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Abstract 8 
 9 
Previous psychological and economic studies have observed systematic biases in people’s predictions of 10 

their future utilities. In this paper, using repeated contingent valuation (CV) surveys conducted with a very 11 

high frequency (every two weeks, in total 29 waves) in Nanjing, China during July 2014 to June 2015, we 12 

tested whether people’s expected future utility for better air quality is overly influenced by the air quality 13 

at the moment of valuation. As air quality, in general, is subject to high day-to-day variability, its negative 14 

impact on people’s utility (health, happiness etc.), according to rational logic, should be essentially 15 

stationary in the long-run and dependent on the yearly average air quality. Following this logic, based on 16 

the classical random utility model, we should not expect the daily air quality to be a determining factor in 17 

a rational person’s valuation decision. Our results show, however, that people’s willingness to pay (WTP) 18 

is significantly and positively affected by the level of PM2.5 concentration, one of the key air pollution 19 

indicators that has been well understood for several years and is widely available on different media 20 

platforms for almost all large cities in China. We explored a range of rational explanations but found that 21 

our results were more consistent with the effects of psychological mechanisms, in particular, projection 22 

bias.  23 

 24 
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1. Introduction 1 

People often make decisions that have long-term effects, There are numerous examples of this, which 2 

include purchasing durable goods, such as cars or home-appliances, subscribing to sports clubs, buying a 3 

house, etc. People also need to make some current decisions that only affect their future utility, such as 4 

purchasing a heavy coat before the arrival of winter or pre-ordering winter vacations during fall. All these 5 

decisions require people to predict their utility in the future. Standard economic theory based on rational 6 

behavior assumes that facing these decision-making situations, an individual is capable of making an 7 

accurate prediction of their future utility; therefore, their maximization of expected utility will be unbiased.  8 

However, previous psychological studies have observed systematic biases in people’s predicting of their 9 

future utilities. The most classical example is the hungry shopper. Nisbette and Kanouse (1968) found that 10 

shoppers who were hungry tend to buy more food as if they expected to remain permanently famished. 11 

Another example is research by Read and Van Leeuwen (1998), who studied how the office workers’ 12 

weekly decision on snack choices depended on when the workers made their decisions: in late afternoon 13 

when they were expected to be hungry or right after lunch when they were full. Their findings showed that 14 

workers were more likely to opt for the naughty snack when they were hungry at the time of making the 15 

choice.  16 

Loewenstein et al. (2003) coined the bias in the prediction of future taste due to the general tendency of 17 

systematically “exaggerate[ing] the degree to which future tastes will resemble current taste” as the 18 

projection bias. They further discussed the potential economic importance of this bias. First, they found 19 

that in a life-cycle consumption model, under the assumption that consumption is habit-forming, projection 20 

bias would lead a person to continuously pursue an increasing consumption profile, which explains why 21 

people tend to consume too much early in life relative to what would be optimal.  Loewenstein et al. (2003) 22 

also showed how projection bias could misguide the purchase of a durable good due to the fluctuation of 23 

the satisfaction that a person derives from it at the moment of purchase.  More precisely, under projection 24 

bias, people would overvalue the good on high-value days and undervalue it on low-value days, therefore 25 

making the decision to buy unduly dependent on the condition of the day of purchase.  26 

This second point has been supported by numerous statistical studies based on real field consumption data. 27 

Colin et al. (2007) used data on catalog orders of cold-weather items between January 1995 and December 28 

1999 and found people’s decisions were over-influenced by the weather of the day of purchase. Their 29 

estimates suggested that with the temperature of the day of purchase declining by 30F, the return 30 

probability would increase by 3.95%, which signified the decision of purchasing cold winter items was 31 

heavily affected by the temperature at the day of purchase and therefore became in certain cases irrational. 32 
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Busse et al. (2015) studied the data on the transactions of approximately 20% of the new car dealerships in 1 

the United States from the beginning of 2001 until the end of the year 2008. Their analyses found that the 2 

sales of convertibles and four-wheel-drive vehicles are highly influenced by idiosyncratic weather 3 

variations in a way that is inconsistent with classical utility theory. They further explained the observed 4 

bias by identifying both the projection bias and salience as two primary psychological mechanisms. 5 

Buchheim and Kolaska (forthcoming) studied consumer’s decisions to buy advance tickets for outdoor 6 

movies during 2004-2011 and found these decisions were heavily influenced by the weather at the time of 7 

purchase, although the weather of the day of the movie had very little relationship with that on the day of 8 

purchase. They concluded that such bias cannot be fully explained by a range of candidate rational 9 

explanations but is consistent with the presence of psychological mechanisms, such as, among others, the 10 

projection bias. Chang et al. (forthcoming) studied the data on insurance contracts from one of China’s 11 

largest insurance companies from 2012 through 2015 and found the daily air pollution levels had a 12 

significant effect on the decision to purchase or cancel health insurance, in a manner inconsistent with 13 

rational choice theory. The authors also tried to explore different potential mechanisms and found strong 14 

evidence for projection bias as the key driver of their results.  15 

In this paper, by using repeated contingent valuation (CV) surveys conducted with a very high frequency 16 

(every two weeks, in total 29 waves) in Nanjing, China during July 2014 to June 2015, we tested whether 17 

people’s expected future utility for better air quality is overly influenced by the air quality at the moment 18 

of valuation. As the air quality in general is subject to high day-to-day variability, according to a rational 19 

logic, its negative impact on people’s utility (health, happiness etc.) should be essentially stationary in the 20 

long-run (Chang et al. forthcoming) and dependent on the yearly average air quality. Following this logic, 21 

based on the classical random utility model, we should not expect the daily air quality to be a determining 22 

factor in a rational person’s valuation decision. Our results showed, however, that people’s willingness to 23 

pay (WTP) was significantly and positively affected by the level of PM2.5 concentration, one of the key 24 

air pollution indicators that has been well understood for several year and largely available on different 25 

media platforms for almost all large cities in China. We explored a range of rational explanations but found 26 

our results were more consistent with results related to psychological mechanisms, particularly the 27 

projection bias.  28 

In addition to providing more evidence of the potential influence of psychological effects on people’s 29 

decision-making process, our paper also provides another interesting element for the discussion of the CV 30 

studies’ temporal reliability. The temporal reliability was one of the concerns in the methodological 31 

discussion of the NOAA (US National Oceanic and Atmospheric Administration) panel (Arrow et al. 1993). 32 

Given the cost and the time required to conduct rigorous new valuation studies, policymakers are turning 33 
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more often to benefit transfer methods that use values elicited from studies conducted several years earlier 1 

(Price et al. 2017; Lew and Wallmo, 2017). The validity of such methods directly depends on the temporal 2 

validity of the CV methods. There were two strands of studies evaluating whether CV methods provided 3 

consistent and reliable WTP values through time. The first follows the “test-retest” approach, in which the 4 

same individuals were surveyed more than once in different periods of time. These studies examined the 5 

stability of WTP for lengths of periods lasting for a few weeks (Kealy et al. 1990), for several months 6 

(Loomis, 1998, McConnell et al. 1998, Brouwer et al. 2008), for several years (Stevens et al. 1994; Cameron, 7 

1997) or for the time period before, during and after extreme events (Brouwer et al. 2008). In most of the 8 

cases, their conclusions supported the temporal stability of WTP. The second approach consists of 9 

administrating the same survey in different time periods to distinct samples of the same population. An 10 

advantage of distinct samples is its possibility to avoid the limit of the test-retest method, which is related 11 

to the fact that respondents may remember and be influenced by their previous responses, especially when 12 

the times elapsed between surveys were short (McConnell et al. 1998). Compared to the studies using the 13 

test-retest methods to test the temporal reliability of WTP, the studies testing it using the distinct samples 14 

method have more often been conducted in larger time intervals, varying from several months (Relling et 15 

al. 1990; Carson et al. 1997; Czajkowaski et al. 2014) to several years (Whitehead and Hoban, 1999; 16 

Brouwer and Bateman, 2005; Whitehead and Aiken, 2007) and to over decades (Boman et al., 2011). 17 

Although studies focusing on shorter time periods (Relling et al. 1990; Carson et al. 1997; Czajkowaski et 18 

al. 2014) did not find statistically significant differences between samples in the estimated WTP, the studies 19 

with a longer time period usually provided evidence contradicting the temporal stability hypothesis. 20 

Our study can be considered as belonging to those WTP temporal reliability studies using distinct samples. 21 

This study is the first study to administer the same survey with distinct samples over very short time 22 

intervals (i.e., every two weeks). We did not find other studies that repeated the survey as many times (29 23 

waves) as we did. We therefore believe our results can provide interesting elements for the general 24 

discussion of the temporal reliability of the WTP of the stated preference valuation methods.  25 

2. Projection bias under contingent valuation  26 

One factor that motivated our study was the fact that the decision-making process under contingent 27 

valuation study shares some similarity with that under a real situation. In a contingent valuation study, 28 

respondents are invited to evaluate their utility changes caused by a hypothetical environmental 29 

improvement that can only be realized in the future. This future utility change is measured by the individuals’ 30 

