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Abstract

Water rights trading policies play a crucial role in optimizing water resource allocation,
improving agricultural water use efficiency, and promoting the sustainability of both
agriculture and the environment, while also providing strong support for achieving the
‘dual-carbon’ goals. Utilizing data from 291 prefecture-level cities between 2009 and 2023,
this research applies the PSM-DID model to examine how the water rights trading policy
affects the net carbon sink intensity in the planting sector. The findings are as follows: First,
the water rights trading policy can significantly enhance the net carbon sink intensity of the
planting industry, with an average increase of 1.110 tons per hectare. Second, the mediating
effect model is employed to test the underlying mechanism. The results show that the
water rights trading policy can play a role through two paths: reducing the proportion
of food crop planting and reducing the use of fertilizer. Third, heterogeneity analysis is
conducted using subgroup regression. The heterogeneity analysis reveals that the policy’s
impact is more pronounced in cities characterized by abundant water resources, higher
farmer incomes, and those situated in Eastern China. Fourth, a spatial-effect analysis is
performed with the spatial Durbin model. The results further reveal that the policy not only
directly enhances the net carbon sink intensity in the planting industry but also generates
significant spatial spillover effects. In the future, efforts should focus on enhancing the
market structure for water rights trading and reinforcing region-specific implementation
strategies, guiding the green optimization of the planting structure, preventing the rebound
effect of water conservation, and emphasizing the role of spatial linkage to create a new
model of regionally coordinated low-carbon development in agriculture.

Keywords: agricultural emissions; China; net carbon sink intensity planting industry;
PSM-DID; spatial effect; water rights policy

1. Introduction
In response to the escalating risks of global climate change and aligned with the

objectives of the 2015 Paris Agreement, the Chinese government has made a formal com-
mitment to the ambitious “dual-carbon” goals: achieving peak carbon emissions by 2030
and carbon neutrality by 2060. As a critical component of the agricultural system, the
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planting industry constitutes a key sector in the ecosystem’s carbon cycle, possessing the
dual identity of both a carbon source and a carbon sink [1]. Agricultural activities in
China account for approximately 10% of global agricultural carbon emissions, according to
existing research [2], with emissions from the planting industry exceeding half of the total
agrarian emissions in China, highlighting its central position in the agricultural greenhouse
gas emissions pattern [3]. Additionally, crops absorb and fix atmospheric CO2 through
photosynthesis, converting it into biomass and storing it in plant tissues. At the same
time, through soil processes in farmland, long-term carbon sequestration occurs, partially
offsetting the greenhouse gas effects of agricultural emissions. Boosting the net carbon sink
of the planting sector serves as a key pathway to achieving two overarching objectives:
supporting China’s “dual-carbon” strategy and facilitating the transition towards a more
sustainable and low-carbon agricultural system.

Water rights trading policies are essential tools for optimizing water resource alloca-
tion and alleviating shortages, directing water to efficient, high-value areas. Since 2014,
pilot water rights reforms have been launched by China’s Ministry of Water Resources
across seven provinces, such as Ningxia, Jiangxi, Hubei, Inner Mongolia, Henan, Gansu,
and Guangdong. This initiative now represents a key component of innovative water
resource management practices in China [4]. In 2016, the “Interim Measures for Managing
Water Rights Trading” were introduced, which clarified the scope, entities, duration, pricing
mechanisms, and platform rules for trading. In the same year, the China Water Rights
Exchange officially began operations, marking the advancement of water rights market
development [5]. In 2022, the “Guiding Opinions on Promoting Water Rights Reform”
were issued, providing guidance for improving the water rights market [6]. With the
comprehensive enforcement of water rights policies, their impact on high-quality agricul-
tural development has become increasingly important, helping to optimize water resource
allocation, improve efficiency, and promote rural high-quality construction. In 2025, the
State Council issued the “Guidelines on Advancing the Market-Oriented Allocation Sys-
tem for Resource and Environmental Factors” [7], proposing improvements to the water
resource market mechanism and enhancing resource utilization efficiency and ecologi-
cal management. Water rights trading has emerged as a crucial policy mechanism for
mitigating conflicts between water supply and demand, as well as for optimizing environ-
mental governance. In agriculture, water rights trading improves regional water resource
allocation efficiency through market regulation. It has a profound impact on agricultural
structure, land use, and crop planting patterns, which could further impact the carbon cycle
of agricultural ecosystems and the net carbon sequestration intensity in planting industries.
Consequently, a systematic examination of how water rights trading influences the net
carbon sink intensity of agricultural cultivation, along with its underlying transmission
pathways, is essential for driving the green and low-carbon transition of agriculture and
supporting the fulfillment of the “dual-carbon” targets.

Given the relatively recent implementation of water rights trading policies in China,
systematic research on the topic remains limited. Existing studies primarily examine the
objectives and challenges of water rights trading [8], as well as the pricing mechanism [9].
Regarding the economic and environmental impacts, research primarily focuses on water-
saving [10,11], increasing farmers’ income [12], food production [13], and agricultural
green development [14]. A few scholars have conducted micro-level studies, showing
that water rights trading policies improve total factor productivity in enterprises [15].
However, despite the presence of existing research on the diverse impacts of water rights
trading, there is still insufficient exploration of its impact and mechanisms within the
agricultural ecological context, particularly regarding the net carbon sink of the planting
industry. Within the framework of the “dual-carbon” objectives, clarifying the current



Sustainability 2025, 17, 11343 3 of 22

status and intensity of the planting industry’s net carbon sink is essential for achieving
low-carbon agricultural development. Current research mainly focuses on the calculation
methods, spatial–temporal features [16], and influencing factors [17] of agricultural net
carbon sinks. As research deepens, some scholars have started to focus on the calculation
and spatial–temporal features of the planting industry’s net carbon sink [18]. Still, related
studies on driving factors have concentrated only on planting structure [19] and agricultural
mechanization [20], with insufficient focus on other potential factors (see Table 1). Therefore,
existing studies have yet to fully delineate the specific pathways through which emissions
reduction and carbon sequestration can be enhanced within the planting sector. Water
rights trading enhances the net carbon sink capacity of the agricultural planting sector
through optimized water resource allocation and the promotion of water-saving irrigation
technologies. Therefore, a systematic investigation into the impact of water rights trading
policies on net carbon sink intensity in the planting industry, as well as their underlying
mechanisms, is essential to fostering synergistic water–carbon resource management and
advancing green development through integrated carbon–water strategies.

Table 1. Comparative analysis of existing research on water rights trading and net carbon sinks.

