1.0184 1.0191 1.1837 1.1617
2011–2012 1.1191 1.1124 1.1136 1.0952 1.1233 1.1012
2012–2013 1.1045 1.075 1.2277 1.2451 0.9817 0.9605
2013–2014 0.8741 0.8883 1.1358 1.1308 0.8478 0.8585
2014–2015 0.8519 0.8518 1.2013 1.1734 0.8005 0.7772
2015–2016 1.1116 1.0997 1.0331 1.0589 1.1604 1.1792
2016–2017 1.1295 1.1424 1.0589 1.0483 1.175 1.1756
2017–2018 1.209 1.2177 1.1555 1.1212 1.1779 1.1632
2018–2019 1.242 1.2036 1.1324 1.1099 1.223 1.1608
2019–2020 1.0702 1.0453 1.1042 1.0859 1.0747 1.0357
2020–2021 1.1076 1.0995 1.143 1.1461 1.0564 1.0486

Average 1.0945 1.0785 1.1146 1.1102 1.0914 1.0746

 

Figure 5. MLI with and without bad output from 2001 to 2021.
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A review of productivity in the Chinese forestry sector between 2001 and 2021 points
to significant differences between the usual measures and those incorporating environ-
mental factors (see Table 5 and Figure 6). The MLI indicates a regular yearly decrease of
2.9 percentage points in the measured productivity shown by the Malmquist index, proving
that regular assessments of sector performance are exaggerated. In the early 2000s, the
environmental adjustment led to a 6.63 percentage point overestimation of productivity
growth, reflecting China’s rapid growth during its industrialization period. The difference
got smaller over time and fell to 2.11 percentage points in 2020–2021, possibly indicating
that environmental concerns and productivity grew together. Looking at the productivity
change in detail helps us see important patterns. Environmental ECs consistently low-
ered average energy use by −1.74 percentage points each year, but these effects were the
strongest when regulations were at their highest levels (2014–2015 and 2017–2018). In other
words, first, following the new environmental requirements increased the efficiency costs
of the provinces. Twice as much TC was revised, with an average annual decline of 2.98 per-
centage points. There were the largest differences between 2001 and 2002 (7.38 percentage
points) and 2018 and 2019 (7.52 percentage points), meaning that much of the progress
claimed in technology leads to significant problems for the environment. These results are
aligned with the previous research studies that concluded that excluding the environmen-
tal degradation from the production function of efficiency estimation overestimates the
efficiency and productivity in different countries and regions [48,49]

Table 5. MI, EC and TC over the study period.

Year Change in MLI Change in EC Change in TC

2001–2002 −0.0663 −0.0385 −0.0738
2002–2003 −0.0506 −0.0185 −0.0406
2003–2004 −0.0213 0.0095 0.0101
2004–2005 −0.041 −0.0238 −0.052
2005–2006 −0.0115 −0.0103 −0.0091
2006–2007 −0.0217 −0.0024 −0.009
2007–2008 −0.0269 −0.0176 −0.0317
2008−2009 −0.0605 −0.0163 −0.0505
2009–2010 −0.0299 0.0008 −0.0153
2010–2011 −0.0351 −0.0123 −0.035
2011–2012 −0.0197 −0.0314 −0.0351
2012–2013 −0.0425 0.0044 −0.0342
2013–2014 0.0012 −0.018 −0.0023
2014–2015 −0.0131 −0.0409 −0.0363
2015–2016 −0.0249 0.0128 0.0058
2016–2017 −1 × 10−4 −0.0236 −0.0124
2017–2018 −0.0043 −0.0473 −0.0277
2018–2019 –0.0514 –0.0355 –0.0752
2019–2020 –0.0379 –0.0313 –0.052
2020–2021 –0.0211 –0.0099 –0.0208

Average –0.029 –0.0174 –0.0298

How these gaps have changed over time highlights essential information about China’s
forestry development. The results show that in the early 2000s, the most significant
divergence was found because the sector was mainly concerned with production rather
than the environment. Although wide gaps still exist, the slow shrinkage shows that
sustainability is integrated into productivity development. Because of these findings,
investing heavily in green technologies and using adjusted productivity measures to
properly judge a country’s performance is essential. The study shows that while some
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progress has been made in the forestry sector, serious obstacles stand in the way of achieving
completely environmentally responsible growth.

