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We provide evidence that payment for ecological services programs have had a

significant and robust positive impact on grassland quality by focusing on China’s

grassland ecological compensation policy (GECP)—the planet’s largest. Our

baseline results are obtained from a difference-in-differences estimator,

comparing counties which have and have not introduced a GECP. It shows that

such a policy increases grassland quality by about four percentage points on

average. We found a similar impact of the GECP on grassland quality when we

controlled for the estimated propensity of a county to launch this policy based on a

series of county characteristics, such as weather and economic conditions. We

obtained comparable estimates when we used the propensity score to balance

county characteristics between counties which have and have not launched the

GECP. Our results also show that the policy has a larger impact on grassland quality

in warmer, richer, and in less populated counties than those with the opposite

characteristics. We found strong suggestions for the persistent impact of the GECP

on grassland quality, implying that Chinese officials should persist with the policy

and expand the range of the pilot policy. In addition, we carried out a series of

robustness tests, including the leave-one-county-out test, bootstrapping test, and

the permutation test, to illustrate the robustness of our results.
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1 Introduction

Natural resources over-exploitation is a rising concern. Policy makers around the

world are turning to payments for ecosystem services programs in an effort to deal with

this issue (Kleijn and Sutherland, 2003; Cao et al., 2009; Wu and Lin, 2010; Whittingham,

2011; Deng et al., 2012; Chen et al., 2015; Börner et al., 2017; Sims and Alix-Garcia, 2017;
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Ding and Yao, 2021; Hayes et al., 2022). However, the ecological

benefits of paying for ecosystem services programs are still

unclear. In this study, our aim is to assess whether payment

for ecosystem services programs would bring substantial

ecological benefits by focusing on China’s grassland ecological

compensation policy (GECP)—the planet’s largest.

We assembled a panel of counties across China to assess the

impact on grassland quality of the GECP over the decade

2005–2015. The evidence suggests that policy leads to an

increase in grassland quality and that its average impact is

economically and statistically significant. Our estimates imply

that counties which go from not launching the GECP to

launching it achieve on average 4% larger grassland quality in

following years than counties that do not.

To understand whether the impact on grassland quality of

the GECP was evenly distributed across different regions, we

examined evidence from heterogeneity analysis. We found that

the GECP’s impact on grassland quality was dependent on

county characteristics. That is, the GECP would be more

conductive to increasing in grassland quality for counties

which are warmer, richer, and have lower population densities.

Finally, in order to demonstrate the robustness of our results, we

implemented a series of sensitivity analyses, including the leave-one-

county-out-test, bootstrapping test, and permutation test. The results

of the three tests also suggested that the GECP has an economically

and statistically significant positive impact on grassland quality.

There is little extant literature in the environmental sciences

that investigates the ecological benefits of payment for ecosystem

services programs (Hu et al., 2019). In a case study, Liu et al.

(2018) evaluated the impact of Inner Mongolia’s grassland

quality on China’s GECP, producing a positive though little

credited result. We also build on and complement Hou et al.

(2021), who also employed a difference-in-differences estimator.

Using this approach, they assessed the impact of China’s GECP

on pilot regional grassland quality. Unlike us, they did not

control regional social and economic characteristics, although

they absorbed weather conditions. Besides differences in control

and specification, our estimation strategy differs from Hou et al.

(2021)in that we additionally adopt a matching framework by

balancing the propensity to launch the GECP between the treated

group and the control group, which produces a more credible

estimate of the impact than their estimator.

The rest of this article is organized as follows. The next

section describes the construction of the dataset and the

implementation of the models, which are used in later

empirical analysis. Section 3 presents the estimates from our

three estimators, including the difference-in-differences

estimator, the propensity-score-matching difference-in-

differences estimator, and the inverse-probability-weighting

difference-in-differences estimators. In that section, we also

examine whether the treated group and the control group

were comparable, report the results from heterogeneity

analysis, and carry out a series of robustness tests, including

the leave-one-county-out-test, the bootstrapping test, and the

permutation test. Section 4 concludes the article.