Water Rights Trading Net Carbon Sink in Agriculture

The goals and issues of water rights
trading [8]

The calculation methods and
spatio-temporal characteristics of net

carbon sinks in agriculture [16]

The formation mechanism of water rights
trading prices [9]

Influencing factors of net carbon sinks in
agriculture [17]

The economic effects of water rights
trading (including water

conservation [10,11], farmers’ income
increase [12], and grain production [13])

Measurement and spatio-temporal
characteristics of net carbon sinks in the

planting industry [18]

The green development effect of water
rights trading on agriculture [14]

The driving factors of net carbon sinks in
the planting industry (including planting

structure [19] and agricultural
mechanization [20])

Building upon this foundation, the present research employs panel data spanning the
years 2009 to 2023, encompassing 291 cities across China. Employing a propensity score
matching–difference-in-differences (PSM-DID) model, this study examines the effect of
water rights trading policies on net carbon sink intensity within the planting sector. The
objective is to offer novel insights and policy recommendations for reducing agricultural
emissions and enhancing carbon sequestration. Compared to the existing literature, this
study contributes primarily in two key areas. First, from a research focus perspective,
this research addresses a significant gap in the current literature by examining the linkage
between water rights trading policies and net carbon sinks within the planting industry.
Taking the implementation of water rights trading policy as the analytical entry point,
it investigates the mechanisms through which this policy influences the net carbon sink
intensity of the planting industry. This study assesses the impact of the water rights
trading policy and provides theoretical insights for promoting emissions reductions and
enhancing carbon sinks in the planting industry. Second, regarding research design, this
study refines the analytical scope to the national prefecture-level city scale, enabling a
more precise assessment of the net carbon sink intensity in the planting industry. Mean-
while, a multi-period DID model is constructed to test policy effectiveness; additionally,
a spatial Durbin model (SDM) is incorporated to assess spatial spillover effects, thereby
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providing a theoretical basis for expanding the geographical reach of water rights trading
policy implementation.

2. Theoretical Analysis
2.1. Direct Effect Analysis

Water rights trading activates agricultural production factors through market mecha-
nisms, and adjusts planting methods and resource-use patterns, thereby influencing the net
carbon sink intensity of the agricultural planting sector. Its intervention helps smallholder
farming break free from dependence on environmental overdraft, advances the transfor-
mation of agriculture towards precision and sustainable development, and redefines the
pathways for emissions reduction and carbon sequestration. Specifically, water rights trad-
ing promotes precise irrigation through incentive mechanisms, thereby improving water
use efficiency [14], reducing energy consumption, and enhancing carbon sequestration.
Property rights theory suggests that clarifying water rights helps achieve efficient resource
allocation and utilization [21]. Due to the quasi-public-good nature and non-exclusivity
of water resources, without clear water rights, water-saving benefits are often external-
ized, leaving farmers without incentives to conserve. However, water rights clarification
strengthens farmers’ awareness of ownership, increasing their willingness and efficiency in
water conservation. The water rights market, through pricing and trading mechanisms,
reallocates water resources to ecological uses, including efforts like restoring degraded
soils and establishing a farmland forest network, thereby enhancing carbon sink capacity,
improving regional carbon sink efficiency, and stabilizing ecosystems [22]. Additionally,
revenues from water rights trading can promote ecological governance and agricultural
infrastructure development, thereby motivating government and business investments.
The results of rights clarification indicate that agriculture uses the most water and has
the greatest potential for water savings, thereby creating a “signaling effect” that guides
enterprises to increase investments in water-saving technologies and infrastructure [23].
Inter-industry water rights transfers provide enterprises with a stable water source, and
enterprises invest in water-saving projects by purchasing long-term water rights and adopt-
ing contract-based water-saving models [24], thereby improving water transport efficiency
and further promoting emissions reduction and carbon sequestration.

Hypothesis 1: The implementation of the water rights trading policy will significantly increase the
net carbon sink intensity of the planting industry.

2.2. Indirect Effect Analysis
2.2.1. Reducing the Proportion of Food Crop Cultivation

The adjustment of planting structure is an independent decision made by farmers
based on rational choices, with its core goal of maximizing profits and minimizing risks
in agricultural operations. The fundamental drive behind the conversion of cultivated
land to non-grain uses lies in the comparative relationship between associated costs and
benefits [25]. The output per unit of water for cash crops is significantly higher than
that for food crops, and cash crops also have higher water use efficiency [26]. Overall,
cash crops exhibit better performance in terms of both water consumption intensity and
output per unit of water. From a behavioral economics perspective, water rights trading
strengthens the incentive for farmers to use water resources efficiently, thereby promoting
the shift from food crops to cash crops, such as vegetables and fruits. This not only
adjusts the planting structure but also curbs excessive water consumption. Simultaneously,
water rights trading reallocates water resources to non-agricultural sectors, optimizes
overall allocation, meets the growing demand for non-agricultural water use, and enhances
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social and economic benefits. Grain production is a resource-intensive industry that relies
heavily on irrigation [27]. However, the sustainability of grain cultivation, with its high
dependence on irrigation, is constrained by water resource endowments and the transfer
of water resources to non-agricultural sectors. In the absence of external compensation and
adequate resource substitution, the diversion of water resources to non-agricultural uses
creates a “crowding-out effect” on agricultural water use, leading farmers to prefer planting
cash crops that require relatively less water [28]. Compared with food crops, which are
water-intensive, high-input, and high in emissions, cash crops are mainly perennial woody
crops, which possess stronger photosynthetic carbon absorption capacity and soil carbon
accumulation effects. Therefore, cash crops have a higher net carbon sink intensity.

Hypothesis 2: Water rights trading can promote the increase in the net carbon sink intensity of the
planting industry by reducing the proportion of food crop cultivation.

