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1. Introduction 

 

Changes in land use can provide both market and non-market benefits and costs to society. Whilst 

market values can be inferred from market transactions, environmental values are often not well 

understood because of the absence of markets for these goods and services. Failure to include 

non-market benefits and costs in policy analysis can lead to the under-supply of environmental 

goods and services provided by various land use change programs and hence an inefficient 

allocation of public expenditure.  

 

Ideally, original estimates of non-market benefits arising from specific policy initiatives in specific 

sites should be obtained for the evaluation process. However, this can be costly and hence not 

feasible in many cases. For instance, the implementation of the Conversion of Cropland to Forest 

and Grassland Program (CCFGP) on the Loess Plateau in North West China has a potential to 

provide environmental benefits to urban households in North China covering almost one third of 

China’s land territory. With such a broad geographical coverage, it would be costly to conduct 

separate empirical work for beneficiary residents in all affected areas. Due to a combination of 

both the time and resource constraints, two main approaches are now widely used to provide 

relevant information in policy analysis. The first approach is environmental value transfer, defined 

as the transposition of monetary environmental values estimated at one site (study or source site) 

through market-based or non-market-based economic valuation techniques to another site (policy 

or target site) (Brouwer 2000). This is known as “benefit transfer” and has been the subject of a 

research effort directed toward the assessment of the validity of use of data bases of environmental 

value estimates such as ENVALUE and EVRI (Rolfe and Bennett 2006). The second approach, 

which is the focus of this research, involves the extrapolation of value estimates obtained from 

sampled sites to a wider population that will be affected by the policy. Extrapolation has been 

researched in the wider statistical literature but has not been widely examined in the context of 

environmental valuation studies. 

 



Despite the cost-effectiveness of the extrapolation of value estimates from the sample to the 

population, its validity and reliability have been challenged. There are two main reasons for this. 

First, the relevant population across which the sample estimate is extrapolated is difficult to define. 

The second source of complexity is that there may be divergences between the characteristics of 

the sample and the actual population (Mitchell and Carson 1989). Different approaches for 

extrapolation have been used in the literature. The choice of extrapolation approach can affect the 

derived estimates of total benefits which in turn may have an impact upon the outcome of a cost 

benefit analysis of a policy initiative (Bateman et al 2000). 

 

In this research report, the non-market values of the land use change on the Loess Plateau under 

the CCFGP derived from the choice modelling (CM) study in Beijing, Xi’an and Ansai (see 

Research Report 5) are extrapolated across different populations to provinces, autonomous regions 

and municipalities in North China. The structure of the research report is as follows. In the next 

section, some of the key issues in extrapolation are discussed. Section 3 provides an analysis of a 

pooled data approach. A choice model based on data from all surveyed sites is used as the basis for 

defining the geographical extent of the market. The results of the extrapolation exercise are 

reported in Section 4. The research report concludes with Section 5 in which policy implications 

are provided. 

 

2. Issues in Extrapolation 

 

2.1 Extent of the “Market” 

 

The definition of the geographical extent of the “market” remains a key issue in the extrapolation 

of sample estimates. In other words, it is difficult to know the relevant population of people who 

may enjoy non-market values from a good (Smith 1992: 687). The magnitude of extrapolated 

benefits depends on estimates of both per-person benefit and of the number of beneficiaries. 

Hence, extrapolated values can be flawed if errors are made in estimating the number of 



beneficiaries affected by an environmental change (Hanley et al 2003). One way to deal with this 

issue involves the estimation of distance decay functions that show how the distance from the 

source of the non-market benefit affects willingness to pay (WTP). For instance, Hanley et al 

(2003) estimated distance decay functions for both users and non-users in the context of a 

contingent valuation study of the benefits of improving low flow on the River Mimram in 

Southern England. Similarly, estimation of distance decay functions can be found in a number of 

other studies (Sutherland and Walsh 1985; Pate and Loomis 1997; Bateman et al 1999). By doing 

so, the geographical limits of the market can be defined. 

 

2.2 Misrepresentation of Samples 

 

Surveys using stated preference methods are vulnerable to low response rates and self selection 

bias because they often present unfamiliar scenarios to respondents (Loomis 1987). This is 

especially the case with mail surveys, with response rates typically ranging from 20 to 60 per cent 

(Whitehead et al 1993). Drawing inferences about the population from a sample with a high 

non-response rate may generate biased results if the non-response is non-random (Whitehead et al 

1993; Bateman et al 2002). In other words, non-response bias arises if non-respondents differ 

from respondents in observable characteristics that influence WTP. Sample selection bias occurs if 

non-respondents differ from respondents in their WTP due to unobservable characteristics even if 

they may have similar observable characteristics (Whitehead et al 1993). For instance, some 

authors suggest that individuals who feel strongly about an environmental amenity or who are past 

users of an environmental good will be more likely to respond to a survey, and this sample 

selection bias will bias estimated WTP upward (Bateman et al 2002; Mitchell and Carson 1989: 

277).  