2 Methods

2.1 Data

In order to assess the impact of the GECP on grassland

quality, we extracted data from several resources and constructed

annual-county level panel data for the period 2005–2015.

2.1.1 Grassland quality
The main indicator of outcome is grassland quality, which is

measured by the normalized difference vegetation index. In our

later analysis, we took the logarithm of the normalized difference

vegetation index as the indicator of outcome, so that the

coefficient of our key independent variable could be

interpreted as a percentage change.

The data on the normalized difference vegetation index is

extracted from infrared and near infrared channel remote

sensing imagery, which is widely regarded as a good indicator

of vegetation coverage. Because the structure of the grassland

ecosystem is relatively simple, the use of the imagery would be

desired for studying the dynamics of grassland vegetation. The

monthly data on the normalized difference vegetation index at a

spatial resolution is obtained from a MOD13A3 product from

NASA Earth observation data during the period 2000–2015. The

spatial data, along with the county boundary data, is used to

extract normalized difference vegetation index for each county.

The maximum of monthly normalized difference vegetation

index in a year is used to produce the annual figure.

2.1.2 Grassland ecological compensation policy
The independent variable of our interest is the grassland

ecological compensation policy (GECP), which is a dummy

variable indicating whether a county is launching the GECP,

with a value of 1 representing that it is launching the project

whereas a value of 0 indicates that it is not. The GECP has been

implemented in Xinjiang, Qinghai, Gansu, Ningxia, and Inner

Mongolia by the central government of China since 2011. In

2016, the Chinese government expanded the range of the pilot

policy, launching it in another five regions: Shanxi, Hebei,

Liaoning, Jilin, and Heilongjiang. As our sample contains the

period 2005–2015, we refer to these counties in the former five

regions as the treated group, while we refer to the counties in the

latter five regions as the control group.

2.1.3 County characteristics
To remove potential confounding factors, we included a

series of time-varying county characteristics, which are used

as controls, into our models. These county characteristics

contain weather and economic conditions. The former,
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including temperature and rainfall, are obtained from the

National Meteorological Information Center of China, while

the latter, including the gross regional product per capita

measured in 2005 Chinese yuan and levels of industrialization

measured by secondary industry as a percentage of gross regional

product, are obtained from the National Bureau of Statistics of

China.

2.2 Models

2.2.1 Difference-in-differences estimators
We used difference-in-differences estimates as our baseline

results. The difference-in-differences estimate could be obtained

by fitting the following model (Bertrand et al., 2004; Baker et al.,

2022):

Yit � Dit × β +Xit × α + μi + πt + εit (1)

where Yit represents grassland quality in county i in year t. Dit

denotes whether county c is launching the GECP in year t, with a

value of 1 representing that county c is launching the GECP in

year t and the value of 0 representing that county c is not

launching the policy in year t. Xit are a series of control

variables: county characteristics that include gross regional

product per capita and population. μi indicates a collection of

county fixed effects, and πt indicates a collection of year fixed

effects.

The county fixed effects μi are a full set of county-specific

dummy variables, absorbing any time-invariant confounding

effect specific to each county. For example, county location,

local culture, and short-term socio-economic status could be

controlled by introducing the fixed effects which are specific to

counties. The year fixed effects πt are a full set of year dummy

variables accounting for common shocks to all the counties in a

given year, such as public holidays, macro-economic

performance, and the total trend in grassland quality across

counties in our sample.

Because both county and year fixed effects are included in the

above model, the coefficient β estimates the difference in

grassland quality between the treated group and the control

group before and after a launch of the GECP. The treated

group contains counties which have launched the GECP while

the control group contains counties which do not have it. We

refer to the difference as the impact of the GECP on grassland

quality. We expected β to be positive because a positive value

illustrates a positive impact on grassland quality by the GECP.