2.2.2. Enhancing the Intensity of Irrigation Water Use

Water rights trading has heightened farmers’ awareness of the economic value of water
resources, leading them to recognize that such value encompasses not only immediate
use but also the potential trading value of surplus rights [29]. Driven by the economic
incentives of water rights trading, farmers are increasingly inclined to adopt efficient water-
saving technologies, such as drip irrigation, sprinkler irrigation, and piped irrigation, to
improve both soil moisture retention and irrigation water use efficiency [30,31]. Firstly,
these technologies can reduce irrigation water waste, lower energy consumption, and
minimize carbon emissions from water transport and irrigation in the cultivation process.
Secondly, reasonable control of irrigation amounts can minimize nutrient leaching with
water, thus lowering greenhouse gas emissions [32]. Studies show that in a farmland sys-
tem, alternating wet and dry irrigation can significantly reduce methane (CH4) emissions
compared to traditional flooding methods [33]. Precision irrigation effectively prevents
the formation of anaerobic soil environments, thereby lowering the emissions of green-
house gases, including CH4 [34]. Lastly, efficient water-saving technologies help improve
soil moisture management, thereby enhancing the soil’s carbon storage capacity. Proper
moisture management can maintain good soil structure, promote microbial activity, and
promote the breakdown of organic matter, thus enhancing soil organic carbon content. At
the same time, moderate moisture control can suppress excessive microbial activation and
organic matter decomposition, further increasing soil organic carbon storage [35].

Hypothesis 3: Water rights trading can promote the increase in the net carbon sink intensity of the
planting industry by enhancing the intensity of irrigation water use.

2.2.3. Reduce the Use of Chemical Fertilizers

Cutting down on fertilizer usage can improve crop growth environment, as well as
yield and quality, and thus enhance the net carbon sink of agriculture [22]. Crop carbon
sinks and soil carbon sinks together form agricultural carbon sinks. Precision fertilization
can directly deliver water and fertilizer to the plant roots, and it has the following effects
on carbon sinks [36]. Firstly, it can prevent over-fertilization, where excess fertilizer leaches
away with water. This allows crops to absorb sufficient nitrogen, phosphorus, potassium,
and other nutrients, resulting in healthy growth and high yields. Through photosynthesis,
crops absorb atmospheric CO2 and synthesize carbohydrates, maximizing the carbon sink
potential of crops [37]. Secondly, soil organic carbon represents a fundamental component
of the soil carbon pool. It forms stable organic carbon through the decomposition of plant
residues by microorganisms and mineral binding; this helps to lower the concentration
of greenhouse gases in the atmosphere. Precision fertilization not only increases crop
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yield and root biomass [38], which enhances organic carbon input, but also improves soil
structure and reduces organic carbon loss [39].

Hypothesis 4: Water rights trading can increase the net carbon sink strength of agriculture by
reducing fertilizer usage.

3. Research Design and Data Sources
3.1. Selection and Explanation of Main Variables
3.1.1. Explained Variable

(1) Total Carbon Emissions from the Planting Industry
Currently, the academic community holds two perspectives on understanding carbon

emissions from the agricultural industry. Some scholars suggest that carbon emissions from
the plantation industry encompass greenhouse gases released directly or indirectly through
human activities during production. The six types of carbon sources included are the following:
chemical fertilizers, pesticides, agricultural films, diesel, irrigation, and plowing [40–42]. Other
scholars, however, argue that the carbon emissions scope of the planting industry should also
encompass emissions generated from rice cultivation [43,44]. Nevertheless, the rice carbon
emissions coefficient already accounts for the effect of fertilization on CH4 emissions from
paddy fields, leading to double counting with the carbon emissions from chemical fertilizers
in the production process [45]. Accordingly, drawing on methodologies employed in prior
research [46–50], this study analyzes both direct and indirect carbon emissions from six carbon
sources in the planting production process. Given the lack of city-level data on the utilization
of these six carbon sources, this study extends the methodology established in the research by
Xu et al. [51]. Specifically, the usage of agricultural plastic films, agricultural diesel oil, and
pesticides at the provincial level per unit of effective irrigation area is multiplied by each city’s
effective irrigation area to calculate the respective usages of these carbon sources in each town.
Then, carbon emissions from the planting industry in each city are determined using emissions
coefficients for different carbon sources. The formula is presented as follows:

CE =∑ CEi = ∑ Ti × εi (1)

In Formula (1), CE denotes the total carbon emissions from the planting sector, while CEi

refers to the carbon emissions attributable to each specific type of carbon source. Where Ti

represents the quantity of input for the i-th carbon source, and εi corresponds to the carbon
emission coefficient of the i-th carbon source. Table 2 summarizes the main carbon emissions
sources within the planting industry along with their respective carbon emissions coefficients.

Table 2. Main carbon emissions sources and carbon emissions coefficients in the planting industry.

Carbon Source Carbon Emissions Coefficient Reference Sources

Diesel Oil 0.59 kg/kg IPCC2013 [52]
Chemical Fertilizers 0.89 kg/kg Oak Ridge National Laboratory [53]

Pesticides 4.93 kg/kg

Agricultural Plastic Films 5.18 kg/kg
Agricultural Resource and Ecological

Environment Research Institute,
Nanjing Agricultural University [54]

Irrigation 266.48 kg/hm2 Zhou [55]
Tillage 312.60 kg/km2 Zhang [56]

(2) Carbon Sink Capacity of the Planting Industry
The main sources of agricultural carbon sink capacity include biological carbon seques-

tration and soil carbon sequestration in cultivated land [22]. Biological carbon sequestration
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primarily comes from the absorption of CO2 by crops through photosynthesis during their
growth [57], while soil carbon sequestration mainly originates from crop residues and fer-
tilizer application. Due to the highly complex internal dynamic mechanism of soil carbon
sequestration and its inability to form a stable carbon sink within a short period, as noted in
existing studies [43], the role of farmland soil carbon sequestration is not accounted for in
carbon sink accounting. Given the completeness of the data, the primary sources of carbon
sink in the planting industry are categorized into 12 crops: rice, wheat, corn, legumes,
tubers, cotton, rapeseed, peanuts, vegetables, sugarcane, sugar beets, and tobacco [58]. Be-
cause yield data for 12 crop types at the city level cannot be directly obtained, crop planting
patterns and natural resource conditions are relatively consistent across most provinces.
In the absence of detailed data at the city level, referring to the research of Xu [51], the
total planting area of crops in provincial units, including rice, wheat, corn, legumes, tubers,
cotton, rapeseed, peanuts, vegetables, sugarcane, sugar beet, and tobacco, is multiplied by
the city-level crop areas to calculate the yields of the 12 crop types at the city level. The
formula for determining the total carbon sink in crop cultivation is as follows:

CS = ∑ CSi = ∑ Ci × Pi × (1 − W)/ai (2)

In Formula (2), CS indicates the total carbon sink capacity of the planting industry, and
CSi refers to the carbon sink capacity contributed by different crop types. Ci denotes the
amount of carbon absorbed by crops to synthesize a unit of organic matter via photosynthe-
sis, Pi represents the crop yield, W signifies the water content present in the economically
harvested portion of crops, and ai denotes the economic coefficient of the crops. The carbon
absorption rates and economic coefficients for different crops are drawn from relevant
studies by Wang [44] and Jin [59], as detailed in Table 3.