Figure 6. Change in MLI, EC and TC.

The regional investigation of productivity shifts in China’s forestry sector found sig-
nificant differences in carbon emissions across regions (Table 6). Even though all provinces
had lower measured productivity growth when considering environmental factors, the
change in productivity was much greater in some areas due to their unique growth styles
and kinds of challenges. Some main trends are visible when we examine the data region
by region. The differences between the two approaches to productivity were moderate in
coastal provinces such as Guangdong, Jiangsu and Zhejiang. It follows that more advanced
areas with stricter environmental rules have had greater success tying productivity gains
to protecting the environment. The results in Fujian (−0.0754) differ significantly from
those of other coastal provinces and require additional study to understand the reasons.
Meanwhile, western and northern provinces performed in a broader range of ways. Lev-
els of productivity stand far below emissions in Guangxi (−0.1026), Shandong (−0.0971)
and Jilin (−0.0653), meaning that these regions struggle to balance the two. At first sight,
these provinces obtain excellent results from forestry or energy sectors, though they put
tremendous strain on their environment. The province of Tibet (−0.1384) shows the most
significant adjustment, probably because high-altitude environments in Tibet are more
sensitive to changes from forestry.

In several provinces, the annualized and quarterly growth numbers did not differ
much. Gansu, Guizhou, Qinghai and Henan showed similar changes in forestry productiv-
ity, even when leaving out environmental costs. This could mean that their operations are
more sustainable than others or involve little environmental pollution. There are economi-
cally undeveloped areas in this group, as well as those that protect essential parts of the
environment. The findings impact the way ecological policies in the region are made. Since
provinces have very different performance gaps, a standard solution to sustainable forestry
development would not be suitable. In Guangxi and Shandong, where the environmental
impacts of economic growth are the highest, more effort may be necessary to lower these
costs. Still, Gansu and Guizhou could help to show the way by copying their approach. The
results focus on how certain places, such as Tibet, need distinctive environmental safety
measures because the usual productivity indicators do not reflect reality in those locations.
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Table 6. Change in MLI in the Chinese forestry sector.

Province MLI Without BO MLI with BO Change in MLI

Anhui 1.1344 1.1327 −0.0017
Beijing 1.1343 1.1309 −0.0034

Chongqing 1.2059 1.2 −0.0059
Fujian 1.1267 1.0513 −0.0754
Gansu 1.0748 1.0738 −0.001

Guangdong 1.1659 1.1522 −0.0137
Guangxi 1.2858 1.1832 −0.1026
Guizhou 1.1504 1.1499 −0.0005
Hainan 1.088 1.08 −0.008
Hebei 1.1569 1.1539 −0.003

Heilongjiang 1.0594 1.0226 −0.0368
Henan 1.0918 1.0908 −0.001
Hubei 1.1295 1.1285 −0.001
Hunan 1.0994 1.0971 −0.0023

Inner Mongolia 1.0662 1.0654 −0.0008
Jiangsu 1.1577 1.1413 −0.0164
Jiangxi 1.0948 1.0632 −0.0316

Jilin 1.0938 1.0285 −0.0653
Liaoning 1.1383 1.1283 −0.01
Ningxia 1.1086 1.0948 −0.0138
Qinghai 1.1008 1.1004 −0.0004
Shaanxi 1.1081 1.1071 −0.001

Shandong 1.332 1.2349 −0.0971
Shanghai 1.1123 1.0875 −0.0248

Shanxi 1.1857 1.1837 −0.002
Sichuan 1.093 1.0861 −0.0069
Tianjin 1.1575 1.1375 −0.02
Tibet 1.0401 0.9017 −0.1384

Xinjiang 1.0787 1.0687 −0.01
Yunnan 1.0984 1.0878 −0.0106
Zhejiang 1.1477 1.1464 −0.0013

These variations between provinces are most likely a result of several factors working
together. (i) Forestry operations using different technological levels; (ii) Differences in
how regulations are applied and in environmental rules; (iii) The kind of forest and the
ecological conditions in each place; (iv) Different industries and steps of value adding. This
study points out that tailoring policies for different regions is essential for Chinese forestry
development, primarily as the country aims to become carbon neutral. A future approach
should acknowledge how countries are differently situated, with eastern provinces, which
have achieved faster development, assisting western regions by providing technology
while taking more action against pollution early on.