2.2.2 Propensity-score-matching difference-in-
differences estimators

The second approach, which often is called propensity-score-

matching, first fits a logistical regression, using county

characteristics as independent variables and using the

indicator of whether a county is launching the GECP as a

dependent variable to generate the propensity score that

represents the probability of a county launching the policy

(Morrish et al., 2022). After obtaining these propensity scores,

we could match an observation with another observation

conditional on their having a similar propensity score. We

consider the matching sample as the new sample. Based on

the new sample, we could estimate the impact of the GECP on

grassland quality using the previous proposed difference-in-

differences estimator (Zhai et al., 2022). To distinguish the

new proposed difference-in-differences estimator with the

previous proposed difference-in-differences estimator, we refer

to the former as a propensity-score-matching difference-in-

differences estimator.

2.2.3 Inverse-probability-weighting difference-
in-differences estimators

Although the matching approach would be good for making

the treated group and the control group comparable, it leads to a

loss of observations, which cannot match the

others—consequently amplifying the uncertainty of estimates

due to a relatively small size in the new sample. In order to make

two groups comparable, as well as to avoid the reduction of

sample size in the processing which creates the counterfactual of

the treated group, we now turn to another common approach,

which follows a sampling technique called inverse-probability

weighting. Like the matching approach, this approach also relies

on probabilities but, unlike the matching approach, does not

require one-to-one matching and discarding all the observations

that could be matched, using instead all the information on

observations. That is, we would give a relatively large weight to an

observation that could match with others, and give a relatively

small weight to an observation that could not (Imai et al., 2021).

Next, we explained how to create the weight, as well as how to

estimate the impact of the GECP on carbon emissions. We first

estimated an exposure model using county characteristics, then

produced weights using the propensity score, and finally assessed

the impact of the GECP on grassland quality using a difference-

in-differences estimator with weights (Sant’Anna and Zhao,

2020). Because the process of assigning weights is often called

inverse-probability weighting, we refer to the approach presented

here as an inverse-probability-weighting difference-in-

differences estimator.

2.2.4 Event study
As noted above, the econometric assumption of difference-

in-differences estimators is that counties which do and do not

launch the GECP would have common trends in grassland

quality in the absence of the policy. Even if the estimates

show that the GECP increases grassland quality after its

introduction, the estimates might not be caused by the GECP

but by a systematic difference between the treated group and the

control group. For example, if counties with the GECP have an

upward trend in grassland quality, this could lead to the results.
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This assumption is untested because we could not observe the

counterfactual—that is, what would happen to the trend in

grassland quality in the treated group in the absence of

launching the GECP. Nevertheless, we could still examine the

trends in grassland quality for the two groups before the policy’s

introduction, and investigate whether they are comparable. To do

this, we performed an event study by fitting the following model

(Freyaldenhoven et al., 2019):

Yit � ∑
M

m�k,m ≠−1
Dit,k × βk +Xit × α + μi + πt + εit (2)

where Yit represents grassland quality in county i in year t. Dit,k

denotes a collection of dummy variables indicating the treated

status during different periods. Here, we set a year as a period.

The dummy form ≠ − 1 is omitted in the above equation so that

the dynamic impact of the GECP on grassland quality is relative

to the period immediately before its launch. The coefficient βk

exactly estimates the impact of the project m years after it is

launched. We included the leads of these dummy variables in Eq.

2 to test whether the parallel trends assumption is reasonable.

Intuitively, the coefficient βk estimates the difference in grassland

quality between counties that have and have not launched the

GECP. We expected these coefficients to be statistically

insignificant when K≤ − 2, indicating that the trends in

grassland quality between the two group are similar. However,

we expected these coefficients to be statistically significant when

K≥ 0, which suggests that the GECP has a persistent impact on

grassland quality. Xit is a series of control variables: county

characteristics that include weather and economic conditions. μi
indicates a collection of county fixed effects and πt indicates a

collection of year fixed effects.