Table 3. Crop carbon sink calculation coefficients.

Variety Economic Coefficient Water Content (%) Carbon Absorption Rate Coefficient Value

Rice 0.45 12 0.414 0.8096
Wheat 0.4 12 0.485 1.0670
Corn 0.4 13 0.471 1.0244
Beans 0.34 13 0.45 1.1515
Tubers 0.7 70 0.423 0.1813
Cotton 0.1 8 0.45 4.1400

Rapeseed 0.25 10 0.450 1.6200
Peanut 0.43 10 0.45 0.9419

Vegetable 0.6 90 0.450 0.0750
Sugar cane 0.5 50 0.450 0.4500

Beet 0.7 75 0.407 0.1454
Tobacco 0.55 85 0.450 0.1227

(3) Net Carbon Sink Intensity of the Planting Industry
The net carbon sink intensity of the planting industry is calculated by subtracting total

carbon emissions from the overall urban carbon sink, and then dividing the resulting value
by the total sown area of farmland. The formula is as follows:

Nci = CSi − CEi (3)

Ncki = Nci ÷ FAi (4)

In Formulas (3) and (4), Nci denotes the net carbon sink amount of the planting
industry in city i, and Ncki represents its net carbon sink intensity; CSi refers to the carbon
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sink amount from the planting industry in city i, while CEi indicates the carbon emissions
generated by the planting industry in the same city. FAi stands for the total sown area of
crops in city i.

3.1.2. Core Explanatory Variable: Implementation Status of the Water Rights Trading Policy

In this study, the water rights trading policy is treated as a dummy variable and
serves as the core explanatory variable. If a region implemented agricultural water rights
trading in a given year, the variable is assigned a value of one; otherwise, it is assigned
zero. Specifically, to promote water rights trading, the Ministry of Water Resources released
guiding opinions and initiated a pilot program in 2014, designating Ningxia, Jiangxi, Hubei,
Inner Mongolia, Henan, Gansu, and Guangdong as pilot provinces. All cities in the pilot
provinces form the treatment group and are assigned a value of one for the year 2014 and all
subsequent years. All cities in non-pilot provinces form the control group and are assigned
a value of zero.

3.1.3. Control Variables

To reduce endogeneity bias from omitted variables, six control variables are selected: ur-
ban industrial structure, total water resources, rural residents’ income, intensity of agricultural
machinery use, agricultural technological innovation, and number of agricultural employees.

3.2. Empirical Model Specification
3.2.1. PSM-DID Model

By employing the PSM method, the comparability between treatment and control
groups is enhanced, thereby eliminating selection bias. The DID model assesses the impact
of a specific external policy shock by identifying the differences it creates across cross-
sectional units and over time, while effectively removing the influence of unobservable
factors on the analysis outcomes. This study utilizes the propensity score matching–
difference-in-differences (PSM-DID) approach to empirically assess the impact of water
rights trading policy on the net carbon sink intensity of the planting industry. With
reference to the practices of Zhu [60] and Guo [61], the baseline regression model is specified
as follows:

Nckit = α0 + α1DIDit + α2Xit + µi + λt + εit (5)

In Equation (5), Nckit denotes the dependent variable, representing the net carbon sink
intensity of the planting industry in city i during year t; DIDit is the explanatory variable, which
serves as the interaction term between “whether the year is after 2014 (denoted as ‘time’)” and
“whether the city is a water rights trading pilot (denoted as ‘treated’)”; α1 is the to-be-estimated
coefficient of the explanatory variable; Xit refers to a set of control variables; α0 is the intercept
term; α2 is the to-be-estimated coefficient of the control variables; and µi, λt, and εit represent
the city fixed effect, time fixed effect, and random disturbance term, respectively.

To eliminate the impact of sample self-selection bias on the estimation results, this
study employs 1:3 nearest-neighbor matching with replacement within a specified caliper to
pair the samples. Some samples are excluded to ensure a relatively large standard support
range, thereby obtaining control group samples that achieve the optimal matching effect
with the treatment group. The PSM-DID model is constructed as follows:

Nckpsm
it = α0 + α1DIDit + α2Xit + µi + λt + εit (6)

In Equation (6), Nckpsm
it is the core explained variable after propensity score matching.
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3.2.2. Mechanism Testing Model

Based on the theoretical analysis of the mechanism previously outlined, and with
reference to the studies by Guo [19] and Chang [62], this study introduces the planting
structure and irrigation water use intensity as mechanism variables. It constructs the
mechanism testing model as follows:

Mediationit = α0 + α3DIDit + α2Xit + µi + λt + εit (7)

Nckit = α0 + α4DIDit × Mediationit + α2Xit + µi + λt + εit (8)

In Equations (7) and (8), mediationit represents the two types of mechanism variables,
namely planting structure and irrigation water use intensity; α0 is the intercept term;
the coefficient α3 captures the extent to which the explanatory variable influences the
mechanism variables; following the introduction of the mechanism variables, α4 represents
the estimated coefficient corresponding to the core explanatory variable.

3.2.3. Spatial Durbin Test Model

To conduct a systematic analysis, building on the results of model selection and
matching, and drawing on the methodology of Zhang et al. [63], this study further applies
the spatial Durbin model (SDM) for analysis. The model is as follows:

Nckit = α0 + ρWNciit + α1DIDit + β1WDIDit + α2Xit + β2WXit + µi + λt + εit (9)

In Equation (9), W represents the spatial weight matrix constructed using geographic
distance; ρ denotes the spatial autocorrelation coefficient of the dependent variable; β1

captures the spatial spillover effect of the water rights trading policy; and the other variables
are consistent with those in Model (5).

3.3. Data Sources and Descriptive Statistics of Variables

The data employed in this study are sourced primarily from the China City Statistical
Yearbook, spanning the years 2010 through 2024. Inter-provincial data are sourced from the
China Statistical Yearbook (2010–2024), China Rural Statistical Yearbook (2010–2024), China
Environmental Statistical Yearbook (2010–2024), and statistical reports on the economic and
social development of provinces and cities across China. Urban agricultural patent data are
obtained from the InCopat database. Some urban-level indicator values are calculated using
urban-level and inter-provincial data. Samples with a large number of missing indicator
values are excluded, and a few missing values are filled using the linear interpolation method.
Finally, a panel dataset covering 291 cities nationwide from 2009 to 2023 is obtained (excluding
Hong Kong, Macao, Taiwan, and the Tibet Autonomous Region). Definitions and descriptive
statistics for the primary variables are provided in Table 4.