WTP, which is defined as the maximal difference between the expected future utility with the proposed 31 

project and the expected future utility in absence of the proposed project. The random utility model 32 

supposes that a respondent will accept the project if and only if his/her WTP is higher than the average 33 
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project cost that he or she needs to share. As a respondent needs to evaluate his/her future utility with the 1 

project and the utility in a counterfactual situation, we believe this to be a difficult exercise. These valuation 2 

risks are not only affected by all the bias directly related to the nature of the stated preference methods, 3 

such as the hypothetical bias, strategic responses, part and whole bias, etc. We also suspect this decision-4 

making process may also suffer from a psychological bias similar to the projection bias that we observed 5 

from the behavior in the economic literatures. If this risk is proven to be true, when to conduct the survey 6 

becomes potentially an important methodological question.  7 

Suppose that a contingent valuation survey is proposed to an individual at period . This survey promises a 8 

reduction of air pollution from level Q0 to level Q* from the period +1 until the period +D. The proposed 9 

bid price is P. For a respondent, whether to accept the project depends on the comparison between the 10 

expected utility in the future D periods with the project U(Q*) and that without the project U(Q0).   11 

We can write the utility of the individual for the period 0 to D as eq. (1). 12 

𝑈0 = 𝑢(𝑄
0) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢(𝑄+𝑡
0 )                                                    (1) 13 

where 𝑄𝑡
0 is the air pollution at period t and 0<𝛿<1 is the discounting factor. We also have 𝑈𝑄

′ < 0 and 14 

𝑈𝑄
′′ > 0. 15 

Accordingly, the utility of this individual under the air quality improvement scenario will be:  16 

𝑈∗ = 𝑢(𝑄
0,  − 𝑃) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢(𝑄∗ )                                             (2)  17 

where 𝑈−𝑃
′ < 0 and 𝑈−𝑃

′′ > 0 . 18 

This individual will say “Yes” to the project if 𝑈∗ >=𝑈0  and “No” if 𝑈∗ <𝑈0 . His/her latent WTP for the 19 

project can be therefore presented by the maximal payment that keeps his/her utility constant between the 20 

two scenarios; therefore, we have 21 

𝑢(𝑄𝜏
0,  − 𝑊𝑇𝑃) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢(𝑄∗) = 𝑢(𝑄𝜏
0) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢(𝑄𝜏+𝑡
0 )                        (3). 22 

Thus, the WTP can be derived from the above equation as a function of the air pollution in the absence of 23 

the project in the future D periods 𝑄𝜏+𝑡
0   and the targeted reduced air pollution 𝑄∗ .2, 3 24 

𝑊𝑇𝑃 = 𝑊𝑇𝑃(𝑄𝜏+𝑡
0 , 𝑄∗ ), t=1, 2, … D.                                                         (4) 25 

                                                           
2 As the air quality target is explicit, we can therefore discard the time index since in the targeted scenario, the air 

quality of each period will be equal to Q*. 
3 Assuming the utility from the air quality to be additively separable from the utility for consumption goods 

(income), the WTP should not depend on the current air pollution situation 𝑄𝜏
0. 
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As the variation of air quality during time can be considered as idiosyncratic and the D periods are long 1 

enough, logically, over the D periods, we should expect the air quality under the counterfactual scenario in 2 

the absence of the project to be written as  𝐷 × 𝑄𝜏+𝑡
0̅̅ ̅̅ ̅̅ =𝐷 × �̅�, where �̅� is the average air pollution of the 3 

place where the individual lives. Based on such reasoning, we should expect the WTP of this individual to 4 

be independent of “when” the survey will be conducted. 5 

Such an assumption, however, may not hold for an individual affected by the projection bias and whose 6 

prediction of expected future utility from the air quality in absence of the project is unduly influenced by 7 

the state that he/she is in at the time of the prediction, that is, at period  (Leowenstein et al. 2003, P1217). 8 

With respect to this new context, this individual’s expected future utility during the period +1 to +D in 9 

the absence of the air quality improvement project will be 10 

𝑈0 = 𝑢(𝑄
0) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢(𝑄+𝑡
0 |𝑄

0)𝑈0                                                 (5) 11 

More precisely, based on Loewenstein et al. (2003), using definition 1 on P1217, we can re-write the 12 

term  ∑ 𝛿𝑡𝐷
𝑡=1 𝑢(𝑄+𝑡

0 |𝑄
0) =  ∑ 𝛿𝑡𝐷

𝑡=1 [(1 − 𝛼)𝑢(𝑄+𝑡
0 ) + 𝛼𝑢(𝑄

0)] , where the utility of the individual 13 

during the future D periods will be a weighted average of his/her utility directly derived from the 14 

counterfactual future air pollution  𝑄+𝑡
0  and his/her current utility based on the current period ’s air 15 

pollution 𝑄
0.  16 

𝑈0 = 𝑢(𝑄
0) + ∑ 𝛿𝑡𝐷

𝑡=1 [(1 − 𝛼)𝑢(𝑄+𝑡
0 ) + 𝛼𝑢(𝑄

0)]                                   (6) 17 

The presence and the importance of the projection bias can therefore be captured by the value of , supposed 18 

as 0 ≤ 𝛼 ≤ 1. When 𝛼 = 0, the expected future utility will be solely determined by the idiosyncratic 19 

counterfactual air pollution situation 𝑄+𝑡
0 ; therefore, there is no projection bias, and when 𝛼 = 1, the 20 

expected future utility will be only determined by the individual’s current utility derived from the current 21 

air quality 𝑄
0. More often, we expect the presence of the projection bias to be an intermediate situation 22 

between these two extreme cases, which means 0 < 𝛼 < 1. In such a case, for an individual to suffer from 23 

projection bias, as expressed in the following equation, his/her WTP will be dependent on the air pollution 24 

of the period in which the survey is conducted, . Under such a situation, “when” to do the survey will 25 

matter since the air quality of the day of the survey can directly affect a person’s  valuation of his/her latent 26 

WTP, as expressed in the following equation (7). 27 

𝑊𝑇𝑃 = 𝑊𝑇𝑃(𝑄𝜏+𝑡
0 , 𝑄∗ , 𝑄

0)                                                      (7) 28 

3. Survey data 29 
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The survey was designed to evaluate the WTP of the residents in the city of Nanjing for an air quality 1 

improvement project whose target was to reduce the air pollution and increase the number of “blue-sky 2 

days” to over 80% in two years. The number of “blue-sky days” is one of the policies used in China to 3 

incentivize air-pollution-abatement efforts of the Chinese cities (Ghanem and Zhang, 2014). A “blue-sky 4 

day” is defined as a day with the air pollution index (AQI) below 100. The AQI is measured by China’s 5 

Ministry of Environmental Protection (MEP) in 163 major Chinese cities based on the level of 6 6 

atmospheric pollutants, namely, sulfur dioxide (SO2), nitrogen dioxide (NO2), suspended particulates 7 

smaller than 10 m (PM10), suspended particulates smaller than 2.5 m (PM2.5),  carbon monoxide (CO) 8 

and ozone (O3). According to the AQI scale, the index below 100 actually includes two levels of AQI: Good 9 

(air quality is considered satisfactory and air pollution causes little or no risk to health, presented in a green 10 

color in the AQI scale) and Moderate (air quality is acceptable, however, there may be a moderate health 11 

concern for a small number of people who are usually sensitive to air pollution, presented in a yellow color 12 

in the AQI scale).4 The percentage of “blue-sky days” in Nanjing was approximately 55% in year 2013; 13 

therefore, an improvement of the percentage to 80% signified an important air quality improvement in this 14 

capital city of Jiangsu province during our survey.  15 

Our CV survey was a part of a larger survey of the Nanjing respondents’ perception of the relationship 16 

between Nanjing’s air quality and their health status. With the aid of input obtained from two focus groups 17 

of all related participants in the project, the questionnaire was developed from February 2014 to April 2014. 18 

In May 2014, a pretest had been organized during the month (two rounds) before the official launch of the 19 

project. A total of over 780 questionnaires were answered, and the returned suggestions and comments were 20 

used to refine the final version of the questionnaire.  21 

The final version of the survey is composed of seven sections, including Happiness Awareness, Health, 22 

Living Condition, Risk Awareness, Regular Behaviors, Willingness to Pay, and Basic Personal Information. 23 

The neutrality and anonymity of the survey was assured at the beginning of each survey. At the end of each 24 

field day, using a quality checklist, the field coordinators checked the returned questionnaires for 25 

completeness and accuracy. 26 

Prior to the WTP question, the respondents were first informed that the Nanjing municipal government was 27 

planning to launch a new comprehensive air quality improvement project. By taking these actions, the air 28 

                                                           
4 More information about AQI and its relationship with PM2.5 can be found on http://aqicn.org/city/. Annex 1 at the 

end of the paper also provides technical details about how China’s AQI is calculated from the six pollutants. The 

positive correlation between PM2.5 and AQI is also illustrated in the annex. Note that the MEP of China’s AQI 

(called API before 2013) is more linearly and positively correlated to the PM2.5 concentration index than that of the 