2.2.5 Robustness check
We performed three tests to illustrate the robustness of our

results. Firstly, we did the leave-one-county-out-test, first

forming 686 new samples, for which one county is left out. By

fitting a difference-in-differences regression model for the

686 sample, we then obtained 686 estimates of the impact on

grassland quality of the GECP and their standard errors. We next

constructed the confidence interval for the 686 estimates, using

these estimates and standard errors. Finally, we compared the

raw estimate with the 686 estimates. If the majority of the

constructed 686 confidence intervals contained the raw

estimate, we would show that our results have little sensitivity

to the selection of individual units.

Second is the bootstrapping test. We first created

1,000 random samples, with the total periods of one county as

group. We then implemented the difference-in-differences

estimator for each newly created random sample, and

obtained 1,000 estimates in the impact of the GECP on

grassland quality. We plotted the empirical distribution of the

impact on grassland quality and checked the location of the raw

estimate in the empirical distribution. If the mean of the

empirical distribution approaches the raw estimate and if the

mean of the empirical distribution is far from zero, then we could

demonstrate that our results are robust to sample selection.

The third is the permutation test which is implemented in the

following steps. Firstly, we randomly chose an individual and

gave it a treatment in a particular period or referred to the unit as

a control unit. Secondly, we created a new sample by carrying out

the first step for all the counties in raw sample. Thirdly, we use

the first two steps to form 1,000 new samples. Fourthly, we

obtained 1,000 estimates based on the 1,000 samples by fitting a

difference-in-differences regression model. In our fifth step, we

plotted the empirical distribution and compared its mean to the

raw estimate. If the raw estimate is far from the mean of the

empirical distribution of the permutation test and if the mean of

the empirical distribution is around zero, then our interpretation

is that our results have an economic and statistical significance.

2.2.6 Heterogeneity analysis
The impact of the GECP on grassland quality might be

different, conditional on county characteristics. For example,

the impacts could be dependent on economic development,

population, grassland quality, temperature, and rainfall. To

explore the heterogeneity, we used the following equation

based on different county characteristics:

Yit � Dit × β +Xit × α + μi + πt

+ εit for one specif ic county characteristic (3)

where Yit represents grassland quality in county i in year t. Dit

denotes whether county c is launching the GECP in year t, with a

value of 1 representing that it is and a value of 0 if it is not.Xit is a

series of control variables—county characteristics, including

gross regional product per capita and weather. μi indicates a

collection of county fixed effects, and πt indicates a collection of

year fixed effects. We depicted the results from heterogeneity

analysis in a corresponding subsection using a forest plot.

3 Results

3.1 The impact on grassland quality

3.1.1 Difference-in-differences estimates
We found that the GECP did increase grassland quality. That

is, relative to counties that had not launched the GECP, grassland

quality in counties which launched the project substantially

increased when including a series of county characteristics

and a collection of fixed effects. These estimates are not

sensitive to the inclusion of county characteristics.

Table 1 reports the difference-in-differences estimates

adjusted for different numbers of county characteristics. In

Table 1, we presented the estimates of the impact of the
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GECP on grassland quality, along with their standard errors

robust against heteroskedasticity and serial correlation at the

county level.

The first column of this table does not control for any county

characteristic. In a pattern similar to all of the estimates that we

presented, we found a statistically significant amount of average

impact on grassland quality, with a coefficient on the GECP

of 0.045.

Column 2, controlling for temperature, shows that the

estimate in the impact of the GECP on grassland quality is

similar to that found in Column 1.

Column 3 adds temperature and rainfall, showing that

average change in grassland quality around the introduction

of the GECP is analogous to that of Column 2.

Column 4 includes three control variables: temperature,

rainfall, and gross regional product per capita. The estimated

coefficient on our variable of the GECP here remains similar to

those reported in the previous columns.

Columns 5 absorbs four controls of county characteristics.

We found that the results, obtained from the last column, was

very close to those in the first four columns. The coefficient of the

variable of our interest is now 0.039, indicating that the GECP

increased annual grassland quality by about four percentage

points.