Table 4. Descriptive statistics and calculation methods of the variables.

Variable Name Variable Symbol Variable Representation Obs Mean Std. Dev. Min Max

Net carbon sink
intensity Nck

(Carbon sink—carbon
emission)/total sown area of crops

(T·hm−2)
4365 6.542 6.175 −0.199 102.932

Water rights trading
policy Did

Whether it is a transaction item after
2014 and whether it is a pilot city

for water rights trading
4365 0.199 0.400 0.000 1.000

Industrial structure Industry Output value of the primary
industry/GDP (%) 4365 12.488 8.184 0.030 62.199
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Table 4. Cont.

Variable Name Variable Symbol Variable Representation Obs Mean Std. Dev. Min Max

The logarithm of the
total water resources ln_water Logarithm of total water resources

(×104 m3) 4365 12.779 1.210 9.057 17.165

The logarithm of
rural residents’

income
ln_income

The logarithm of per capita
disposable income of rural

residents(yuan)
4365 9.413 0.524 7.712 10.920

The intensity of
agricultural

machinery usage
Machine

Total power of agricultural
machinery/total sown area of crops

(×104 w·hm−2)
4365 7.377 6.692 0.000 118.491

The total number of
agricultural patent

applications
Tech Total number of agricultural patent

applications (one hundred pieces) 4365 2.493 4.676 0.000 64.120

The number of
agricultural
employees

Employ The proportion of people employed
in the primary industry (%) 4365 2.428 6.549 0.000 73.969

The proportion of
food crop cultivation Grain Sown area of food crops/total sown

area of crops (%) 4365 65.980 17.778 0.000 99.471

The logarithm of the
intensity of irrigation

water usage
ln_irrigation

Water consumption for farmland
irrigation/total sown area of crops

(m3·hm−2)
4365 7.564 0.875 1.337 10.598

The amount of
chemical fertilizer
applied per unit

sown area

Fertilizer Fertilizer usage
(×104 t × 103 hm−2) 4275 1.793 6.442 0.041 120.869

4. Empirical Results and Analysis
4.1. Analysis of Benchmark Regression Results

Table 5 reports the baseline regression results analyzing the effect of the water rights
trading policy on net carbon sink intensity within the planting industry. The analysis utilizes
a two-way fixed effects model, integrating both firm-specific and time-specific fixed effects
to account for unobserved heterogeneity. In Column (1), which presents estimates without
control variables, the coefficient of the core explanatory variable is 0.953, showing a statistically
significant positive effect at the 1% level. Column (2) reports results after incorporating control
variables, where the coefficient of the core explanatory variable is 1.110, remaining significantly
positive at the 1% level. The findings show that the water rights trading policy significantly
increases the net carbon sink intensity of the planting sector, with an average increase of
1.110 tons per hectare. This offers empirical validation for Hypothesis H1.

Table 5. Benchmark regression results.

Variable (1) (2)

Did 0.953 ***
(0.295)

1.110 ***
(0.285)

Industry 0.056 **
(0.025)

ln_water −0.184
(0.132)

ln_income −2.490 **
(0.963)

Machine −0.174 ***
(0.023)

Tech 0.063 **
(0.028)

Employ 0.036 ***
(0.009)
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Table 5. Cont.

Variable (1) (2)

Cons 6.298 ***
(0.099)

28.198 ***
(9.309)

N 4365 4365
R2 0.038 0.132

City Yes Yes
Year Yes Yes

Note: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively; figures in parentheses
are city-level cluster-robust standard errors. This convention applies to all subsequent tables as well.

4.2. DID Estimation Validity Test
4.2.1. Parallel Trend Test Analysis

The DID method relies on the parallel trend assumption as a prerequisite, which means
that before the implementation of the water rights trading pilot program, there was no
systematic difference in the net carbon sink intensity of the planting industry between pilot
cities and non-pilot cities. To test the parallel trend assumption and capture the dynamic
evolution of policy effects, this study adopts the dynamic event study framework. It
estimates the benchmark regression model by adding dummy variables for the four periods
before and the six periods after policy implementation. Taking 2014 as the base period,
this study examines the changes in annual effects before and after the implementation of
the pilot program. As shown in Figure 1, prior to the launch of the pilot program, the
coefficients of the interaction term oscillated around zero, and the confidence interval
crossed zero, suggesting no significant difference in the net carbon sink intensity between
the two city types. After the policy was implemented, the interaction term coefficient was
significantly positive and continued to increase, indicating that the net carbon sink intensity
of pilot cities was considerably higher than that of non-pilot cities. Thus, the model meets
the parallel trend assumption.

Figure 1. Parallel trend test.

4.2.2. Placebo Test Analysis

To validate the benchmark findings, a placebo test is conducted in which cities are
randomly reassigned to the treatment group. It redefines the experimental and control
groups for the water rights trading pilot program, uses the net carbon sink intensity of
the urban planting industry as the dependent variable, and performs random sampling
with 1000 repeated estimations. As shown in Figure 2, the estimated coefficients from the
random simulation are largely concentrated around zero, which is quite different from the
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actual estimated value of 1.110, and approximately follow a normal distribution. Moreover,
most p-values exceed 0.1. These results indicate that omitted variables do not significantly
affect the regression results, and the benchmark regression is robust.

 
Figure 2. Placebo test.

4.3. Robustness Test
4.3.1. Propensity Score Matching Test

To ensure the accuracy of the difference-in-differences (DID) results, this study con-
ducts a balance test of the propensity score matching (PSM) results before the baseline
regression. The treatment group comprises all cities in the seven pilot provinces, and
propensity score matching is performed using the control variables from the baseline re-
gression as covariates. The study employs both caliper nearest-neighbor matching and
kernel matching methods. As shown in Table 6, after matching, the bias rates of all variables
are within 10%, and the t-tests are not significant, indicating that there are no systematic
differences between the treatment and control groups, and indicating that the sample
matching is effective.

Table 6. Balance test of PSM-DID.