 

Personal interviews by increasing response rates can minimise non-response bias and sample 

selection bias to some extent. However, even with this survey approach, some people with 

unconventional lifestyles may be difficult to contact when the survey is conducted (Loomis 1987; 

Morrison 2000). They may also be prone to “interviewer bias”.  



 

Non-response bias and sample selection bias may result in divergences between the 

socioeconomic and attitudinal characteristics of the samples and the populations. Because of these 

divergences, direct value extrapolation using the sample mean may lead to biased aggregate 

estimates (Loomis 1987). Tests for bias have been scarce because of a lack of data on 

non-respondents. Among the few studies where such data are available, Whitehead et al (1993) 

found that failure to correct for non-response bias would distort the aggregate benefits of wetland 

preservation upwards by 33 per cent. Other researchers try to minimise non-response bias through 

the estimation of a predicted response rate to define the relevant population for aggregation. For 

instance, Bateman et al (2000: 295) took into account non-response rates and bid functions in 

aggregation. They modelled the response rate through respondents’ distances to the valuation site 

and their socio-demographic circumstances, especially income.  

 

2.3 Approaches to Correct for Divergences 

 

Different approaches are used in the literature to correct for the divergences between the sample 

and the population. At one end of the spectrum of approaches, sample estimates are generalised to 

the population on the basis that sample and population characteristics are similar, despite the low 

response rate (Walsh et al 1984; Stoll and Johnson 1984). In contrast, other researchers make 

assumptions about the preferences of non-respondents and take a conservative approach by 

assuming that non-respondents have a zero WTP (Bishop and Boyle 1985; Boyle and Bishop 1987; 

Bennett et al 1997). They assert that for most non-respondents, the benefits of completing the 

survey are less than the costs, and the benefits depend to some extent on people’s perceived value 

for the good involved. The conservative approach is based on the assumption that people are 

implying a low valuation for the non-market good of interest by not responding to the survey.  

 

In addition to these extreme approaches, a potentially more precise estimate of aggregate benefits 

can be computed by adjusting the sample values to account for differences between sample and 

population characteristics. There are several ways to do this. First, differences in socioeconomic 



characteristics such as income, age, sex and education can be corrected by substituting population 

averages into the independent variables of the function equation used to estimate willingness to 

pay. The WTP is thus generalised to the wider population. This approach is referred to as the 

ordinary least squares (OLS) regression approach when contingent valuation is used (Loomis 

1987). For instance, Schulze et al (1983) take this approach to adjust existence values of visibility 

at the Grand Canyon for differences in sample and population socio-demographic differences. It 

has the advantage of allowing for differences in multiple socio-demographic characteristics. 

However, as DuMouchel and Duncan (1983) argue, estimates obtained from the OLS regression 

(parameter coefficients) may be inconsistent if sample proportions do not match population 

proportions for relevant socioeconomic characteristics.  

 

Alternatively, weighted least squares (WLS) can be used to produce consistent estimates. It 

involves the use of weights to correct for differences in the proportion of people in each 

socioeconomic class (DuMouchel and Duncan 1983). The weights are: 

            Wi = Ni / Si                                                       (1) 

where Wi is the weight for observations occupying the ith stratum; Ni is the population proportion 

of the ith stratum; and Si is the sample proportion of the ith stratum. The stratum can be 

socioeconomic classes (e.g. income, age, education) that differ between the sample and the 

population yet is systematically related to WTP.  

 

A weakness of the WSL approach is that it is not possible to create weights across more than one 

variable unless detailed information is available about the combinations of socioeconomic 

characteristics held by people in the population. Hence it only allows for divergence in one 

socioeconomic characteristic instead of the combinations of socioeconomic characteristics held by 

the population. In addition, the standard errors of the model coefficients increase substantially 

when WLS is used (Morrison 2000). 

 

Another approach is the weighted average approach used by Carson and Mitchell (1993) to adjust 

for differences between sample households and all United States households in their study of WTP 

for clean water. This approach involves the computation of a weighted average based on the 



population proportions. Specifically, the population weighted average is: 

                                                            (2) ∑
=

n

i
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1
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where Ni is the population proportion for the ith stratum and WTPi is the average WTP of 

respondents occupying the ith stratum. With this approach, generally one or at most two variables 

to which WTP is most sensitive are singled out to stratify WTP. The conservative approach of 

assigning a zero WTP to non-respondents in aggregation is considered to be an extreme form of 

weighting (Loomis 1987). Because the weighted average approach is essentially based on OLS 

regression, the estimates may be inconsistent if sample proportions do not match population 

proportions for relevant socioeconomic characteristics (Loomis 1987; Morrison 2000).  

 

The approaches discussed above are used in the context of contingent valuation studies. Even 

though the OLS and WLS shall be phrased differently in the CM studies, the same principles apply. 

Studies show that the particular approach can make a major difference in aggregate benefit 

estimates (Loomis 1987; Morrison 2000; Bateman et al 2000). Ideally the choice should depend 

on a comparison of the preferences of respondents and non-respondents. However, in most cases 

data are not available on the preferences of non-responses hence such a comparison is not possible. 