EPA of the United States. 

http://aqicn.org/city/
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quality in Nanjing would be significantly improved in two years and the number of “blue-sky days” would 1 

increase to over 80%. However, according to estimations, this project could not be implemented without 2 

collecting funds from households. The government was considering collecting a seasonal fee from the 3 

households via their water bill: the fee collection would be managed by a relevant and independent agency. 4 

The collected funds would be used only for the new comprehensive air quality improvement project, and 5 

information about the use of these funds would be made available to the residents. The respondents were 6 

then asked to imagine that the residents of Nanjing have an opportunity to vote on whether to implement 7 

such an air quality improvement project.  If most people support it, the project would be implemented, and 8 

every household would need to pay the fee to improve the air quality.  If the majority would vote against 9 

the project, the project would not be implemented, and the residents would not need to make any payments, 10 

but the air quality would remain at the current level or would further deteriorate.   After being reminded of 11 

their budget constraint, the respondents were asked to consider whether to accept or refuse a seasonal fee 12 

of X dollars, where X=10, 20, 30, 50, 100, 200, 500, or1000 Yuan.5   13 

From July 2, 2014 to June 21, 2015, researchers and specifically trained student enumerators from Nanjing 14 

University conducted a total of 29 waves of in-person surveys, with each wave lasting two to three days. 15 

During each wave, 400 questionnaires were randomly distributed in five districts in Nanjing (including 16 

Qixia, Jianye, Gulou, Jiangning and Xianlin); On average, a total of approximately 150 to 300 17 

questionnaires were completed, which provided us with a total 7732 usable questionnaires.   18 

4. Estimation model and identification strategy 19 

Following the theoretical model that introduced the projection bias in the decision-making processes of 20 

contingent valuation in section 2, we further concretize this logic in the random utility model (RUM, 21 

McFadden, 1974), based on the data characteristics of this survey in Nanjing.  22 

When the WTP is elicited by a referendum dichotomous choice question, for an individual i, facing a 23 

decision on the air quality improvement project, he/she chooses either to accept (Yes, Yi=1) or refuse (No, 24 

Yi=0) the proposed project, at the bid price Bi. This decision is supposed to be dependent on the value of 25 

his/her latent WTPi, which is unobservable to the surveyors but known by the individual himself/herself. 26 

Based on the random utility model, we can write the distribution of the unobservable WTP of individual i 27 

interviewed during the wave w as  28 

                                                           
5 The choice of the highest bid price at 1000 Yuan per year was based on the discussion in the focus group, in which 

all members believed 1000 Yuan per season, representing 4000 Yuan per year, was a very high payment and that 

there would be very few respondents willing to pay that amount.  
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𝑊𝑇𝑃𝑖 = 𝜇 (𝑋, 𝑄 𝑑,𝑊
0 )+𝜖𝑊 + 𝑢𝑊𝐷 + 휀𝑖,   (d=day, w=wave, i=individual). 1 

Here the unobservable WTPi  is explained by the deterministic part 𝜇 (𝑋𝑖 , 𝑄 𝑑,𝑊
0 ), which as suggested by 2 

projection bias, is dependent on the following:  the air pollution of the day of the survey 𝑄 𝑑,𝑊
0 ; the 3 

sociodemographic characteristics of individual i, 𝑋𝑖; the wave (W) specific fixed effect  𝑢𝑊; the day of the 4 

week’s specific fixed effect 𝑢𝑊𝐷 ; and an unexplained residual 휀𝑖~𝑁(0,  𝜎) , which follows a normal 5 

distribution with a zero mean and a variable 𝜎 > 0. 6 

The decision of the individual i to accept or refuse the project Yi =1/0 can therefore be written as:  7 

𝑃𝑟𝑜𝑏(𝑌𝑖 = 1|𝐵𝑖, 𝑋𝑖 , 𝑄𝑑,𝑊
0 ) = 𝑃𝑟𝑜𝑏(𝑊𝑇𝑃𝑖(𝑋𝑖 , 𝑄𝑑,𝑊

0 ) > 𝐵𝑖) 8 

= 𝑃𝑟𝑜𝑏 [
𝜀𝑖

𝜎
>

𝐵𝑖−𝜇(𝑋𝑖,𝑄𝑑,𝑊
0 )

𝜎
]        9 

 = 1 − ∅ [
𝐵𝑖−𝜇(𝑋𝑖,𝑄𝑑,𝑊

0 )

𝜎
]                                         (8) 10 

Therefore, the base specification of our estimation function should be 11 

𝑃𝑟𝑜𝑏(𝑌𝑖,𝑊 = 1|𝐵𝑖)  = ∅ (
𝜇 (𝑋𝑖,𝑄𝑑,𝑊

0 )−𝐵𝑖

𝜎
) = ∅ (

𝛼𝑄𝑑,  𝑊
0 +𝑋′𝑖𝛽+𝑚′𝑑,𝑊𝛾+𝑢𝑊+𝑢𝑑,𝑊−𝐵𝑖

𝜎
)           (9) 12 

Here, the 𝑚𝑑,𝑊 is a vector of weather variables capturing the weather condition (i.e., fog, storms, visibility, 13 

temperature, humidity and daily precipitation) of the day of the survey. To test the existence of the 14 

determinant impact of air pollution of the day of the survey on the WTP, we expect coefficients 𝛼 to be 15 

positive and significant in estimation. (Summary statistics can be found in Table 1) 16 

We measure the air pollution of the day of the survey 𝑄𝑑,𝑊
0  by the daily-average concentration of PM2.5 17 

instead of by the Air Quality Index (AQI) as in Chang et al. (forthcoming). The technical reasons to use 18 

PM2.5 instead of AQI as our key air quality variable are the following: First of all, the AQI (called API 19 

before 2013) is a synthetic indicator calculated from PM2.5 and seven other pollution concentration 20 

indicators.6 Second, while the calculation of the AQI is found to be closely and almost linearly related to 21 

the concentration level of PM2.5, particularly when the PM2.5 index is at a moderate or a high level, one 22 

limit of AQI is that its highest value is capped at 500; therefore, it cannot directly reflect the severity of the 23 

PM2.5 concentration when it stays above 500g/m3. (cf. Figure A1 in Annex) Third, the Chinese population 24 

in major cities has in general good access to both AQI and PM2.5 concentration indicators Many Chinese 25 

attach more attention to the PM2.5 indicator than to the AQI, due to the well-known fact that the AQI used 26 

                                                           
6 More details about this calculation can be found in the Annex. 
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in China still follows a less stringent standard than that established in the other high-income developed 1 

countries, while the concentration indicator of PM2.5 provides a more direct comparison with the air quality 2 

levels of the other large cities in the world.  For comparison, we also report the estimations performed with 3 

AQI as a robustness check.  4 

Table 1. Summary statistics of the respondents included in to analyses 5 
Variable Obs Mean Std. Dev. Min Max 

Individual data 

Answers to WTP question 7732 0.36 0.48 0 1 

Bid 7732 874.17 1483.25 10 5000 
age 7732 29.83 8.56 18 86 

mariage 7732 0.52 0.50 0 1 
male 7732 0.49 0.50 0 1 

Years of education 7732 16.32 3.45 0 18 

Ln(p.c.income) 7732 7.79 0.89 3.91 10.82 

Pollution and weather data (day average) 

PM2.5 (g/m3) 73 64.75 37.93 15 204 
AQI 73 94.16 47.91 23 261 

Fog 73 0.16 0.37 0 1 

Storm 73 0.07 0.25 0 1 
Visibility (Km) 73 4.87 2.06 1.1 9.8 

Temperature (C) 73 18.34 8.16 0.4 30.3 
Humidigy (%) 73 76.99 14.89 43 97 

Precipitation (mm) 73 5.00 12.04 0 70.87 

5. Benchmark analyses 6 

As a preliminary check of our hypothesis and the temporal reliability of WTP, we report in Figure 1 the 7 

mean WTP estimates for each of the 29 waves of surveys and the corresponding average PM2.5 8 

concentration indicators of the survey days during a same wave. As we can see, both the WTP and the 9 

PM2.5 level demonstrate a relatively large variability, with the PM2.5 level varying between 0 to 200 g/m3 10 

and the wave-level average WTP varying between -300 to +300 Yuan. Although the evolution patterns of 11 

the two variables during the times do not provide a clear correlation tendency, which may be explained by 12 

the different seasonality patterns, we do discern certain similarities in the dynamic evolution patterns 13 

between the two series. More precisely, the variation tendency of the PM2.5 level and that of WTP seems 14 

to follow similar patterns, which means when there are large increases (decreases) in the PM2.5 level, 15 

similar variations trending in the same direction can also be observed in the wave-level average WTP.   16 

Table 2 reports our benchmark estimation results. In this estimation, the probability of accepting the air 17 

quality improvement project is explained by the respondents’ sociodemographic characteristics (age, 18 

gender, married, education, income) and the PM2.5 level of the day of the survey. The main parameters of 19 

interests are , that is, the coefficients of the daily average PM2.5 concentration indicator of the day of the  20 
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 1 