Overall, these results boost our confidence: they are not

driven by chance and are extremely robust by including

different numbers of county characteristics. Motivated by this,

we pay attention to the specification in Column 5, controlling for

a rich collection of county characteristics, as well as fixed effects,

for the results from the event study, further robustness check, and

heterogeneity analysis. We refer to these estimates here as

baseline results.

3.1.2 Propensity-score-matching difference-in-
differences estimates

Table 2 reports the estimates obtained from our propensity-

score-matching difference-in-differences estimator, adjusted for

different numbers of county characteristics. In Table 2, we

present the estimates of the impact of the GECP on grassland

quality, along with their standard errors which are robust against

heteroskedasticity and serial correlation at the county level. To

compare the results in Table 2 with those in Table 1, we used the

controls in one column of Table 2 just as we did in the

corresponding column of Table 1. That is, each column of

Tables 1 and 2 have the same specification. In line with our

expectation, the estimates from our propensity-score-matching

difference-in-differences estimators are very similar to those

from the baseline models, although there is a small difference

between them, with an estimated coefficient of the GECP ranging

from 0.045 to 0.058.

3.1.3 Inverse-probability-weighting difference-
in-differences estimates

Table 3 presents the results obtained from the inverse-

probability-weighting difference-in-differences estimator,

adjusted for different numbers of county characteristics. In

Table 3, we present the estimates of the impact of the GECP

on grassland quality, along with their standard errors robust

against heteroskedasticity, and serial correlation at the county

level. To allow these results reported here to be compared with

baseline results, as well as with those in Table 2, we adopted in

Columns 1 to 5 of Table 3 the specifications from the same six

columns of Table 1. We found that the results were similar across

the three tables, with a substantial increase in county

employment—indicating that the estimated results are

TABLE 1 Estimates in the impact on grassland quality from difference-in-differences estimators.

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

Variable of our interest

Grassland ecological compensation policy 0.045*** 0.040*** 0.039*** 0.038*** 0.039***

(0.0044) (0.0044) (0.0043) (0.0042) (0.0042)

Control variables and other statistics

Temperature Y Y Y Y

Rainfall Y Y Y

Gross regional product per capita Y Y

Levels of industrialization Y

County fixed effects Y Y Y Y Y

Year fixed effects Y Y Y Y Y

Adjusted R-squared 0.987 0.988 0.988 0.988 0.988

Number of counties 686 686 686 686 686

Note: Each column represents one specific model. In Columns (l) to (5), we separately included different numbers of urban characteristics in the model, with Y representing that the variable

corresponding row name is controlled. For example, in the first column, we controlled county and year fixed effects. In the top panel, we reported the estimates, along with their standard

errors robust against heteroskedasticity and serial correlation at the county level. All the standard errors are reported in parentheses. ***p < 0.10; **p < 0.05; ***p < 0.01.
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extremely robust to the choice of econometric models. Of course,

the results suggest that the control group is comparable to the

treated group before introducing the GECP into the raw sample.

3.2 Tests for parallel trends assumption

We conducted event studies to investigate the evolution of

the trends in grassland quality in the treated and control groups.

This analysis allows us to check whether their trends are similar

to before the introduction of the GECP. We also investigated the

dynamics of grassland quality after the introduction of the GECP,

helping us to check whether the policy has an instantaneous

impact on grassland quality, as well as whether its effect on

grassland quality is persistent.

Figure 1 plots our findings. It is structured in three panels. In

the top panel, we depicted the estimates of the dynamic impacts

of the GECP on grassland quality from our preferred

specification by fitting a difference-in-differences estimator,

along with their 95% confidence intervals constructed using

standard errors robust against heteroskedasticity, and serial

correlation at the county level. In the middle panel, we

depicted the estimates of the dynamic impacts of the GECP

on grassland quality from our preferred specification by fitting a

TABLE 2 Estimates in the impact on grassland quality from propensity-score-matching difference-in-differences estimators.