In these circumstances, empirical models can be relied on to find out whether preferences are 

highly correlated to socioeconomic characteristics and if so, one of the weighting approaches or 

the OLS regression approach can be used to adjust the differences. On statistical ground, WLS can 

provide more precise estimates than OLS. However, as Loomis (1987) further argues, if WTP is 

directly elicited in dollar term, as in the contingent valuation studies, WLS is preferred to OLS in 

the WTP regression to adjust for differences in sample characteristics. On the other hand, if WTP 

is elicited through dichotomous choice questions which is the case with the CM studies, then 

adjustments can be made by substituting population averages into the independent variables of a 

regression equation.  

 

 



3. The Extent of the Market 

 

In this report, the non-market values associated with land improvement on the Loess Plateau under 

the CCFGP derived from the CM study set out in RR 5 are extrapolated to the wider population in 

North China. The non-market values encompass both use and non-use values arising from an 

improvement in air quality, landscape, water quality and biodiversity under the Program. In 

calculating the household WTPs for these non-market values, the status quo (reversion to land use 

practices pre-CCFGP) and the change (continuation of CCFGP) scenario projections from RR4 

are used:  

 

Status quo scenario: There will be an average of 22 sandstorm days per year, 9.6 per cent of 

vegetation cover, 1637 plant species and 1.9 billion tons of sediment in the Yellow River by 2020. 

Change Scenario: There will be an average of 16 sandstorm days per year, 40 per cent of 

vegetation cover, 2386 plant species and 1.4 billion tons of sediment in the Yellow River by 2020. 

 

The environmental changes from the status quo scenario to the change scenario were valued for 

three sample sites. The total non-market values associated with land improvement on the Loess 

Plateau under the CCFGP held by people in North China are calculated by extrapolating the mean 

WTP of the samples across relevant urban households in the region.  

 

To define the geographical extent of the market for non-market valuation of land improvement on 

the Loess Plateau under the CCFGP, three populations were surveyed in the CM study (see 

Research Report 5) to test for the effects of respondents’ distances from the site of the 

environmental impacts on their values. These three places were: 

 

- Beijing, the capital city of China, which is located in the far east and is more than one 

thousand kilometre away from the Loess Plateau; 

- Xi’an, the capital city of the North West Shaanxi Province which is located at the edge of the 

Loess Plateau; and, 



- Ansai county of Shaanxi Province which is within the Loess Plateau and to the North of Xi’an 

where the CCFGP activities are highly visible (see Figure 1).  

 

Figure 1 Map of China 

 
Source: University of Texas Library. 

 

To test for the distance decay effect, a pooled MNL model was estimated. In the pooled MNL 

model, distance is included as an explanatory variable in the indirect utility functions. The 

locations are effects coded and were interacted with each of the four environmental attributes to 

identify site specific values. Ansai is defined as the base category and is coded as -1, whereas 

Beijing and Xi’an are coded as 1 respectively. Effects codes are preferred to dummy variables 

because by dummy coding the data, the base category of an attribute is confounded with the 

average overall utility or grand mean, and the dummy coded attribute will also be perfectly 



confounded with the grand mean of the alternative (Hensher et al 2005: 119-120). In contrast, 

effects codes orthogonalise the attribute effects to the constant. Specifically, the utility for the base 

category is isolated rather than incorporated into the intercept term. The base category of the 

attribute thus takes the utility level of the negative of the sum of the estimated coefficients for the 

other categories of the effects-coded attribute, and each other attribute category (those coded as 1) 

takes the utility associated with the their respective coefficients (Hensher et al 2005: 119-120; 

Lourviere et al 2000: 86-87). Variables used in the pooled MNL and their coding are specified in 

Table 1.  

 

Table 1 Variables used in the Pooled Model 

Variable 
 

Description 

Attribute Variables  
Cost Amount that households would pay each year as a compulsory payment to 

farmers for a duration of 10 years (payment vehicle) 
Sandstorms Number of sandstorm days each year 
Landscape % of vegetation cover on the Loess Plateau 
Water quality % of current sedimentation level in the Yellow River 
Plant species Number of plant species present in the Loess Plateau region 
ASC Alternative-specific constant taking on a value of 1 for options 2 and 3 in 

the choice sets, and 0 for the base option 
 
Non-attribute variables

 

Age Age of respondent (in years) 
Income Income of households in RMB yuan 
Education Education level taking on a value of 1 for those of tertiary or higher level, 

and 0 otherwise 
Attitude Attitude towards the payment vehicle taking on a value of 1 if respondents 

support the payment vehicle, and 0 otherwise 
Sex Sex of respondent taking on a value of 0 for male and 1 for female 
Beijing Effects coded with Beijing=1; Xi’an=0; Ansai= -1 
Xi’an Effects coded with Xi’an=1; Beijing=0; Ansai= -1 
 

The pooled MNL model results are shown in Table 2. The effects of the base category location 

(Ansai) on the environmental attributes are calculated and demonstrated in Table 3.  