It is clear from the provincial analysis that ecological factors distinctly influence the
measured improvements for different parts of the Chinese forestry sector (Table 7). Most
provinces made steady efficiency gains, apart from those reported using environmental
accounting, and the results refer to notable regional differences in the development process.
Guangdong, Hebei and Zhejiang, as coastal provinces, displayed about the same and mod-
erate decrease in efficiency gains relative to carbon emissions each year, indicating they all
follow a similar approach to reaching operational excellence and environmental standards.
In comparison, several inland regions showed greater offsets, as Beijing experienced the
most negative shift in efficiency (−0.0486), since ensuring eco–friendliness in the capital is
a big challenge with economic growth. Extraordinarily, several provinces became more effi-
cient while still conserving the environment, shown by identity in their EC scores between
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accounting methods for all six of Anhui, Hubei, Jiangsu, Qinghai, Shaanxi and Tibet. These
situations prove that improving operations and protecting the environment is possible. In
contrast, Jiangxi and Sichuan recorded negative efficiencies after environmental factors
were included, suggesting that much of their increased efficiency came at the harm to the
environment. Inner Mongolia (+0.0006) and Shanghai (+0.0041) improved unexpectedly
because their approaches help the environment while making the economy more efficient.

Table 7. Change in EC in the Chinese forestry sector.

Province EC Without BO EC with BO Change in EC

Anhui 1.12 1.12 0
Beijing 1.1504 1.1018 −0.0486

Chongqing 1.2127 1.2102 −0.0025
Fujian 1.1238 1.1212 −0.0026
Gansu 1.1429 1.1329 −0.01

Guangdong 1.1493 1.1393 −0.01
Guangxi 1.1812 1.1605 −0.0207
Guizhou 1.2019 1.1986 −0.0033
Hainan 1.12 1.1012 −0.0188
Hebei 1.1672 1.1572 −0.01

Heilongjiang 1.1699 1.1439 −0.026
Henan 1.0921 1.0821 −0.01
Hubei 1.1551 1.1551 0
Hunan 1.1226 1.1219 −0.0007

Inner Mongolia 1.1159 1.1165 0.0006
Jiangsu 1.1487 1.1487 0
Jiangxi 1.2029 1.1402 −0.0627

Jilin 1.1063 1.0998 −0.0065
Liaoning 1.1392 1.1382 −0.001
Ningxia 1.0985 1.0888 −0.0097
Qinghai 1.1303 1.1303 0
Shaanxi 1.1672 1.1672 0

Shandong 1.1621 1.1598 −0.0023
Shanghai 1.1374 1.1415 0.0041

Shanxi 1.1767 1.1667 −0.01
Sichuan 1.1758 1.1495 −0.0263
Tianjin 1.1538 1.1438 −0.01
Tibet 1.12 1.12 0

Xinjiang 1.1298 1.1295 −0.0003
Yunnan 1.12 1.1159 −0.0041
Zhejiang 1.1515 1.1415 −0.01

These results affect the formulation of regional forestry policies in China. Such wide
differences in tradeoffs between saving the environment and using resources show that
generic approaches to sustainable forestry will not fit all provinces. The significant differ-
ences between Beijing and Jiangxi highlight the need for extra help from policies. At the
same time, equally good standards in Jiangsu and Anhui could teach us how to achieve
environmental and efficiency objectives together. The results suggest that obtaining further
insights into regions with efficiency improvements and no environmental costs would
support China’s efforts to transition toward sustainable forestry development.