Table 2. Benchmark estimation (Probit): Relationship between PM2.5 and probability to accept the 2 
air quality improvement project 3  

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

Ln(Bid) -0.261*** -0.261*** -0.262*** -0.263*** -0.263*** -0.263***  

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 
PM25/100 

 0.217** 0.232*** 0.389*** 0.359*** 0.369***  

 (0.087) (0.087) (0.110) (0.114) (0.117) 

age 
  -0.004 -0.004 -0.004 -0.004  

  (0.002) (0.002) (0.002) (0.002) 

mariage 
  -0.118*** -0.115*** -0.115*** -0.115***  

  (0.040) (0.040) (0.040) (0.040) 

male 
  0.003 0.002 0.001 0.001  

  (0.031) (0.031) (0.031) (0.031) 

Years of education 
  -0.001 -0.002 -0.002 -0.002  

  (0.005) (0.005) (0.005) (0.005) 

Ln(pc. Income) 
  0.065*** 0.064*** 0.064*** 0.064***  

  (0.018) (0.018) (0.018) (0.018) 
_cons 1.043*** 0.939*** 0.613*** -0.275 -0.472 -0.888  

(0.096) (0.105) (0.194) (0.820) (0.842) (0.936) 

Wave fixed effect Yes Yes Yes Yes Yes Yes 
Weather No No No Yes Yes Yes 

Month Fixed effect No No No No Yes Yes 

Day of week fix. eff. No No No No No Yes 

N 7732 7732 7732 7732 7732 7732 

R2 0.1182 0.1188 0.1224 0.1234 0.1235 0.1236 

Mean WTP 36.71 36.61 37.64 37.76 37.77 37.67 

CI of WTP [31.71, 42.16] [31.71, 41.92] [31.84, 41.90] [31.99, 42.08] [31.92,42.16] [31.80,41.96] 

WTP with a 1g/m3  in 
PM2.5 by 1 µg/m3 - 

36.91 
(0.82%) 

37.97 
(0.90%) 

38.38 
(1.64%) 

38.29 
(1.38%) 

38.20 
(1.41%) 

Note: Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent variable Yi,w=1 if the respondent accepted the 4 
bid price, and Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, storm, average visibility, average temperature, temperature square, average precipitation and 5 
average relative humidity. PM2.5 varies between waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01. The parentheses of the 6 
last line of the table is the % point increase of mean WTP with an 1g/m3 increase in PM2.5 concentration. 7 
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survey. The estimates in the second and third column of Table 2 show that, after controlling the wave fixed 1 

effect, the increase of one g/m3 PM2.5 increases the probability of a person to accept the air quality 2 

improvement project by 0.22%. Including the consideration of the weather conditions further reinforced 3 

the impact of the current PM2.5 concentration on the respondents’ mean WTP: the estimates in the fourth 4 

column in Table 2 show that an increase of one g/m3 PM2.5 increases the probability of a person accepting 5 

the air quality improvement project by 0.39%. Further, adding monthly and day-of-the week fixed effects 6 

does not affect the stability of our estimation results. Converting the Probit model’s results into the 7 

calculation of the mean WTP of the whole sample based on the independent variables’ sample means, our 8 

results showed that the average WTP of the Nanjing people for the new air quality improvement project is 9 

approximately 37 Yuan/season and that an increase of PM2.5 concentration by 1 g/m3 could lead to an 10 

increase in the mean WTP by 50 cents, which is equal to a 1.4% increase in the mean WTP. 11 

6. Rational explanations for the effect of PM2.5 on WTP 12 

In this section, we consider several potential rational explanations that do not rely on psychological 13 

mechanisms, for the effect of the PM2.5 indicator on the WTP.  14 

6.1 Sample bias selection  15 

Our results in section 5 indicate that people report on average a higher WTP on the days with more severe 16 

air pollution. One possible explanation for this empirical finding is that the sample frame from which our 17 

surveyors drew their random samples in a very polluted day is systematically different from that of a less 18 

polluted day. One such possibility is that during a heavily polluted day, people may choose not to go outside 19 

if there is no obligation to do so. In this case, the survey sample in such a heavily polluted day may be 20 

drawn from a biased sample frame containing people more frequently obliged to go outside (for example 21 

to work), whose WTP for better air quality happens to be significantly higher. To assess the extent to which 22 

this explanation can be plausible, we plot in Figure 2, for different bins of PM2.5 levels on the day of the 23 

survey, the proportion of respondents (%) whose job requires them to work at least partially outdoors.  The 24 

pattern of the figure does not confirm our expectation: we observe a higher proportion, that is, 25 

approximately 20%, of outdoor working respondents during less polluted days (0-75 g/m3) and a 26 

somewhat lower proportion, that is, approximately 10-15%, during more polluted days (75-150g/m3 and 27 

over 175 µg/m3) but an exception for the bin (150-175 µg), in which the % of respondents working outdoors 28 

surpasses 20%. 29 

 30 
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 1 
 2 

 3 
Table 3. Rational explanation: bias selection hypothesis 4 

WTP (1) (2) (3) (4) (5) (6) (7) 

Ln(Bid) -0.263*** -0.263*** -0.263*** -0.263*** -0.263*** -0.263*** -0.263*** 
 (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 

PM25_100 0.365*** 0.358*** 0.369*** 0.368*** 0.380*** 0.358*** 0.359***  
(0.117) (0.117) (0.118) (0.117) (0.118) (0.122) (0.123) 

Outdoor worker 0.056  0.073    0.073  
(0.042)  (0.081)    (0.081) 

PM2.5*Outdoor worker  0.057 -0.026    -0.026  
 (0.054) (0.106)    (0.106) 

Life suffers from pollution    -0.030  -0.046 -0.046  
   (0.031)  (0.061) (0.061) 

PM2.5*life suffer from pollution     -0.027 0.022 0.022  
    (0.039) (0.075) (0.075) 

age -0.004 -0.004 -0.004 -0.004 -0.004 -0.004 -0.004  
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

mariage -0.115*** -0.115*** -0.115*** -0.114*** -0.115*** -0.114*** -0.114***  
(0.040) (0.040) (0.040) (0.040) (0.040) (0.040) (0.040) 

male -0.004 -0.002 -0.004 0.001 0.001 0.001 -0.005  
(0.032) (0.031) (0.032) (0.031) (0.031) (0.031) (0.032) 

Years of education -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 -0.001  
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

ln(per capita income) 0.065*** 0.065*** 0.065*** 0.064*** 0.064*** 0.064*** 0.065***  
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) 

_cons -0.901 -0.901 -0.899 -0.857 -0.878 -0.850 -0.862  
(0.936) (0.936) (0.936) (0.936) (0.936) (0.937) (0.937) 

Wave fixed effect Yes Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes Yes 

N 7732 7732 7732 7732 7732 7732 7732 

R2 0.1238 0.1237 0.1238 0.1237 0.1237 0.1237 0.1239 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent 5 
variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, 6 
storm, average visibility, average temperature, temperature square, average precipitation and average relative humidity. PM2.5 varies between 7 
waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01.  8 

Following the bias-selection logic, another rational explanation of the effect of the PM2.5 level on the WTP 9 

is that people more heavily affected by air pollution may be more likely to accept the invitation and therefore 10 
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Figure 2. Proportion of outdoor workers as respondents according 

to PM2.5 level at the day of survey  

 

Figure 3. Proportion of people reporting suffering from pollution 

according to pollution at the day of survey 
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participate more frequently in the survey during a heavily polluted day. The increase in the mean WTP 1 

estimate in this case can be explained by the higher presence of the respondents suffering more from the air 2 

pollution. To validate this hypothesis, we plot in Figure 3 the proportion of respondents reporting suffering 3 

from pollution according to the day of the survey’s level of PM2.5, represented by indicator variables 4 

grouped into 8 bins from 0 to over 200 g/m3.  Graphically, the pattern illustrated seems to provide some 5 

support for this rational explanation, but the difference in the percentage of respondents reporting suffering 6 

from pollution varies only approximately 5% (from 50 to 55%), which cannot be considered as a convincing 7 

explanation based only on the information in the figure.  8 

A more formal test of these rational explanations related to sample selection bias is therefore conducted. 9 

The results are shown in Table 3, in which we have added to the benchmark estimation three control 10 

variables, which are outdoors (=1 when a respondent works at least partially outdoors), suffers-from-11 

pollution (=1 if respondent declared their life was affected negatively by pollution) and their cross-terms 12 

with PM2.5: Outdoors×PM2.5, Suffers-from-pollution×PM2.5. If these explanations related to sample bias 13 

selection do affect the relationship between the PM2.5 level and the WTP, we should expect these control 14 

variables to report positive and statistically significant coefficients. This, however, is not the case for both 15 

cases, according the estimates reported in Table 3. The presence of these variables did not affect either the 16 

significance or the magnitude of the coefficient of PM2.5.  17 

6.2 Information content of current air quality for future air quality 18 

Another rational explanation is that people may use the current day’s air quality to update their beliefs about 19 

future air quality. Such logic may be optimal for an individual. First, especially under relatively stable 20 

weather conditions, the current air quality may contain useful information about future air quality. Second, 21 

the current day’s air quality may also enhance a person’s prediction for future air quality.  22 