 

 



Table 2 Pooled MNL model results 

VARIABLES COEFFICIENT STD. ERR. P-VALUE 

COST -0.0061 0.00046 0.0000 

SANDSTORMS -0.1248 0.0587 0.0335 

SANDSTORMS*AGE 0.0027 0.0014 0.0584 

SANDSTORMS*EDU -0.0617 0.0242 0.0108 

SANDSTORMS*BEIJING -0.0523 0.0217 0.0160 

SANDSTORMS*XI’AN 0.0201 0.0214 0.3481 

LANDSCAPE 0.0173 0.0034 0.0000 

LANDSCAPE*BEIJING -0.0023 0.0043 0.5977 

LANDSCAPE*XI’AN -0.0026 0.0041 0.5279 

WATER QUALITY -0.0121 0.0043 0.0046 

WATERQUA*BEIJING 0.0078 0.0053 0.1415 

WATERQUA*XI’AN -0.0113 0.0051 0.0278 

PLANT SPECIES 0.0009 0.0001 0.0000 

PLANTSPE*BEIJING 0.0004 0.0002 0.0171 

PLANTSPE*XI’AN -0.0001 0.0002 0.4697 

ASC 0.3440 0.3760 0.3091 

ASC*AGE -0.0286 0.0072 0.0001 

ASC*ATTITUDE 1.7848 0.1278 0.0000 

ASC*INCOME 0.00005 0.0000 0.0000 

ASC*SEX -0.2775 0.1191 0.0198 

Summary Statistics    

Log-likelihood -2573.841   

Pseudo-R2 0.12037   

Observations 2920   

 

Table 3 Effect of Ansai on the Environmental Attributes 

VARIABLES COEFFICIENT STD. ERR. b/ St. Er. 

SANDSTORMS * ANSAI 0.0323 0.0216 1.496 

LANDSCAPE * ANSAI 0.0049 0.0042 1.157 

WATER QUALITY * ANSAI 0.0036 0.0052 0.683 

PLANT SPECIES * ANSAI -0.0003 0.0002 -1.682 

 

The location interaction coefficients are added to the main effects of the environmental attributes 

for Beijing and Xi’an respondents and subtracted for Ansai respondents. Interacting the location 

variable with the environmental attributes shows that distance from the site of environmental 

changes had an impact on respondents’ values on sandstorms, water quality and plant species at 

different levels, but has no impact on respondents’ choices for landscape. In other words, 

respondents’ values on landscape are not significantly different across the three sample sites. For 



the sandstorms attribute, an inverse distance decay effect is evident. While the location of Xi’an 

and Ansai has no marginal effect on respondents’ choices of sandstorms (their coefficients are not 

significant), the location of Beijing decreases the utility level of 0.0523 units for an increase in one 

sandstorm day. This implies that Beijing respondents have a higher WTP for a decrease in 

sandstorms days compared to Xi’an and Ansai respondents. The interaction coefficients for 

location and water quality are not significant for Beijing and Ansai respondents, suggesting that 

the values for water quality are not significantly different between these two places. However, the 

location of Xi’an decreases the utility level by 0.0113 units for an increase in one per cent of 

sediment discharge into the Yellow River. For the plant species attribute, the location of Beijing 

increases the utility level of 0.0004 units on top of the main effects for one more plant species 

present while the location of Ansai decreases the utility level of 0.0003 for one more plant species 

present. The location of Xi’an has no marginal effect on respondents’ choices of plant species. 

This suggests that respondents in Beijing have the highest WTP for plant species, followed by 

respondents in Xi’an and Ansai, demonstrating an inverse distance decay effect. 

 

These findings suggest that people in both the North West and the eastern area may attach both use 

and non-use values to land improvement on the Loess Plateau. In particular, people in the eastern 

area may have a higher WTP for the improvement in air quality and biodiversity. On the other 

hand, the response rates of the survey samples (Table 4) show that the further respondents are 

located from the site of environmental changes, the more unlikely they are to respond to the 

survey. The response rates may be seen as an indicator of a distance decay effect but this may be 

confounded by other differences across the sub-samples, for instance, the level of urbanisation that 

affects people’s life style and potentially their attitudes towards social surveys.  

 

Table 4 Response rate of survey samples 

Number of People Beijing Xi’an Ansai 

Agreed to be interviewed 144* 200 200 

Refused to be interviewed 113* 68 39 

Response rate 50% 75% 88% 

*Three interviewers failed to provide information on the non-response rate. 