A review of TC across the forestry sector in China shows clear regional differences
in the impact of environmental factors on progress (Table 8). Guangdong, Jiangsu and
Zhejiang, all coastal provinces, show almost no difference between their conventional and
environmentally adjusted TC measures, implying that they have introduced environmental
considerations into their technology more successfully. What stands out is that Fujian’s
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−0.0757 change means that developed regions still struggle with sustainability in their
innovation systems. A bigger problem is the huge differences seen in the west and north,
particularly Guangxi’s −0.0962 gap, Jilin’s −0.0636 gap and Tibet’s −0.1384 gap, since
these regions’ development has mainly used energy–consuming, environmentally harmful
processes. Overall, advanced areas appear to do better at matching technology and environ-
mental success despite occasional issues, while environmentally weak places find it difficult
to grow environmentally friendly industries. Two success stories, Anhui and Zhejiang,
whose progress in clean energy and pollution levels has closely followed one another,
give useful examples for how to achieve progress in technology without harming nature.
The results suggest that China’s forestry sector needs regional policies for innovation to
deal with its various sustainability challenges. These results are empirically specific to
China, but the degree to which internalizing carbon costs comes at huge costs in efficiency
(average decline of 7.7 percent) has a general lesson on the challenge of achieving efficiency
in the natural resource sector. The post-2020-recovery has proven that economically and
environmentally oriented aims may be reconciled by special policies, a precedent that can
be brought to emerging economies that are forced to go through analogical transitions.
We offer an approach to replication to evaluate the sustainability of forestry in other ge-
ographies, especially in the Global South, where development and decarbonization are
challenging issues.

Table 8. Change in TC in the Chinese forestry sector.

Province TC Without BO TC with BO Change in TC

Anhui 1.1344 1.1327 −0.0017
Beijing 1.1685 1.1339 −0.0346

Chongqing 1.1384 1.1372 −0.0012
Fujian 1.1265 1.0508 −0.0757
Gansu 1.096 1.086 −0.01

Guangdong 1.1559 1.1423 −0.0136
Guangxi 1.233 1.1368 −0.0962
Guizhou 1.1019 1.0983 −0.0036
Hainan 1.1086 1.08 −0.0286
Hebei 1.1409 1.1309 −0.01

Heilongjiang 1.0641 1.0334 −0.0307
Henan 1.1501 1.1401 −0.01
Hubei 1.1137 1.1037 −0.01
Hunan 1.1083 1.0998 −0.0085

Inner Mongolia 1.0824 1.0708 −0.0116
Jiangsu 1.1242 1.1127 −0.0115
Jiangxi 1.0894 1.0326 −0.0568

Jilin 1.1465 1.0829 −0.0636
Liaoning 1.1208 1.1205 −0.0003
Ningxia 1.1737 1.1562 −0.0175
Qinghai 1.0892 1.078 −0.0112
Shaanxi 1.0874 1.0774 −0.01

Shandong 1.2136 1.2053 −0.0083
Shanghai 1.1048 1.0853 −0.0195

Shanxi 1.1596 1.1576 −0.002
Sichuan 1.1118 1.0991 −0.0127
Tianjin 1.142 1.122 −0.02
Tibet 1.0401 0.9017 −0.1384

Xinjiang 1.0853 1.0753 −0.01
Yunnan 1.1372 1.0795 −0.0577
Zhejiang 1.1489 1.1477 −0.0012
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5. Conclusions and Policy Implications
This study examines how China can reconcile the expansion of the forestry industry

with environmental protection, addressing a global challenge of striking a balance between
economic growth and ecological conservation. Our results show that using traditional pro-
ductivity indicators overstates results because they ignore environmental damage, reducing
the measured efficiency of forestry by 7.7% and shrinking the annual productivity growth
rate by 1.6 percentage points. The systematic overestimation in the performance of forestry
is brought about by consideration of conventional metrics that do not reflect the cost of
opportunity of the environment. When the carbon consequences are added, the calculations
of productivity give provincial credits for maximizing timber and economic production
without subtracting commensurate environmental degradation to put a forged efficiency
premium on it. An example of this would be that one province that utilizes coal to cut down
forests may seem to have a more efficient exploitation and harvest than the province that
has sustainable harvesting but both have the same levels of timber. Our findings measure
this distortion: the 7.7 percent efficiency gap and the 1.6 percent overstatement of annual
productivity is the concealed environmental liability of the forestry business. The research
highlights significant differences between regions, with Guangdong and Jiangsu aligning
their interests due to better technology and stricter regulations, whereas Qinghai and Tibet
exhibit greater environmental damage. The findings reveal that traditional development
is focused more on production than on caring for the environment, which can endanger
delicate ecosystems.