To check the predictive power of the current air quality for future air quality, we plot in Figure 4 the PM2.5 23 

reading one to 45 days ahead against the current day’s PM2.5 reading (both purged for seasonal effects by 24 

month dummies, for district effects by district dummies and for weather conditions at the average city level, 25 

according to data availability). If we accept that tomorrow’s PM2.5 level will be positively related to today’s 26 

PM2.5 level, this predictive power fades quickly with longer future time periods. In general, we believe 27 

today’s PM2.5 level to have no explanatory power for the PM2.5 level three or more days in the future (cf. 28 

Table A3 in the annex for more detailed correlation between the current PM2.5 level and the current weather 29 

conditions with the PM2.5 level of future periods). 30 
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 4 
Figure 4. Predictive power of current day’s air quality for future one 5 

6.3 Learning effect 6 

Based on the data for the whole period covering our survey, the above analysis on the potential relationship 7 

between the current day’s PM2.5 level and that of future days may not be applicable to all residents in 8 

Nanjing. To understand the irrelevance between the air quality indicators of different days may be a 9 

cognitive demanding learning process. For a respondent, he or she may need at least several years of 10 

repeated experience to construct a clear understanding of this irrelevance. Based on this reasoning, we may 11 
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only be confident that this irrelevance between current and future air quality can be well understood by the 1 

residents that have already stayed in Nanjing for several years. To test this hypothesis, in the Table 4, we 2 

compare the estimates of our benchmark model for the whole sample with those for the subsamples that 3 

only include the permanent Nanjing residents.7 However, the magnitude of the positive coefficient of the 4 

PM2.5 level for only permanent residents (cf. Column 2, Table 4) is found to be smaller than that reported 5 

for the whole sample (0.294 vs. 0.369), which supports our initial idea that in their CV valuation process, 6 

owing to their experience, people who have lived in Nanjing for a long period of time are affected less by 7 

the current day’s air quality. Nevertheless, our results based on the subsample of permanent residents still 8 

report significantly positive coefficients, revealing therefore a significant influence of the current day’s air 9 

quality on their valuation process during the CV survey, even for these residents living years in Nanjing.  10 

Table 4.  Learning effect 11  
Total sample Nanjing 

permanent 

residents only 

Nanjing permanent residents with age 

18-25 26-35 36-45 >45 

PM2.5 0.369*** 0.294** 0.167 0.168 0.649** 1.377** 
 

(0.117) (0.134) (0.276) (0.196) (0.300) (0.583) 

Ln(Bid) -0.263*** -0.275*** -0.267*** -0.273*** -0.318*** -0.345*** 

 (0.008) (0.010) (0.020) (0.014) (0.023) (0.043) 

age -0.004 -0.003 -0.044** -0.006 -0.001 0.016* 
 

(0.002) (0.003) (0.022) (0.012) (0.015) (0.010) 

mariage -0.115*** -0.118** 0.072 -0.041 -0.145 -0.189 
 

(0.040) (0.047) (0.169) (0.065) (0.194) (0.369) 

male 0.001 -0.005 -0.081 -0.100* 0.244*** 0.051 
 

(0.031) (0.036) (0.077) (0.053) (0.080) (0.158) 

Years of education -0.002 -0.001 0.000 -0.013 -0.003 0.057*** 
 

(0.005) (0.006) (0.015) (0.008) (0.013) (0.019) 

Ln(Per capita income) 0.064*** 0.098*** 0.002 0.156*** 0.162*** 0.256*** 
 

(0.018) (0.022) (0.038) (0.036) (0.056) (0.099) 

_cons -0.888 -0.404 1.575 -1.107 -2.799 4.695 
 

(0.936) (1.091) (2.300) (1.644) (2.552) (4.703) 

Wave fixed effect Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes 

N 7732 5819 1292 2770 1314 443 

R2 0.1236 0.1342 0.1521 0.1376 0.1759 0.2761 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent 12 
variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, 13 
storm, average visibility, average temperature, temperature square, average precipitation and average relative humidity. PM2.5 varies between 14 
waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01 15 

Continuing with this logic, another reason that explains this positive and significant coefficient for the 16 

PM2.5 level, even for permanent Nanjing residents, is that among the permanent residents, there were both 17 

young and old people; although older respondents may have formed a clear understanding of the irrelevance 18 

                                                           
7 The permanent Nanjing residents are defined as people having Nanjing Hukou registration and people who are 
owners of their apartments in Nanjing. 
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of relating future air quality to the current day’s situation, the younger respondents, due to their lack of 1 

experience, may still under-estimate the irrelevance of the relationship. We therefore further test the 2 

benchmark model among the permanent Nanjing residents, using four subsamples regrouped according to 3 

the respondents’ age: (18-25), (26-35), (35-45) and (>45). The results are reported in the last four columns 4 

of Table 4. Contrary to our initial belief, the results report non-significant coefficients for subsamples of 5 

younger respondents (18-25) and (25-35) but significantly positive coefficients for the subsample of older 6 

ones. In addition, the magnitude of the positive coefficients seems to follow an increasing trend with age, 7 

which reveals a larger influence of the current day’s pollution on the WTP for older respondents. 8 

6.4 Learning and inattention 9 

The results in Table 4 indicated another potential rational explanation: learning by inattentive individuals 10 

(Schwartzstein, 2014). Under this mechanism, the inattentive individuals who were initially unaware of the 11 

impact of pollution on their utility, for example, on their health, may have learned more about the 12 

deleterious effect of air pollution on their future health during the day of survey, which happened to be a 13 

day with heavy pollution; therefore, these individuals reported a higher WTP for the new air quality 14 

improvement project. This is an especially plausible and reasonable explanation for the elderly, whose 15 

health status is more likely to be affected by air pollution.   16 

This learning process can be verified via two channels. First, during a heavy polluting survey day, the 17 

respondent having certain diseases may learn more about the negative impact of pollution on their health, 18 

which in turn motivates his/her higher WTP. Secondly, in a more general way, a high level of pollution can 19 

also lead a respondent to learn something about his or her own health or a family member’s health; in the 20 

absence of any previously manifested disease symptom, this learning may also motivate a higher WTP. 21 

If the explanation of the first channel is valid, we may expect that the respondents having diseases whose 22 

symptoms can be reinforced by air pollution, not those respondents that have not suffered from these 23 

diseases, will essentially contribute to the positive coefficient of the PM2.5 level. We therefore re-run the 24 

benchmark model in Table 5 by excluding the respondents who had respiratory diseases or those whose 25 

family members had respiratory diseases (more precisely coronary disease, myocardial infarction, chronic 26 

obstructive pulmonary disease, asthma, chronic bronchitis and lung cancer). Our estimates still report 27 

positive and significant coefficients for PM2.5 in the subsamples of people who declared not suffering from 28 

the above-mentioned diseases; therefore, the results contradict our initial idea. As the magnitude of the 29 

positive coefficient decreases from 0.369 to 0.304, we believe that although the learning effect of the 30 
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inattentive respondents did play a role in affecting a person’s WTP answer, this channel can only explain a 1 

very small part (17%) of the total impact of the PM2.5 level on the WTP.  2 

The second channel can be considered as more general than the first one since it supposes that even the 3 

healthy respondents can also feel the negative impact of pollution on their general utility and that this impact 4 

may go far beyond the health. If we agree with the idea that air pollution can affect a person’s utility in a 5 

more general way, another important issue will be the necessity to consider not only the impact of the 6 

pollution at the day of the survey but also that of the other days preceding the survey.8 This is because it is 7 

more rational to believe the utility or happiness of a person to be the accumulated results during a past 8 

period that people still remember.  9 

We conduct verification of this second channel through two different ways. First, if we believe that past air 10 

pollution during a memorable length of time can negatively affect a person’s general utility situation, then 11 

this general utility situation can affect in turn a person’s WTP for better air quality. A pertinent test will be 12 

to enlarge the benchmark model to include both the PM2.5 level of the day of the survey and that of N 13 

(where N=1, 2,…,30)9 days preceding the survey. For the validation of this explanation, we expect the 14 

pollution situation of the survey day and at least several days preceding the survey, whose pollution 15 

situation can be easily memorable, to positively affect the formation of the WTP and that this memory will 16 

fade to zero with time. Through a plot figure of the estimated coefficients of the current and the lagged 17 

PM2.5 concentration index along with 95% confidence intervals from the enlarged benchmark model, 18 

Figure 5 presents the results of this analysis. As shown in this figure, we found a positive and significant 19 

coefficient for the air pollution situation of the days of the survey and an “almost significant” and relatively 20 

smaller positive coefficient for the PM2.5 level of the day preceding the survey.  In contrast, the coefficient 21 

for the PM2.5 level of the second days preceding the survey seems to play a negative and significant role 22 

on the WTP, followed by the coefficients of other lagged pollution (N>2), which were either positive or 23 

negative but most often statistically insignificant. 24 

A second way to test this learning and inattention explanation will be to use intermediate variables coming 25 

from the answers that respondents gave to the very first question in the survey: 26 