Variable

Nearest-Neighbor Matching Within Caliper
(After Matching) Kernel Matching (After Matching)

t-Value p-Value % Bias t-Value After
Matching p-Value % Bias

Industry 0.65 0.517 2.4 0.32 0.753 1.2
ln_water −0.41 0.681 −1.7 −0.84 0.399 −3.3

ln_income −1.27 0.203 −4.9 −0.57 0.571 −2.2
Machine 1.23 0.218 3.6 0.30 0.768 0.9

Tech −0.93 0.352 −2.8 −0.95 0.343 −2.9
Employ 0.36 0.718 1.1 −0.02 0.981 −0.1

Based on the regression conducted using the benchmark DID model, the matching
process via PSM is summarized in Table 7. In Columns (1) and (2), after controlling for
the control variables, the regression coefficients for the water rights trading policy on the
net carbon sink intensity of the planting industry are 1.204 and 1.112, respectively, both
positive at the 1% significance level. The estimation results from the PSM-DID model align
with the baseline regression in both the direction and significance of the coefficients. This
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further corroborates the robustness of the conclusion that water rights trading policies
significantly enhance the net carbon sink intensity of the planting industry.

Table 7. Robustness tests.

Variable

(1) (2) (3) (4) (5) (6)

Caliper Nearest-
Neighbor
Matching

Kernel Matching

Exclude
Municipalities
Directly under

the Central
Government

Adjust the Year Winsorization
Replace the
Dependent

Variable

Nck Nck Nck Nck Nck Nc

Did 1.204 *** 1.112 *** 1.100 *** 1.102 *** 1.076 *** 6.512 **
(0.290) (0.285) (0.283) (0.270) (0.269) (2.979)

Controls yes yes yes yes yes yes
Cons 31.541 *** 30.179 *** 31.010 *** 22.870 ** 28.444 *** 318.560 ***

(9.623) (8.605) (8.461) (9.214) (7.472) (98.348)
City yes yes yes yes yes yes
Year yes yes yes yes yes yes

N 3230 4362 4305 2910 4365 4365
R2 0.113 0.132 0.133 0.095 0.222 0.188

4.3.2. Other Robustness Tests

To assess the reliability and robustness of the baseline regression results, this study
conducts four robustness checks. First, the sample excluding municipalities directly un-
der the central government is re-estimated. The results reported in Table 7 (3) indicate
that the estimated coefficient remains positive and significant at the 1% level, confirm-
ing the robustness of the water rights trading policy’s positive effect on the net car-
bon sink intensity of the planting industry. Second, the sample time span is adjusted
to 2011–2020 for re-estimation. Results shown in Table 7 (4) demonstrate that both the
direction and significance of the estimates are consistent with the baseline model, and this
further confirms the robustness of the model. Third, to reduce the influence of outliers, the
sample is winsorized at the 1% level, following the method proposed by Guo et al. [64].
The results in Table 7 (5) show that after cutting, the estimated coefficient continues to show
a significant positive value, indicating that outliers do not considerably affect the results.
Finally, the dependent variable is replaced with net carbon sink (Nc) for re-estimation. The
results in Table 7 (6) continue to demonstrate the statistically significant and positive effect
of the water rights trading policy on the planting industry’s net carbon sink, consistent
with the baseline results. In conclusion, through multi-dimensional robustness checks, the
baseline regression results presented in this study exhibit strong reliability and robustness.

5. Further Analysis
5.1. Mechanism Analysis

This study explores how the water rights trading policy impacts the net carbon sink
intensity of the planting industry from three angles: adjustments to planting structure,
improvements in irrigation water use intensity, and reduction in the use of chemical
fertilizers. The specific methods are as follows: First, this step tests whether the mechanism
variables serve as potential channels through which the policy exerts its influence. Second,
the model includes interaction terms between the independent variable and mechanism
variables (DID × Grain, DID × ln_irrigation, DID ×Fertilizer) to test the policy’s indirect
effect paths. The results of the mechanism analysis are reported in Table 8.
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Table 8. Results of mechanism test.

Variable
(1) (2) (3) (4) (5) (6)

Grain Nck Ln_Irrigation Nck Fertilizer Nck

Did −1.075 *** 1.028 *** 0.010 1.135 *** −0.291 ** 0.920 ***
(0.379) (0.145) (0.027) (0.273) (0.128) (0.149)

Grain −0.075 ***
(0.006)

ln_irrigation −2.500 **
(0.995)

Chemistry −0.118 ***
(0.018)

Control Variables Yes Yes Yes Yes Yes Yes
Constant Term 81.471 *** 36.354 *** 7.608 *** 49.223 *** 36.342 *** 33.748 ***

(12.535) (4.828) (0.992) (11.825) (4.158) (4.893)
City Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes
Obs 4365 4365 4365 4365 4275 4275
R2 0.026 0.165 0.280 0.194 0.043 0.144

Sobel Z-statistic 2.762 −0.648 2.146

The mediating role of planting structure adjustment in the policy’s effect on net
carbon sink intensity is examined in Columns (1) and (2) of Table 8. Column (1) presents a
regression coefficient of −1.075 for the proportion of food crop planting, which is significant
at the 1% level. This suggests that the water rights trading policy significantly lowers the
proportion of land allocated to food crops, driving the trend of “de-cerealization” in
agricultural production. This encourages farmers to optimize planting decisions, reduce
the cultivation of high-water-use and low-value-added food crops, and shift towards low-
water-use and high-benefit economic crops, thereby optimizing the agricultural water
structure and resource allocation efficiency. In Column (2), after including the proportion of
food crops (grain) as a mediator, the regression coefficient is −0.075, which is significantly
negative at the 1% level. This suggests that reducing the proportion of food crops enhances
the net carbon sink intensity of the planting industry. The water rights trading policy has a
direct positive effect, as well as an indirect effect mediated by planting structure adjustment,
on the net carbon sink intensity. This dual effect provides conclusive evidence in support
of Hypothesis 2.

As presented in Column (3) of Table 8, the coefficient for the irrigation water intensity
variable (ln_irrigation) is 0.010, which is positive but not statistically significant. This indi-
cates that the direct impact of the water rights trading policy on irrigation water intensity
is limited. Column (4) reveals that irrigation water intensity significantly lowers the net
carbon sink intensity of the planting industry. There are two possible reasons: First, the
development of agricultural water conservancy infrastructure increases the irrigated area,
leading to a rebound in water use [65]. Recently, the government has ramped up investment
in agrarian water conservancy infrastructure, advancing the development of high-standard
and permanent basic farmland [66]. Water rights trading provides enterprises with access
to water resources, enabling them to invest in agricultural irrigation or water conservancy
infrastructure through contract-based water-saving measures [24]. These infrastructure
improvements reduce marginal costs in the planting industry [67] and decrease input costs
for pesticides and fertilizers. For example, under different irrigation conditions, fields
with better irrigation conditions use significantly less fertilizer than those with poorer
conditions [68]. As planting costs decrease, farmers tend to expand the irrigated area or
increase irrigation frequency. Additionally, agricultural water conservancy infrastructure
reallocates water resources to dry and barren land, further expanding the sowing area [69].
To increase yield, farmers expand irrigated areas, leading to a rebound in irrigation water
use that counteracts the expected water-saving effect driven by economic benefits [70,71].
Existing research indicates that water rights trading in Australia’s Murray–Darling Basin
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and California, USA has improved water use efficiency. However, such market-driven
mechanisms have simultaneously stimulated increased water demand, thereby undermin-
ing the intended water-conservation outcomes [72,73]. In conclusion, water rights trading
has not increased irrigation water use intensity. Hypothesis 3 does not hold.