The analysis has yielded several significant policy recommendations for achieving
carbon neutrality by 2060. Forestry performance measurements at all levels should first
include aspects of the environment, evaluated using the Malmquist–Luenberger index to
ensure accuracy. Developed eastern regions must pass on green technologies to inland
parts, and those that are ecologically vulnerable depend on approaches that focus on
preserving nature. Moving forward, introducing new carbon trading and green financing
systems can help encourage sustainability efforts, and we can learn from model efforts
like the “Green Great Wall” initiative. Furthermore, close satellite monitoring and stricter
rules will be vital, especially in the most vulnerable areas. High-technological coastal
provinces (e.g., Guangdong, Jiangsu) can focus on the forest carbon trading and AI-aided
satellite monitoring to utilize the available infrastructure to ensure real-time compliance.
Using green finance, which includes conservation performance payments, ecologically
vulnerable areas (Qinghai, Tibet) must be set up with green livelihoods (non-timber based)
with proper land-use zoning. The implementation should be phased as follows: (1) Short-
term (2025–2027): Introduce Forest carbon markets in 3 eastern provinces with the help
of the MLI–adjusted metrics; (2) Medium-term (2028–2030): Integrate the satellite alerts
with the provincial enforcement systems; (3) * Long-term (post–2030): Scale successful
models (e.g., Green Great Wall incentives) to the national level. This multi–level plan will
concentrate traditional, tech-heavy instruments in areas where they are possible to allow
carbon–neutrality by 2060.

The results are significant for countries facing comparable environmental challenges.
While China’s economy can prosper while maintaining a healthy environment, it first needs
to reform its outdated ways of thinking about growth. The study shows that, as economic
resources, forests are essential, but they are also crucial for climate control and biodiversity
conservation. Additional research will enhance the current study by examining whether
sustainability measures remain effective over time and by exploring new options to assess
the environmental impact of policies. As climate goals are being set internationally, this
research demonstrates how forestry can benefit both humans and the environment.
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This research suggests that the way forestry productivity is measured and managed in
China should be reconsidered. We have found that it is essential to use metrics that report
carbon and other ecological consequences, rather than relying on simplified output-only
indicators that fail to demonstrate the extent to which we are harming the environment.
Based on the needs of each province, provincial governments must advance technology in
coastal regions while conserving ecologically sensitive areas and providing new income
opportunities. Market mechanisms should be further developed by establishing forest-
focused provincial carbon trading systems and incentives for low-emission technologies.
Using satellite monitoring and artificial intelligence to track activities, the government can
identify unsustainable actions in real time and impose fines on violators in at-risk areas. We
should include green financing projects that support sustainable forest use and greening
initiatives, inspired by practical projects such as the Green Great Wall. Most importantly,
our findings demonstrate that clear connections between forestry rules and broader climate
and biodiversity action plans are necessary to protect nature as China strives to achieve
its goal of carbon neutrality. These recommendations would help China’s forestry sector
demonstrate to the world that balancing economic growth with environmental protection is
possible and that conserving resources benefits both people and nature. In future research,
this methodology should be used cross-nationally, including the regions in the Global South
where the forestry-development tensions are similar, to find the solutions that can be scaled
to solve the climate problems in the sector with more recent data. In this study, carbon
emission was considered the main bad output associated with the environment; however,
future research ought to consider energy efficiency outputs (e.g., energy input divided by
the amount of timber output) in order to determine substitutability between capital and
labor and energy. In addition, future studies might utilize the stochastic frontier analysis
(SFA) to estimate such elasticities or consider the dynamic interactions between the carbon
efficiency, energy efficiency and biodiversity conservation utilizing multi-output models.

This research has various shortcomings. First, it is empirically specific to China
and hence does not represent a practicable universal extrapolation to other governments
of governance, although the methodological scheme has transfer incentives. Second,
aggregation at the provincial level may provide an alluring cover of sub-regional diverse
forestry practices and environmental changes. Lastly, in our environmental accounting,
carbon is the most privileged dimension, leaving aside other environmental aspects (e.g.,
biodiversity destruction, soil erosion) that might supplement further evaluation of efficiency.
The latter should be examined in the future by cross-national comparisons, smaller-scale
analysis, and multi-indicator environmental accounting.
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