 

To further define the geographical extent of markets based on the above findings, it is useful to 



have a better understanding of the geographical extent of the Loess Plateau and its surrounding 

areas. As the map shows (Figure 1), the Loess Plateau, which is the site of environmental changes 

being valued in this study, covers large parts of Shaanxi, Gansu, Shanxi Provinces and Ningxia 

Autonomous region. It also covers parts of Qinghai Province and the Inner Mongolia Autonomous 

Region (McVicar 2002; Sun and Zhu 1995). For two decades, this area has been lagging behind 

China’s coastal regions in market-oriented reforms and openness to trade and investment. It has 

relatively low population densities, and ecological deterioration in this area is severe. Water 

shortage, soil erosion and biodiversity loss are considered to be major environmental concerns in 

the area (Giordano et al 2004: 3). Severe soil erosion coupled with heavy sedimentation on the 

Loess Plateau contribute to major flooding risks in the lower reaches of the Yellow River, where 

the off-site Shandong and Henan Provinces are located. The erosion also brings about increasingly 

frequent sandstorm events, water quality deterioration and a loss of biodiversity in the downstream 

area of the Yellow River in the eastern part of China. This area is one of the most important 

agricultural regions in China, with some of the most densely populated lands (World Bank 1993). 

 

Based on the distance effects on the environmental preferences observed using the pooled MNL 

model and the above definitions of the on-site and off-site areas of the Loess Plateau, the 

geographical extent of the “market” for non-market valuation in this study is taken to include: 1) 

Shaanxi, Gansu and Shanxi Provinces and Ningxia Autonomous Region which are mostly located 

on the Loess Plateau; 2) Qinghai Province and Inner Mongolia Autonomous Region which are 

partly located on the Loess Plateau; and 3) off-site Shandong and Henan Provinces which are 

located in the downstream of the Yellow River, in addition to Beijing.  

 

For the on-site provinces and autonomous regions, both the capital cities and rural urban centres 

are included. The mean WTP estimates derived from the Xi’an and Ansai samples are adjusted to 

extrapolate respectively to the urban population in capital cities and rural urban centres. Only the 

capital cities of the partly on-site area are included in the extrapolation, which involve Xining, the 

capital city of Qinghai Province and Huhhot, the capital city of Inner Mongolia. The mean WTP 

estimates derived from the Xi’an sample is adjusted to extrapolate to the urban population in 

Xining and Huhhot. The other rural town centres in the area are not included because unlike the 



capital cities, they are located further away from the Loess Plateau. For instance, the territory of 

Inner Mongolia stretches to the far North East, bordering Mongolia and Russia. Environmental 

concerns in these places are different from those in the vicinity of the Loess Plateau.  

 

For the off-site area, only the capital cities of Shandong and Henan Provinces are included in the 

extrapolation. This is because Beijing is the only off-site sample available for extrapolation. 

Beijing is unique in terms of its political, economic and cultural significance in China. However, 

major environmental concerns in Beijing are similar to those in Shandong and Henan and 

accordingly people can be assumed to have similar environmental preferences. In addition, Beijing 

is representative of the regional capital cities in the sense that these capital cities are the local 

political, economic and cultural centres. Hence the mean WTP estimates derived from the Beijing 

sample is adjusted for extrapolation to the urban population in Jinan and Zhengzhou, the capital 

cities of Shandong and Henan Provinces. The rural town centres in the off-site provinces are 

excluded from the extrapolation because of the lack of representation of the Beijing sample for the 

urban population in off-site rural town centres. 

 

4. Value Estimates 

 

4.1 Separate Random Parameter Logit (RPL) Models and Sample Means 

 

Even though the pooled MNL model is useful in testing for the distance decay effect and defining 

the geographical extent of the market, it cannot provide other site-specific information especially 

on how the socioeconomic and attitudinal characteristics impact on environmental preferences in 

each place. This information is crucial in extrapolation because it captures the heterogeneity 

evident in the populations. Separate models for the specific sample sites are therefore preferred. In 

the CM study reported in RR5, the Multinomial logit (MNL), nested logit (NL) and Random 

Parameter Logit (RPL) models have been explored for each data set to derive value estimates for 

the three sample sites. The RPL models were chosen as providing the best fits to the data sets, and 



they are used in this study make the extrapolation. The preferred RPL models for each survey site 

and the sample means calculated from these models are re-produced in Table 6 and Table 7. It 

should be noted that in calculating the WTP, the socio-demographics variables are set at the 

sample averages. The mean values of the socio-demographic and attitude variables used in the 

WTP functions are displayed in Table 5. 

 

Table 5 Socio-demographics of Samples 

 BEIJING XI’AN ANSAI 

AGE (>18 YEARS) 39.6 39.4 36.6 

SEX (% FEMALE) 0.43 0.29 0.39 

EDUCATION 0.41 0.41 0.37 

JOB 0.58 0.60 0.77 

ATTITUDE 0.59 0.59 0.57 

DEVATTI 0.05 0.07 0.06 

HOUSEHOLD 

INCOME (CNY) 

 

26648.35 

 

16090.55 

 

17019.70 

Note: DEVATTI is a dummy variable taking on a value of 1 for respondents indicating that, over the years, when 

have heard about proposed conflicts between development and the environment, they have tended to ‘Favour 

economic development’, 0 otherwise; JOB is a dummy variable taking on a value of 1 for white-collar jobs and 0 

for blue-collar jobs; Definition of the other variables can be found in Table 1.  