 “In the past two weeks, how often did you feel that you were happy or in a good mood?”    27 
The respondents were asked to select the most appropriate option as follows: 1 for “all the time”; 2 for 28 
“always”; 3 for “over half the time”; 4 for “less than half the time”; 5 for “seldom”; and 6 for “never”. 29 

                                                           
8 This point also helps to distinguish the hypothesis of the inattentive respondent from that of projection bias. The 
latter suggests people project their current situation to the future, but the former supposes that the people’s 
current understanding of the impact of pollution to be dependent on their experience accumulated from the past.   
9 Other values of N=45, N=60, etc. have been tested, and the results illustrated similar patterns as these presented 
in Figure 6. 
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Table 5. Learning of inattentive respondents 1 
 Total sample No respiratory 

diseases 

him/hersemlf during 

last 6 months 

No respiratory diseases 

him/herself nor for 

family members  during 

last 6 months 

PM25_100 0.369*** 0.311** 0.304** 
 

(0.117) (0.122) (0.130) 

bid -0.263*** -0.260*** -0.264*** 
 

(0.008) (0.009) (0.009) 

age -0.004 -0.005* -0.005* 
 

(0.002) (0.003) (0.003) 

mariage -0.115*** -0.114*** -0.121*** 
 

(0.040) (0.042) (0.045) 

male 0.001 0.001 -0.007 
 

(0.031) (0.032) (0.035) 

years_ed~n -0.002 0.002 0.004 
 

(0.005) (0.005) (0.005) 

lnrevenu~t 0.064*** 0.079*** 0.078*** 
 

(0.018) (0.019) (0.020) 

_cons -0.888 -0.701 -0.375 
 

(0.936) (0.975) (1.033) 

Wave fixed effect Yes Yes Yes 

Weather Yes Yes Yes 

Month Fixed effect Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes 

N 7732 7175 6366 

R2 0.1236 0.1246 0.1306 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. 2 
The dummy dependent variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent refused 3 
the bid price. Weather control variables include fog, storm, average visibility, average temperature, temperature 4 
square, average precipitation and average relative humidity. PM2.5 varies between waves, days and the districts of 5 
the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01 6 
 7 

 8 

Figure 5. Coefficient values and 95% confidence intervals for the effect of 9 
contemporaneous and lagged PM2.5 on probability to accept the WTP question 10 

 11 

-1
-.

5
0

.5
1

1
.5

c
o

e
ff
ic

ie
n
t 
o

f 
P

M
2
.5

0 5 10 15 20 25 30
day-lags



19 
 
 

This question provided us with the necessary data to test whether and how the past air quality affected the 1 

general happiness of the respondents and how such general happiness can in turn affect their WTP answer. 2 

We first add the variable unhappy (happy all the time=1 and never happy=6) to our benchmark estimation, 3 

in which we obtain a positive and significant coefficient (0.059, standard deviation 0.014), signifying 4 

unhappy respondents tend to accept more often the new air quality improvement project. This positive 5 

coefficient, however, does not reduce the significance of the positive coefficient before the PM2.5 level, 6 

whose value stays similar to the benchmark model (0.371 vs. 0.369). 10  To further relate this positive 7 

coefficient for the variable unhappy to the air pollution condition, we need to know whether a person’s  8 

unhappiness was a direct result of the past and current air pollution. Such hypothesis however is not 9 

validated by our data. Figure 6 plots the coefficients and their 95% confidence interval of the current and 10 

lagged PM2.5 levels, obtained from the ordered probit estimation to determinate respondents’ unhappiness 11 

level. As we can see, almost all coefficients for the pollution of the last 0-4 days, stay insignificant and 12 

indifferent from zero. Therefore, we exclude the intermediate channel explanation that asserts that air 13 

pollution affects people’s happiness level, which in its turn affects their WTP.  14 

 15 
Figure 6. Distributed lag analysis of PM2.5 and respondent’s unhappiness level 16 

6.5. Mistaken beliefs 17 

Another rational explanation for the observed influence of the current PM2.5 level on people’s WTP is that 18 

the pollution situation at the day of the survey may mistakenly alter their perceptions about future air 19 

pollution and that these changes in their perception can in its turn affect people’s WTP. Although seemingly 20 

similar to the assumption of the projection bias, the hypothesis of mistaken belief actually takes its focus 21 

                                                           
10 The estimation of the determination role of happiness on the WTP is reported in Table A6 in the annex.  
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on a more direct impact of the current air quality on people’s perception about future air quality. The utility 1 

that the respondents derive from the new project can therefore still be considered as based on using their 2 

perception of future air quality in some rational decision-making process. The difference between the 3 

hypothesis of mistaken belief and that of projection bias can be illustrated mathematically as follows. 4 

For an individual under the mistaken belief hypothesis, as the eq.(10) illustrated, the expected future air 5 

pollution is conditional on the current day’s air pollution. 6 

𝑈0 = 𝑢(𝑄
0) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢(𝑄+𝑡
0 |𝑄

0) = 𝑢(𝑄
0) + ∑ 𝛿𝑡𝐷

𝑡=1 𝑢[𝑄+𝑡
0 (𝑄

0)]                (10) 7 

This is different from the decision-making process of a person under the projection bias hypothesis, in 8 

which it is the utility of the future period that is directly and unduly affected by the air quality of the day of 9 

the survey (c.f. Eq(6)).  10 

If this mechanism works, we can expect a respondent interviewed during a heavily polluted day to believe 11 

future air quality to be bad or even worse, which in turn motivates a higher WTP, while for a respondent 12 

interviewed in a less polluted day, their worry about future air pollution may be reduced, which motivates 13 

a lower WTP answer. To test this potential explanation, we use the answers given by people to the following 14 

question that was asked preceding the question of WTP in the questionnaire. 15 

“Do you agree that air pollution incidences that cause important loss of environment and human lives may 16 
happen in Nanjing in the near future?”  17 
The respondents were asked to answer the question with the following choices: 1 for “Totally disagree”; 2 18 
for “Disagree”; 3 for “Neutral”; 4 for “Agree”;  and 5 for “Totally agree”;  19 

Including the level of the perceived air pollution accidents in the future into the probit estimation of the 20 

probability to accept the new air quality improvement project (cf. Table A4) provides counter-intuitive 21 

results. It seems that people having a higher risk perception are significantly less probable to accept the new 22 

project. To further look into the relationship between the risk perception and the current air pollution 23 

situation, we use an ordered probit model in which the five levels of responses about the respondents’ risk 24 

perceptions are associated with the current day’s PM2.5 level along with other socio-demographic variables 25 

and weather controls. We can see in Table A5 (ordered Probit) that the perception of the risk related to 26 

pollution is found to be negatively and significantly related to the current PM2.5 concentration level, which 27 

is also contrary to our intuition.  28 

However, the two counter-intuitive results once combined together do predict what we observe from the 29 

benchmark estimations: a higher PM2.5 level of the day of the survey leads to an expectation of a lower 30 

risk of pollution in the future, which in turn leads to a higher WTP. Considering the very weak total 31 

explanatory power of the ordered Probit model (<1%), we believe this explanation channel at most only 32 
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plays a very marginal role in the determination of people’s WTP for a new air quality improvement project.  1 

The maintenance of the positive and significant coefficient of the PM2.5 level in Table A6 further confirms 2 

the potentially very marginal role of this channel.  3 

Another way to interpret the contradictory and marginal impact of the PM2.5 level of the day of the survey 4 

on people’s perception of the future risk of pollution is that the people’s perception of the future air quality 5 

may be influenced more heavily by factors other than the current pollution situation, such as personality, 6 

accumulated personal experiences with the past pollution situation, or distrust of the efficiency of the 7 

proposed policy, etc. Such belief can therefore be considered as relatively stable when individuals face a 8 

daily varying air quality situation, which actually implies that the “mistaken belief” hypothesis does not 9 

hold for our data.  10 

7. Psychological mechanisms 11 

In the previous two sections, we provided evidence that people’s WTP is significantly affected by the air 12 

quality of the day of the survey; however, the discussion provided so far cannot be explained by a variety 13 

of other rational mechanisms. We therefore focus in this section on the competition of the hypothesis of 14 

project bias with other psychological mechanisms, including mispredicting adaptation and salience. Our 15 

strategy here is to make sure that even if the other psychological mechanisms jointly affect people’s WTP 16 

formation, the presence of these other mechanisms does not erase the impact of the projection bias.  17 

7.1 Mispredicting adaptation and the effect of novelty 18 

Psychologists have documented many anomalies in people’s choices due to the powerful tendency of people 19 

to exaggerate the importance of any aspect of life when they focus on it (Schkade and Kahneman, 1998; 20 