Columns (5) and (6) of Table 8 examine the mediating role of reduced fertilizer appli-
cation in the effect of water rights trading policies on agricultural net carbon sink intensity.
Column (5) shows that the water rights trading policy significantly lowered fertilizer appli-
cation (coefficient = −0.291, p < 0.05), encouraging farmers to adopt more environmentally
friendly farming practices, thereby lowering fertilizer consumption. This reduction helps
reduce greenhouse gas emissions from fertilizer use. Column (6) further introduces fertil-
izer usage as a mediating variable, and the results show that its reduction contributes to
enhancing the net carbon sink strength of agriculture (coefficient = 0.920, p < 0.01). Through
dual pathways—directly reducing fertilizer use and emissions, and indirectly enhancing
soil carbon sequestration—the water rights trading policy effectively increases agriculture’s
net carbon sink intensity. This finding provides robust evidence in support of Hypothesis 4.

5.2. Heterogeneity Analysis

Due to variations in natural conditions, resource endowments, and development stages
among provinces and regions in China, the effect of the water rights trading policy on the
net carbon sink intensity of the planting industry may display regional heterogeneity. This
study conducts a heterogeneity analysis across three main dimensions: differences in resource
endowments, income levels, and geographical locations. Table 9 displays the results.

Table 9. Heterogeneity analysis by resource endowments and income levels.

Variable

(1) (2) (3) (4) (5) (6)
Low Water
Resources

Medium Water
Resources

High Water
Resources Low Income Middle Income High Income

Nck Nck Nck Nck Nck Nck

Did 1.051 *** 1.039 * 1.161 * 0.335 0.696 *** 6.813 ***
(0.301) (0.550) (0.598) (0.228) (0.216) (1.979)

Control Variables Yes Yes Yes Yes Yes Yes
Constant Term 23.026 *** 40.741 *** 22.125 7.679 *** 5.930 *** 6.564 ***

(7.180) (13.480) (16.699) (1.405) (1.718) (1.371)
City Yes Yes Yes Yes Yes Yes
Year Yes Yes Yes Yes Yes Yes

Observations 1455 1455 1455 1455 1455 1455
R2 0.114 0.194 0.147 0.520 0.070 0.201

5.2.1. Heterogeneity of Water Resource Endowments

To investigate how the effect of the water rights trading policy varies with water
resource endowments, the sample is divided into three groups (low, medium, and high)
according to the tertiles of total water resources for subgroup regression analysis. The
results in Table 9 indicate that the water rights trading policy positively influences the
net carbon sink intensity of the planting industry across all water resource endowment
levels, with the strongest effect observed in regions with abundant water resources. This is
because regions with abundant water resources can allocate and use them more efficiently,
allowing farmers to manage water flexibly and avoid over-extraction, thereby reducing
carbon emissions. In areas with plentiful water resources, crop growth conditions are
favorable, resulting in higher carbon sequestration intensity and further enhancing net
carbon sequestration capacity.
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5.2.2. Heterogeneity of Income Levels

The income level of rural residents not only reflects farmers’ economic capacity but
also their ability to respond to and bear the impact of policies. In this study, samples were
categorized into three groups (low-income, middle-income, and high-income) according
to income tertiles for regression analysis. The detailed results are detailed in Columns (4),
(5), and (6) of Table 9. The regression results indicate that the water rights trading policy
has a significant impact on rural residents in high-income groups, but not those in low-
income groups. The reason is that farmers in high-income regions have stronger investment
capabilities and greater capacity to absorb technology; policy implementation there is more
robust, and levels of marketization and informatization are relatively high, enabling them
to adopt technologies for emissions reduction and carbon sink enhancement more quickly.
In contrast, low-income regions are constrained by insufficient funds, backward technology,
and limited information, which easily lead to transaction frictions and thus restrict the
policy effects.

5.2.3. Heterogeneity Across Eastern, Central, and Western Regions

Based on geographical location, the 291 city samples were classified into three
regions—Eastern, Central, and Western China—to explore how the effect of water rights
trading pilots on net carbon sink intensity varies across different regions. The regression
results (see Table 10) indicate that the water rights trading policy significantly enhances net
carbon sink intensity in both the Eastern and Central regions, with the most pronounced im-
pact observed in the East. Meanwhile, it has no notable impact on the Western region. The
possible reasons are as follows: the Eastern and Central regions have strong infrastructure
and factor agglomeration capabilities, which are conducive to the application of emissions
reduction and carbon sink technologies. Additionally, these regions have a high level of
marketization, and the water rights trading market operates in a standardized manner.
In contrast, the Western region is constrained by various factors, such as harsh natural
conditions, insufficient water-conservation facilities for agriculture, and the priority being
given to ecological water use, making it difficult to achieve significant policy outcomes.

Table 10. Heterogeneity analysis by geographic location.

Variable
(1) (2) (3)

Eastern Region Central Region Western Region
Nck Nck Nck

Did 2.911 *** 0.972 *** 0.044
(0.860) (0.265) (0.301)

Control Variables Yes Yes Yes
Constant Term 24.642 36.875 *** 19.743 *

(15.409) (11.060) (10.777)
City Yes Yes Yes
Year Yes Yes Yes

Observations 1515 1500 1350
R2 0.130 0.496 0.172

5.3. Spatial Spillover Effect Analysis

1. Global Moran’s I
Before using the spatial econometric model, Global Moran’s I was employed to eval-

uate spatial autocorrelation in net carbon sink intensity using a spatial adjacency weight
matrix. The results indicate that the Global Moran’s I for net carbon sink intensity dis-
plays positive spatial autocorrelation at the 1% significance level (see Table 11), suggesting
interregional interactions and spillover effects.
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Table 11. Global Moran’s I of net carbon sink density.