 

Table 6  

Random parameter logit model results 

VARIABLE BEIJING XI’AN ANSAI 

 Coefficient St. Error Coefficient St. Error Coefficient St. Error 

Random Parameters       

SANDSTORMS (Mean) -0.1437 0.0987 -0.2510** 0.1286   

LANDSCAPE (Mean)       

WATER QUALITY (Mean)     0.0103 0.0250 

 

Non-random Parameters   

    

ASC 0.8971** 0.4191 2.4185*** 0.4742 0.9970** 0.4713 

COST -0.0079*** 0.0009 -0.0141*** 0.0016 -0.0091*** 0.0013 

COST*INCOME 0.15E-06*** 0.39E-07 0.20E-06*** 0.61E-07 0.12E-06*** 0.54E-07 

SANDSTORMS     -0.0219 0.0317 

LANDSCAPE 0.0153** 0.0064 0.0108 0.0067 0.0275*** 0.0060 

WATER QUALITY -0.0084 0.0083 -0.0278*** 0.0087   

PLANT SPECIES 0.0015*** 0.0003 0.0006** 0.0003 0.0008*** 0.0002 

 
Heterogeneity around the 
Mean   

    

SANDSTORM: ATTITUDE -0.2933*** 0.0647 -0.3365*** 0.0726   

SANDSTORM: AGE 0.0080*** 0.0020 0.0142*** 0.0031   

SANDSTORM: JOB -0.1793*** 0.0584     

SANDSTORM: EDUCATION   -0.2044*** 0.0655   

WATER QUALITY: ATTITUDE     -0.1109*** 0.0206 

WATER QUALITY: AGE     0.0016*** 0.0005 

WATER QUALITY: JOB     -0.0451*** 0.0142 

WATER QUALITY: SEX     0.0348*** 0.0121 

WATER QUALITY: DEVATT     0.1338*** 0.0282 

 

SANDSTORMS (Std. Dev.) 0.3063*** 0.1118 0.4544*** 0.1113   

WATER QUALITY (Std. Dev)     0.0570* 0.0300 

 
Model Statistics   

    

Log-likelihood (LL) -795.3998    -872.1980  -887.6134  

Restricted LL -999.7372  -1093.1192  -1115.0915  

Pseudo-R2 0.19955  0.19767  0.19887  

Observations  910  995  1015  

Notes: *denotes significance at the 10% level; **denotes significance at the 5% level; and ***denotes significance 

at the 1% level. 



 

 

Table 7 Estimates of Annual Household WTP and Confidence Intervals                         Unit: CNY 

 BEIJING XI’AN ANSAI 

HOUSEHOLD 

WTP 
882.56 

(489.77~1275.35) 

342.56 

(283.18~401.94) 

388.08 

(301.96~474.20) 

 

The separate RPL models in Table 6 show that across the three samples, respondents’ incomes 

have impacts on their WTP. While most of the environmental attributes remain non-random 

parameters in each RPL model, the SANDSTORMS attribute in the Beijing and Xi’an RPL 

models and the WATER QUALITY attribute in the Ansai model have shown great variation 

among the sampled respondents, indicating that respondents’ preference for these attributes were 

affected by the socio-economic and attitudinal characteristics of respondents. In Beijing, 

respondents’ ages, jobs and their attitude towards the payment vehicle all have impacts on their 

value estimates of sandstorm reductions. Education levels, ages and the attitude towards the 

payment vehicle are determinants of preferences for sandstorm reductions among the Xi’an 

respondents. In Ansai, respondents’ attitude towards the payment vehicle, their ages, jobs, sex and 

whether they are pro-development or otherwise are all systematically related to their level of WTP 

for water quality improvement. These findings imply that in extrapolation, the mean WTP 

estimates derived from the samples need to be adjusted to allow for differences between sample 

and population in socioeconomic characteristics that relate systematically to WTP. 

 

4.2 Adjusted Sample Means 

 

Table 8 and Table 9 provide a summary and comparison of socioeconomic characteristics of 

population on-site, partly on-site and off-site to which the Xi’an, Ansai and Beijing sample mean 

WTP is extrapolated. These socioeconomic characteristics are found to be systematically related to 

respondents’ WTP in the Xi’an, Ansai and Beijing models. Even though the occupation 

stratification sampling method ensures that samples are representative in the three survey sites 

(see Research Report 5), the proportion of different occupation strata differs in different provinces 



and cities. Hence it must be questioned if the sample is representative of populations in places 

other than the survey sites. For this reason, difference in socio-demographics between the samples 

and the populations need to be corrected for in value extrapolation.  