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

Variable of our interest

Grassland ecological compensation policy 0.058*** 0.054*** 0.048*** 0.045*** 0.045***

(0.0056) (0.0056) (0.0054) (0.0054) (0.0054)

Control variables and other statistics

Temperature Y Y Y Y

Rainfall Y Y Y

Gross regional product per capita Y Y

Levels of industrialization Y

County fixed effects Y Y Y Y Y

Year fixed effects Y Y Y Y Y

Adjusted R-squared 0.970 0.970 0.972 0.973 0.973

Number of counties 686 686 686 686 686

Note: Each column represents one specific model. In Columns (1) to (5), we separately included different numbers of urban characteristics in the model, with Y representing that the

variable corresponding row name is controlled. For example, in the first column, we controlled county and year fixed effects. In the top panel, we reported the estimates, along with their

standard errors robust against heteroskedasticity and serial correlation at the county level. All the standard errors are reported in parentheses.***p < 0.10;**p < 0.05;***p < 0.01.

TABLE 3 Estimates in the impact on grassland quality from inverse-probability-weighting difference-in-differences estimators.

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

Variable of our interest

Grassland ecological compensation policy 0.012*** 0.030*** 0.034*** 0.035*** 0.036***

(0.0046) (0.0060) (0.0050) (0.0044) (0.0044)

Control variables and other statistics

Temperature Y Y Y Y

Rainfall Y Y Y

Gross regional product per capita Y Y

Levels of industrialization Y

County fixed effects Y Y Y Y Y

Year fixed effects Y Y Y Y Y

Adjusted R-squared 0.982 0.984 0.985 0.987 0.987

Number of counties 686 686 686 686 686

Note: Each column represents one specific model. In Columns (1) to (5), we separately included different numbers of urban characteristics in the model, with Y representing that the

variable corresponding row name is controlled. For example, in the first column, we controlled county and year fixed effects. In the top panel, we reported the estimates, along with their

standard errors robust against heteroskedasticity and serial correlation at the county level. All the standard errors are reported in parentheses.***p < 0.10;**p < 0.05;***p < 0.01.
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propensity-score-matching difference-in-differences estimator,

along with their 95% confidence intervals constructed using

standard errors robust against heteroskedasticity and serial

correlation at the county level. In the bottom panel, we

depicted the estimates of the dynamic impacts of the GECP

on grassland quality from our preferred specification by fitting an

inverse-probability-weighting difference-in-differences

estimator, along with their 95% confidence intervals

constructed using standard errors robust against

heteroskedasticity and serial correlation at the county level. In

each panel, the blue points represent the estimates of the dynamic

impacts of the GECP on grassland quality, while the blue lines

represent their 95% confidence intervals, with the values of years

equal to 0 corresponding to the year of launch of the GECP.

Across the three figures, we found a similar pattern in the

dynamics of grassland quality. That is, before the introduction of

the GECP, although the difference in trends of grassland quality

between the treated group and the control group exhibit a slightly

upward trend, all the coefficients are statistically insignificant,

implying that the parallel trends assumption could be reasonable

if the GECP had not been launched. However, we observe that,

after introducing the GECP, grassland quality in the treated

group clearly increases during subsequent periods, indicating

that the GECP might have an immediately positive impact on

grassland quality with a persistent increase in grassland quality.

FIGURE 1
Dynamic estimates.

FIGURE 2
Robustness check.
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3.3 Further robustness check

In Figure 2, we further investigate the robustness of our

estimates of the impact of the GECP on grassland quality by

implementing a series of statistical tests. In Figure 2A, we

performed the leave-one-county-out test. The red line

represents the raw estimate from our preferred specification,

which is reported in Column 5 of Table 1. Using the same

specification, we obtained 686 estimates of the impact from the

686 leave-one-county-out samples. The blue lines represent the

95% confidence intervals of these estimates, which are

constructed using their standard errors robust to

heteroskedasticity and serial correlation at the county level.