Year Moran’s I Z p-Value

2009 0.157 4.993 0.000
2010 0.154 4.892 0.000
2011 0.126 4.116 0.000
2012 0.132 4.416 0.000
2013 0.130 4.413 0.000
2014 0.101 2.910 0.004
2015 0.147 4.966 0.000
2016 0.129 4.404 0.000
2017 0.106 2.890 0.004
2018 0.168 5.113 0.000
2019 0.193 5.858 0.000
2020 0.194 5.869 0.000
2021 0.187 5.733 0.000
2022 0.187 5.692 0.000
2023 0.188 5.668 0.000

2. LM Test
Under the spatial adjacency weight matrix, both the spatial error term and the spa-

tial lag term were statistically significant in the LM and Robust-LM tests (see Table 12).
Furthermore, LR and Wald tests rejected the null hypothesis at the 1% significance level,
supporting the selection of the spatial Durbin model (SDM).

Table 12. LM Tests.

Test LM Value p-Value

LM-Lag Test 178.866 0.000
Robust LM-Lag Test 22.792 0.000

LM-Error Test 165.820 0.000
Robust LM-Error Test 9.746 0.002

3. Spatial Spillover Effect
The spatial autoregressive coefficient reported in Column (1) of Table 13 is 0.195 and

statistically significant at the 1% level, reflecting a significant positive spatial spillover
effect. Given the significant spatial spillover effect, the impact of the water rights trading
policy is decomposed into direct, indirect, and total effects to provide a comprehensive
assessment of its influence. The results in Columns (2), (3), and (4) show that the coefficients
for the direct impact, indirect effect, and total effect of the water rights trading policy are
all statistically significant and positive. This demonstrates that the water rights trading
policy not only enhances the net carbon sink intensity of the local planting industry, but
also exerts a significant positive influence on neighboring regions. The primary reasons
can be summarized into four key points: First, the similarity between neighboring regions
allows the policy effects to be naturally transmitted and extended. Second, implementing
the water rights trading policy not only enhances the net carbon sink strength of local
agriculture but also influences surrounding areas through regional synergies, promoting
the overall agricultural sustainability of the region. Third, the geographical and economic
interconnection enables neighboring areas to be affected through market and resource flows,
ultimately leading to positive spillover effects. Additionally, the phenomenon of learning
and imitation between neighboring regions, coupled with positive feedback mechanisms,
further strengthens the spatial spillover effect. Therefore, while the water rights trading
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policy enhances the net carbon sink intensity of local agriculture, it also exerts positive
cross-regional effects on surrounding areas through spatial spillover mechanisms.

Table 13. Spatial econometric regression.

(1) (2) (3) (4)
Variable Main Regression Direct Effect Indirect Effect Total Effect

Did 0.616 ** 0.656 ** 0.675 * 1.331 ***
(0.278) (0.272) (0.361) (0.208)

Industry 0.081 *** 0.080 *** −0.015 0.065 **
(0.017) (0.016) (0.025) (0.026)

ln_water −0.081 −0.078 −0.217 −0.295 *
(0.124) (0.115) (0.180) (0.164)

ln_income −1.473 ** −1.559 ** −1.769 * −3.328 ***
(0.664) (0.626) (0.952) (0.816)

Machine −0.188 *** −0.187 *** 0.036 ** −0.150 ***
(0.011) (0.010) (0.017) (0.016)

Tech 0.001 *** 0.001 *** 0.001 ** 0.001 ***
(0.000) (0.000) (0.000) (0.000)

Employ 0.009 0.015 0.119 *** 0.134 ***
(0.012) (0.012) (0.022) (0.025)

Rho 0.195 ***
(0.020)

Sigma2_e 3.926 ***
(0.084)

City Yes Yes Yes Yes
Year Yes Yes Yes Yes
Obs 4365 4365 4365 4365

6. Conclusions, Implications, and Limitations
6.1. Conclusions

Based on data from 291 cities across China from 2009 to 2023, this study uses the
PSM-DID model to analyze the impact of water rights trading policies on the net carbon
sequestration intensity of agriculture. The results show that water rights trading mainly
promotes the increase in net carbon sinks by reducing the proportion of grain crop culti-
vation and the use of chemical fertilizers. In contrast, irrigation water use intensity does
not have a significant impact. The effect of water rights trading policies is more potent
in regions with high resource endowment and high income, and in Eastern areas, with
substantial spatial spillover effects.

6.2. Implications

To enhance the effectiveness of water rights trading in agricultural emissions re-
duction and carbon sequestration, it is essential to enhance the water rights registration,
pricing, and trading system, establish robust mechanisms for registration, transactions,
and settlements, promote market-oriented water resource allocation, and facilitate interre-
gional water adjustments, thus achieving a virtuous cycle of “water conservation–efficiency
improvement–structural optimization–carbon sink enhancement.” Policies should be tai-
lored to the specific conditions of each region: regions with high resource endowments
should improve the trading market, areas with low resource endowments should strengthen
water-saving infrastructure, and Central and Western regions and low-income areas should
increase financial and technical support to enhance farmers’ participation and promote
policy fairness. The price signal for water should guide adjustments to planting structures,
with a focus on developing low-water-consuming, high-carbon-sink ecological agricul-
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ture while ensuring food security, and on establishing an incentive mechanism that uses
carbon sink revenues to support agriculture. The risks of “water conservation—expansion—
rebound” should be avoided by strengthening dual controls on total water use and intensity,
ensuring that water-saving benefits are translated into ecological and carbon sink outcomes.
Finally, a cross-regional water rights collaboration and ecological compensation mechanism
should be established to promote resource sharing, policy coordination, and sustainable
regional development.

6.3. Limitations

This study has the following limitations. First, due to data availability, this study calcu-
lates the total carbon emissions of the planting industry based on input factors for agricultural
production activities, including fertilizers, pesticides, tillage, irrigation, films, and diesel.
However, this blurs the differences in carbon emissions among different crops. Orlova demon-
strated through field experiments that the carbon footprints of different crops vary [74].
Therefore, future research can combine microdata from field experiments to more accurately
estimate total carbon emissions from the planting industry by crop type. Second, this pa-
per did not fully account for the potential interference of contextual factors in the results.
For example, the prices of water fees, farming systems, and compensation measures may
have an impact. Future research can fully consider the influence of contextual factors on the
carbon emissions or carbon sinks of the planting industry. Finally, our research focuses on
China’s water rights trading system, and many countries have similar systems. Therefore, the
applicability of our research conclusions to other countries can be further explored.
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