 

Table 8 Socio-demographics of population on-site and partly on-site 

Province/ 

Autonomous 

Region 

Number of 

Urban 

Households 

(million) 

Average per 

capita 

Disposable 

Income 

(CNY) 

Average 

persons per 

household 

Age 

(>18 years) 

Sex 

(% of male) 

Education 

(% > 

tertiary 

level) 

Capital Cities 

On-site 

      

Xi’an 1.32 8544 3.4 41.5 52.0 20.4 

Lanzhou 0.7 7094 2.97 41.0 51.4 13.1a

Yinchuan 0.19 7245 3.26 41.0 50.7 18.0 a

Taiyuan 0.7 8264 3.72 41.3 51.8 16.5 a

Capital Cities 

Partly On-site

      

Huhhot 0.36 8230 2.96b 41.1 51.51 b 18.5 a

Xining 0.38 7025 3.59 40.9 50.50 16.0 a

Town Centres 

On-site

      

Shaanxi 2.06 6806 3.09 41.4 52.02 4.2 

Gansu 1.15 6657 2.96 41.0 51.83 2.7 

Ningxia 0.36 6530 3.09 41.0 51.29 3.7 

Shanxi 2.56 7005 3.29 41.3 51.76 3.4 

Sources: Adapted from China National Statistics Bureau 2001; Qinghai Statistics Bureau 2004; Shaanxi Statistics 

Bureau 2004; Gansu Statistics Bureau 2004; Ningxia Statistics Bureau 2004; Inner Mongolia Statistics Bureau 

2004; Shanxi Statistics Bureau 2004.  

Note: a Percentages that are calculated based on the ratio of Xi’an to Shaanxi, as they are not available from 

official statistics; b Averages of Inner Mongolia, as statistics on its capital city (Huhhot) are not available. 

 
 
Table 9 Socio-demographics of population off-site 

Capital City Number of Urban 

Households 

(million) 

Average per capita 

Disposable Income 

(CNY) 

Average persons 

per household 

Age 

(>18 years) 

Beijing 3.29 13885 2.81 42.1 

Jinan 0.98 8982 3.26 41.6 

Zhengzhou 0.75 8647 3.56 41.5 

Sources: Adapted from China National Statistics Bureau 2001; Shandong Statistics Bureau 2004; Henan Statistics 

Bureau 2004; Beijing Statistics Bureau 2004. 



 

As the OLS approach has the advantage of allowing for differences in multiple socio-demographic 

characteristics, and it is found to outperform the WLS in dichotomous choice models that share 

many of the characteristics of CM, it is adopted in this study to adjust sample means for further 

extrapolation. The differences in the socioeconomic characteristics between the samples and the 

populations are corrected through value adjustments by substituting population averages into the 

independent variables of the WTP functions. The adjusted mean WTP for the population is shown 

in Table 10.  

 

Table 10 Adjusted Mean WTP 

Capital Cities/ Rural Town Centres Mean/ Adjusted Mean WTP 
Capital Cities On-site  
Xi’an 342.56 (283.18 ~ 401.94) 

Lanzhou 290.05 (238.52 ~ 341.58) 

Yinchuan 308.53 (255.03 ~ 362.03) 

Taiyuan 327.41 (269.83 ~ 384.98) 

Capital Cities Partly On-site  

Huhhot 311.25 (257.41 ~ 365.09) 

Xining 310.15 (256.34 ~ 363.95) 

Rural Town Centres On-site  

Shaanxi 352.97 (279.14 ~ 426.79) 

Gansu 350.76 (277.31 ~ 424.22) 

Ningxia 351.16 (277.67 ~ 424.64) 

Shanxi 362.00 (285.81 ~ 438.19) 

Capital Cities Off-site  

Beijing 882.56 (489.77~1275.35) 

Jinan 677.18 (448.97 ~ 905.39) 

Zhengzhou 700.48 (457.85 ~ 943.10) 

 

4.3 Aggregation 

 

Aggregation is conducted using two approaches, namely the generalisation of adjusted sample 

means to the relevant population and the conservative approach of assigning a zero WTP to 

non-respondents. This provides higher and lower bounds of aggregate WTPs for comparison 

purposes. The adjusted mean value of WTP is calculated (see Table 10) and generalised to the 

population by multiplying the adjusted mean WTP by the total number of urban households in 



each place. With the assumption that the non-respondents in the survey had zero WTP, the sample 

mean is extrapolated and aggregated across a population that is assumed to be respondents. In 

other words, with the conservative approach, the number of urban households for aggregation is 

the total number of urban households in each place multiplied by the response rate. The 

aggregated WTP using these two approaches are shown in Table 11. 

 

Table 11 Aggregated Annual WTP in North China                                          

Place Adjusted 

Mean WTP 

(CNY) 

No. of urban 

households 

(million) 

Response 

rate 

Method 1: 

Extrapolation with 

adjusted mean  

Method 2: 

zero WTP for 

non-respondents 

Xi’an (Shaanxi) 342.56 1.32 75% 452.18 399.13 

Lan Zhou (Gansu) 290.05 0.7 75% 203.04 179.84 

Yin Chuan 

(Ningxia) 

308.53 0.19 75% 58.62 48.81 

Tai Yuan (Shanxi) 327.41 0.7 75% 229.19 179.84 

Rural Shaanxi 352.97 2.06 88% 727.12 703.51 

Rural Gansu 350.76 1.15 88% 403.37 392.74 

Rural Ningxia 351.16 0.36 88% 126.42 122.94 

Rural Shanxi 362.00 2.56 88% 926.72 874.27 

Xining (Qinghai) 310.15 0.38 75% 112.05 92.49 

Huhhut (Inner 

Mongolia) 