Gilbert and Wilson, 2000, etc.) In another words, people have often adapted to past events surprisingly 21 

better than they had expected (Kahneman and Thaler, 2006). If this psychological mechanism works, the 22 

influence of the current day’s PM2.5 concentration level on people’s WTP that we observed through our 23 

data may either be reinforced when the previous days’ PM2.5 level was very low or attenuated when the 24 

previous days’ PM2.5 level was very high and therefore cannot be totally attributed to the absolute pollution 25 

level on the day of the survey. In other word, the reaction of respondents to the current air pollution situation 26 

may only be caused by the part of the evaluation that surprised them since “withdrawal of attention is the 27 

main mechanism of adaptation to life changes… Attention is normally associated with novelty” (Kahenman 28 

and Thaler, 2006, P.230).  29 

To test this effect of adaptation and to understand how it affects the role of the PM2.5 level in the WTP 30 

determination of the day of the survey, we enlarge the benchmark model to include in our estimates the   31 
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Table 6. Projection bias vs. effect of adaptation  
1 days 2 days 3 days 4 days 5 days 6 days 7 days 14 days 

(week 

average) 

21 days 

(week 

average) 

28 days 

(week 

average) 

PM25_100 0.363*** 0.395*** 0.395*** 0.413*** 0.433*** 0.424*** 0.416*** 0.535*** 0.439*** 0.647***  
(0.118) (0.120) (0.119) (0.120) (0.122) (0.124) (0.124) (0.143) (0.152) (0.173) 

Average PM2.5 of last -0.061 -0.193* -0.234* -0.321** -0.394** -0.378* -0.371*    

(0.092) (0.117) (0.140) (0.158) (0.177) (0.198) (0.210)    

Average PM2.5 of last 1-7 days 
       

-0.629** -0.947*** -0.724**        
(0.272) (0.300) (0.318) 

Average PM2.5 of last 8-14 days        0.422 0.343 0.236 

        (0.278) (0.280) (0.301) 

Average PM2.5 of last 15-21 days 
        

0.740*** 0.271         
(0.268) (0.291) 

Average PM2.5 of last 22-28 days 
         

0.433          
(0.301) 

Ln(Bid) -0.261*** -0.261*** -0.261*** -0.260*** -0.260*** -0.260*** -0.259*** -0.258*** -0.257*** -0.256***  
(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.009) (0.009) (0.009) 

age -0.004 -0.004 -0.004 -0.004 -0.004* -0.004* -0.005* -0.005** -0.006** -0.005*  
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.003) (0.003) (0.003) 

mariage -0.114*** -0.115*** -0.115*** -0.116*** -0.112*** -0.112*** -0.109*** -0.117*** -0.119*** -0.120*** 

 (0.040) (0.040) (0.040) (0.040) (0.040) (0.041) (0.041) (0.042) (0.042) (0.043) 

male 0.002 0.002 0.003 0.003 0.004 0.003 0.004 -0.001 -0.005 -0.015 

 (0.031) (0.031) (0.031) (0.031) (0.032) (0.032) (0.032) (0.033) (0.033) (0.034) 

Years of education -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 0.001 0.001 -0.000 

 (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

Ln(Per capita income) 0.059*** 0.058*** 0.058*** 0.057*** 0.058*** 0.058*** 0.058*** 0.057*** 0.057*** 0.063*** 

 (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.019) (0.019) (0.019) 

Constant -0.949 -1.242 -1.352 -1.183 -1.028 -0.851 -0.694 -0.220 -0.805 -0.980  
(0.958) (0.972) (0.992) (0.953) (0.948) (0.945) (0.954) (0.918) (0.937) (0.944) 

Wave fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

N 7673 7664 7664 7664 7612 7577 7563 7142 7127 6727 

R2 0.1228 0.1230 0.1230 0.1231 0.1229 0.1229 0.1228 0.1229 0.1255 0.1253 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent variable Yi,w=1 if the respondent accepted the bid price, and 

Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, storm, average visibility, average temperature, temperature square, average precipitation and average relative humidity. 
PM2.5 varies between waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01. 
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Table 7. Effect of Novelty vs. Effect of Adaptation 1  
N=1 N=2 N=3 N=4 N=5 N=6 N=7 

Difference of PM2.5 from the 

average PM2.5 of last N days 

0.363*** 0.395*** 0.395*** 0.413*** 0.433*** 0.424*** 0.416*** 

(0.118) (0.120) (0.119) (0.120) (0.122) (0.124) (0.124) 

Average PM2.5 of last N days 0.302** 0.202 0.161 0.091 0.040 0.046 0.045 
 

(0.140) (0.149) (0.165) (0.175) (0.184) (0.198) (0.208) 

ln(Bid) -0.261*** -0.261*** -0.261*** -0.260*** -0.260*** -0.260*** -0.259*** 
 

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 

age -0.004 -0.004 -0.004 -0.004 -0.004* -0.004* -0.005* 
 

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.003) 

mariage -0.114*** -0.115*** -0.115*** -0.116*** -0.112*** -0.112*** -0.109*** 
 

(0.040) (0.040) (0.040) (0.040) (0.040) (0.041) (0.041) 

male 0.002 0.002 0.003 0.003 0.004 0.003 0.004 
 

(0.031) (0.031) (0.031) (0.031) (0.032) (0.032) (0.032) 

Years of education -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 
 

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

Ln(per capita income) 0.059*** 0.058*** 0.058*** 0.057*** 0.058*** 0.058*** 0.058*** 
 

(0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) 

_cons -0.949 -1.242 -1.352 -1.183 -1.028 -0.851 -0.694 
 

(0.958) (0.972) (0.992) (0.953) (0.948) (0.945) (0.954) 

Wave fixed effect Yes Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes Yes 

N 7673 7664 7664 7664 7612 7577 7563 

R2 0.1228 0.1230 0.1230 0.1231 0.1229 0.1229 0.1228 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent 2 
variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, 3 
storm, average visibility, average temperature, temperature square, average precipitation and average relative humidity. PM2.5 varies between 4 
waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01. 5 

 6 
 7 

average PM2.5 concentration of the last N days, where N=1, 2,…7 until reaching 28 days. The results are 8 

reported in Table 6. As we expected, a higher average level of emission in the past 3 to 7 days does generate 9 

an adaptation effect that leads to a significantly lower level of WTP. This adaptation effect, however, does 10 

not attenuate the significance of the coefficients of the current day’s PM2.5 level. Moreover, identifying 11 

the adaptation effect actually results in a higher value for the coefficients of PM2.5.  12 

The same question can be analyzed in another way. In Table 7, in our estimates, we replace the current 13 

day’s PM2.5 level by its difference from the average PM2.5 level of the last N days. In this way, we can 14 

compare explicitly whether it is the adaptation to past pollution (the average PM2.5 of last N days) or to 15 

the novelty part of the current day’s pollution that more heavily affects people’s WTP. Insignificant 16 

coefficients are observed for the past average pollution (except that of the last one day), while the novel 17 

part of the pollution evaluation that happened during the day of the survey still reports positive and 18 

significant coefficients. We therefore confirm once more the significant role of the current day’s pollution 19 

on people’s WTP.  20 

 21 
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7.2 Salience of product attributes 1 

In the context of our survey, salience refers to the situation in which the respondents’ attention is 2 

systematically directed toward certain features/attributes of the project and in which those features will 3 

receive a disproportionate weight in the respondents’ decision. (Bordalo et al. 2012; Busse et al. 2015) The 4 

air quality improvement project proposed in our CV survey contains only two attributes: one is the bid price, 5 

and the other is the air quality improvement. It is relatively easy to accept the idea that the people’s 6 

perception about money stays relatively stable in different economic and environmental circumstances and 7 

during different periods. It is thus more possible for salience to affect people’s attention with respect to the 8 

air quality. Based on the definition of salience, we have the following hypothesis:  9 

The pollution level of the day of the survey disproportionally affects people’s attention to the feature of the 10 

project, i.e., the promised pollution improvement level.  11 

1. When the PM2.5 level on the day of survey is high, the respondents’ attention is attracted to the 12 
negative impact of pollution; this attention therefore encourages the respondents to accept the 13 
project more than proportionally, thus leading to a  higher WTP. 14 

2. When the PM2.5 level on the day of the survey is very low, the respondents’ attention is attracted 15 
to the beneficial aspects of better air quality; this attention therefore also encourages the 16 
respondents to accept the project more than proportionally, thus leading to a  higher WTP. 17 

Bordalo et al. (2013) also indicate that the salience of an attribute in the proposed project is determined by 18 

how the level of the attribute compares to that a respondent expects to have in his/her “choice set” without 19 

the project. A particular attribute of the project will be salient and therefore weighted more heavily in this 20 

respondent’s decision process only when it differs more from the reference good than other attributes do.  21 

A good example of salience if provided in Hastings and Shapiro (2013), in which the salience of the price 22 

of gasoline was only observed when the gasoline price increased suddenly and therefore beyond the 23 

consumer’s price expectation. Based on these discussions, we can add another point to our hypothesis: 24 

3. The impact of the salience of air quality will only be significant when the air quality is unexpectedly 25 
bad or good.  26 

We use two strategies to test this hypothesis. First, we retake the idea of the novelty effect, but this time, 27 

we interpret the novelty effect into three different categories:  28 

|𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅| ≤ 0.5 × 𝑆𝑡. 𝐷𝑒𝑣. (small novelty effect) 29 