We found that all the 95% confidence intervals contain the

raw estimate represented by the red line, suggesting that our

results are robust to selection of an individual unit.

In Figure 2C, we performed the bootstrapping test with

1,000 random samples. The red solid line represents the raw

estimate from our preferred specification reported in Column 5 of

Table 1, while the red dash line represents the mean of the empirical

distribution of these estimates from the bootstrapping test. The blue

shadow is the empirical distribution and the green curve is the fitted

normally distributed curve for the empirical distribution. We found

that the mean of the empirical distribution is similar to the raw

estimate and is also far from zero, implying that our results are not

sensitive to sample selection.

In Figure 2C, we performed the permutation test with

1,000 random samples, randomly assigning a treatment or

control to counties. The red solid line represents the raw estimate

from our preferred specification reported in Column 5 of Table 1,

while the red dashed line represents the mean of the empirical

distribution of these estimates from the permutation test. The blue

shadow is the empirical distribution and the green curve is the fitted

normally distributed curve for the empirical distribution. We found

that themean of the empirical distribution approaches zero but is far

from the raw estimate, indicating that our results are again robust,

and economically and statistically significant.

3.4 Heterogeneity analysis

In Figure 3, we investigated whether the impact of the GECP

on grassland quality varied across different county

characteristics. Note that the analysis of heterogeneous

impacts does not have a causal interpretation; however, it is

beneficial to understand the potential channels through which

the GECP had an impact on grassland quality.

Firstly, we investigated whether the impact on grassland quality

of the GECP would be dependent on temperature and rainfall. We

observed that the impact was similar whether counties were located

in warm or cold regions. We also found that the GECP had a larger

impact on grassland quality in wet than in dry regions.

In the middle section of Figure 3, we examine the impact

heterogeneity corresponding to economic development status

and county population size. We found that the impact of the

GECP on grassland quality might be dependent on levels of

economic development and population density. That is, in richer

and more population counties, the GECP had a larger impact on

grassland quality.

Finally, the bottom section of Figure 3 shows that the impact

of the GECP on grassland quality in counties with a higher level

of grassland quality was larger than that in counties with a lower

level of grassland quality.

In short, the results from heterogeneity analysis suggest that

the impact of the GECP on grassland quality is not evenly

distributed across different types of county.

4 Conclusion

In this article, we provided evidence that payment for ecological

services programs had a significant and robust positive impact on

grassland quality by focusing on China’s GECP, which is the planet’s

largest. This result remains true with difference-in-differences

estimators that compare counties which have and have not

introduced the low-carbon pilot project while controlling for

county characteristics, as well as propensity-score-matching

FIGURE 3
Heterogeneity analysis.
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difference-in-differences that estimates the propensity a county

launching the GECP. Our preferred specifications show that the

average reduction in grassland quality is about four percentage points

around the introduction of grassland ecological compensation policy.

We also used the propensity score as a weight to balance

county characteristics between the treated group and the control

group. Using the inverse-probability-weighting difference-in-

differences estimator, we again confirmed that the GECP had

a positive impact on grassland quality.

The triangulation of evidence, from the three difference-in-

differences estimators, all leads to a similar estimate in the impact

of the GECP on grassland quality, giving us confidence that there

is a positive causal effect of the GECP on grassland quality. Our

results also show that the GECP has a greater impact on grassland

quality in warmer, richer, and higher grassland quality-level

counties than in those with opposite characteristics.

In sum, our results suggest that there is a persistent increase

in grassland quality around the introduction of the GECP. Work

using a fully comprehensive dataset to investigate the potential

mechanisms through which the GECP affects grassland quality is

an obvious and fruitful area for future research. Another

important field of future inquiry is an exploration of whether

the impact of the GECP on grassland quality is dependent on the

ability of government to manage the economy, as well as the

degree to which a county is being converted from a planned

economy to a market economy.
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