311.25 0.36 75% 117.86 97.63 

Beijing 882.56 3.29 50% 2903.62 1451.81 

Jinan (Shandong) 677.18 0.98 50% 663.64 432.45 

Zhengzhou 

(Henan) 

700.48 0.75 50% 525.36 330.96 

Total WTP 

(Million CNY) 

    

7449.18 

 

5246.44 

 (Million USD)    923.70 650.56 

 

As the payment elicited in the survey was to be paid over a 10-year period, the present value of the 

aggregate amount is calculated using a range of discount rates: three per cent, 10 per cent and 20 

per cent. The results are shown in Table 12. When a three per cent discount rate is applied, the 

present value (in 2006) of the total non-use market values in North China for a 10-year period will 

amount to CNY 61.69 billion (USD 7.65 billion) using the adjusted mean approach. The 

conservative approach gives a total WTP of CNY 43.45 billion (USD 5.39 billion), 30 per cent 

less than the adjusted mean approach. 

 



Table 11 Present Value of Aggregated WTP                                                                            

Discount Rate NPV (Method 1) 

Million CNY 

NPV (Method 1) 

Million USD 

NPV (Method 2) 

Million CNY 

NPV (Method 2) 

Million USD 

3% 61692.25 7649.84 43449.71 5387.76 

10% 41610.90 5159.75 29306.46 3634.00 

20% 31230.48 3872.58 18329.63 2272.87 

 

5. Policy Implications 

 

With a budget of CNY 337 billion (over USD 40 billion), the CCFGP is one of China’s most 

ambitious environmental initiatives (WWF 2003). Pending successful completion, it will have 

significant implications for China’s forests and natural ecosystems, representing an almost 10 per 

cent increase in the national forest area (Hyde et al 2003). Even though the CCFGP has 

encompassed 25 provinces and autonomous regions across the country, the main policy focus is on 

the upper reaches of the Yangtze River and the upper and middle reaches of the Yellow River 

(CCICED 2002). The Loess Plateau, which is the focus of this research, is located in the Middle 

Reach of the Yellow River. Being one of the key policy areas under the CCFGP, the Loess Plateau 

has drawn government funding totaling CNY 18.2 billion (USD 2.26 billion) since the pilot phase 

of the Program started in the region in 2000 (SFA 2000-2004)1.  

 

Through the extrapolation of the estimated sample mean WTP to the relevant population both 

on-site and off-site of the Loess Plateau, this study found that urban households in North China 

have a WTP for land improvement on the Loess Plateau varying between CNY 61.69 billion (USD 

7.65 billion) and CNY 43.45 billion (USD 5.39 billion), depending on the specific method used 

for extrapolation. This can be seen as the higher and lower bound of the amount of WTP. 

Assuming that government funding for the CCFGP will continue at the same level as in the first 

few years until it ends in 2007-2008, the total investment will be exceeded by the total non-market 

value held by urban households in North China, even against the benefit estimates derived from 

the conservative approach. It should also be noted that even though the use values will be held 

mostly by people along the Yellow River, the non-use values may accrue to people living in South 

                                                        
1 Budgets beyond 2004 are not available from the State Forestry Administration. 



China. Therefore the overall non-market values generated by land improvement on the Loess 

Plateau under the CCFGP may go well beyond the estimates derived in this study.  

 

On the other hand, however, the WTP elicited by sampled respondents based on which the 

extrapolation and aggregation is carried out in this study might be higher than their true level of 

WTP. It has been found in this study that the annual household WTP of sampled respondents for 

environmental improvement on the Loess Plateau is between 2.0 – 3.3 per cent of their household 

income. Given that the CCFGP is only one of the many ecological programs being undertaken in 

China, this level of WTP might be in part a result of framing bias in the non-market valuation 

study (Hoehn and Randall 1987; Hoehn 1991). The estimates derived in this study, therefore, 

should be interpreted and used with these caveats in mind. 

 

The findings of this study can partly address the concerns among policy circles and the wider 

public about the long-term sustainability of the land use change triggered by the CCFGP. With 

government funding for the CCFGP drawing to an end in the next few years, one of the 

alternatives to finance the Program into the future is to require the beneficiaries of the scheme to 

pay for the environmental goods and services provided by the Program. With estimates of the 

monetary values of the environmental benefits available, it is possible to devise the policy 

implementation and orientation of the CCFGP beyond its official cessation in 2010.  

 

The findings reported here also have implications for other ecological protection programs in 

China. With strains on government finances, there is a need to look outside the public sector for 

additional finance for environmental protection (Lu et al 2002: 99). Even though the WTP derived 

in this study is specifically for the implementation of the CCFGP on the Loess Plateau, it sheds 

light on the magnitude of WTP among the Chinese community for environmental goods and 

services given their present socio-economic status and current environmental conditions in China. 

With this information, progress should be made in establishing the legislative and regulatory 

framework to facilitate an environmental payment system in China. 
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