(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ > 0.5 × 𝑆𝑡. 𝐷𝑒𝑣. (large deteriorating novelty effect) 30 

(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) < −0.5 × 𝑆𝑡. 𝐷𝑒𝑣.  (large improving novelty effect) 31 

If the salience effect holds, we should expect the coefficient of the small novelty effect to be insignificant 32 

but both large novel effects (either deteriorating or improving) to contribute to a higher WTP. This should 33 
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signify a positive and significant coefficient for the large deteriorating novel effect, where the (𝑃𝑀2.5,𝑡=0 −1 

𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) > 0,  and should signify a negative and significant coefficient for the large improving 2 

novelty effect, where the (𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) < 0. However, the results reported in Table 8 do not 3 

provide supportive evidence for these hypotheses, as both large novelty effects are attributed with positive 4 

and significant coefficients, signifying an improving novelty effect, where the (𝑃𝑀2.5,𝑡=0 −5 

𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) < 0 leads to a decrease in the WTP, and signifying a deteriorating novelty effect that leads 6 

to an increase in the WTP. These results actually are more consistent with the hypothesis of projection bias, 7 

but reflected this time with an asymmetry between the deteriorating and improving trends. More precisely, 8 

the reaction of the WTP to the novelty effect is found to be more sensitive when facing a deteriorating trend, 9 

which means that people adjust their WTP upwards more quickly when facing a deterioration trend, that 10 

is, (𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) > 0.5𝑆𝐷 , than they adjust their WTP downwards when facing an 11 

improvement situation, that is, (𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅) < −0.5𝑆𝐷.  12 

Table 8. Adjusted novelty effects to salience hypothesis 13  
N=1 N=2 N=3 N=4 N=5 N=6 N=7 

|𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ | ≤ 0.5𝑆𝐷 0.698** 0.315 0.165 0.225 0.273 -0.076 0.280 

 
(0.355) (0.196) (0.167) (0.167) (0.171) (0.180) (0.173) 

(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ > 0.5𝑆𝐷 0.387** 0.609*** 0.801*** 0.948*** 1.023*** 0.656*** 1.021*** 
 

(0.182) (0.183) (0.181) (0.196) (0.205) (0.230) (0.212) 

(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..𝑁)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ < −0.5𝑆𝐷 0.324* 0.289** 0.275** 0.332** 0.377*** 0.365*** 0.374*** 
 

(0.166) (0.145) (0.137) (0.130) (0.129) (0.140) (0.129) 

Average PM2.5 of last N days 0.296** 0.248 0.226 0.101 0.040 0.022 0.023 
 

(0.141) (0.152) (0.167) (0.175) (0.185) (0.202) (0.209) 

ln(Bid) -0.261*** -0.261*** -0.262*** -0.262*** -0.262*** -0.261*** -0.261*** 
 

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 

age -0.004 -0.004 -0.004 -0.004 -0.004* -0.004 -0.005* 
 

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.003) 

mariage -0.115*** -0.115*** -0.114*** -0.115*** -0.111*** -0.111*** -0.108*** 
 

(0.040) (0.040) (0.040) (0.040) (0.041) (0.041) (0.041) 

male 0.002 0.003 0.003 0.003 0.004 0.004 0.004 
 

(0.031) (0.031) (0.031) (0.031) (0.032) (0.032) (0.032) 

Years of education -0.002 -0.002 -0.002 -0.002 -0.002 -0.002 -0.001 
 

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

Ln(per capita income) 0.059*** 0.059*** 0.059*** 0.059*** 0.058*** 0.059*** 0.059*** 
 

(0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) 

_cons -0.968 -1.214 -1.190 -0.850 -0.578 -0.980 -0.030 
 

(0.960) (0.974) (0.995) (0.960) (0.957) (1.021) (0.968) 

Wave fixed effect Yes Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes Yes 

N 7673 7664 7664 7664 7612 7577 7563 

R2 0.1229 0.1232 0.1241 0.1245 0.1243 0.1233 0.1241 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent 14 
variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, 15 
storm, average visibility, average temperature, temperature square, average precipitation and average relative humidity. PM2.5 varies between 16 
waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01. 17 
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Table 9. Salience during Nanjing Youth Olympic Games 1 
 Survey dates respects to the 2014 Youth Olympic Games (16-28 August 2014 in Nanjing)  

4 weeks 

before 

3 weeks 

before 

2 weeks 

before 

1 weeks 

before 

The 1st 

week of 

the 2nd 

week 

the 3rd 

week 

1 week 

after 

2 weeks 

after 

3 weeks 

after 

4 weeks 

after 

5 weeks 

after 

|𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ | ≤ 0.5𝑆𝐷 

(small changes) 

0.381** 0.280 0.348** 0.257 0.306* 0.271 0.280 0.294* 0.281 0.319* 0.326* 0.276 

(0.182) (0.173) (0.175) (0.177) (0.181) (0.174) (0.173) (0.173) (0.174) (0.176) (0.173) (0.173) 

(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) < −0.5𝑆𝐷 

(Big air quality improvement) 
1.125*** 1.021*** 1.117*** 1.010*** 1.034*** 0.986*** 1.029*** 1.030*** 1.006*** 1.055*** 1.073*** 1.002*** 

(0.216) (0.212) (0.216) (0.212) (0.216) (0.214) (0.212) (0.212) (0.228) (0.213) (0.213) (0.212) 

( 𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ > 0.5𝑆𝐷 

(Big air quality deterioration) 

0.463*** 0.374*** 0.497*** 0.365*** 0.386*** 0.372*** 0.380*** 0.381*** 0.371*** 0.394*** 0.346*** 0.373*** 

(0.136) (0.129) (0.139) (0.130) (0.132) (0.129) (0.131) (0.129) (0.130) (0.130) (0.130) (0.129) 

WYG* |𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ | ≤

0.5𝑆𝐷 (Week to YG*small changes) 

-0.837 . . 0.410 -1.075 -4.117 1.762 -4.496 -2.684 -0.936 0.520 . 

(0.988) . . (0.666) (0.869) (5.327) (1.799) (3.501) (4.264) (0.853) (2.470) . 

WYG *( 𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ <
−0.5𝑆𝐷 (Week to YG *big improvement) 

-3.956** . -1.043 . 5.120 3.707 -13.830 -4.489 -0.000 -3.082 -6.563 4.574 

(1.781) . (5.322) . (4.740) (3.601) (9.846) (4.170) (0.605) (2.840) (5.421) (4.754) 

WYG *( 𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ >
0.5𝑆𝐷 (Week to YG *big deterioration) 

. . -0.782 0.427 -2.144 . . . . . . 0.750 

. . (1.022) (0.926) (2.065) . . . . . . (1.174) 

Average PM2.5 of last 7 days 0.047 0.023 0.023 0.041 0.015 0.030 0.032 0.025 -0.006 0.018 0.006 0.008  
(0.210) (0.209) (0.210) (0.211) (0.209) (0.209) (0.209) (0.210) (0.213) (0.210) (0.209) (0.210) 

ln(Bid) -
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.261*** 

-
0.262*** 

-
0.261***  

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 

age -0.005* -0.005* -0.005* -0.005* -0.005* -0.005* -0.005* -0.005* -0.005* -0.005* -0.005* -0.005*  
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) 

mariage -
0.107*** 

-
0.108*** 

-
0.110*** 

-
0.109*** 

-
0.108*** 

-
0.108*** 

-
0.109*** 

-
0.108*** 

-
0.108*** 

-
0.108*** 

-
0.108*** 

-
0.108***  

(0.041) (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) (0.041) 

male 0.004 0.004 0.005 0.004 0.004 0.004 0.006 0.006 0.005 0.005 0.006 0.005  
(0.032) (0.032) (0.032) (0.032) (0.032) (0.032) (0.032) (0.032) (0.032) (0.032) (0.032) (0.032) 

Years of education -0.001 -0.001 -0.002 -0.002 -0.002 -0.001 -0.001 -0.001 -0.001 -0.002 -0.001 -0.001  
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) 

Ln(per capita income) 0.059*** 0.059*** 0.060*** 0.059*** 0.059*** 0.058*** 0.059*** 0.059*** 0.058*** 0.058*** 0.059*** 0.059***  
(0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) (0.018) 

_cons -0.129 -0.030 -0.241 0.027 -0.131 0.037 -0.041 -0.085 0.046 -0.079 0.502 0.063  
(0.973) (0.968) (1.183) (0.971) (1.043) (0.969) (0.969) (1.001) (0.973) (0.970) (0.987) (0.974) 

N 7563 7563 7563 7563 7563 7563 7563 7563 7563 7563 7563 7563 

r2             

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent variable Yi,w=1 if the respondent accepted the bid price, and 2 
Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, storm, average visibility, average temperature, temperature square, average precipitation and average relative humidity. 3 
PM2.5 varies between waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01. Fixed effect included: wave, month, day of week. 4 
Weather control yes. 5 
  6 
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The above results may still be discussable due to the discretionary choice of the width of the threshold for an 

“unexpected” variation in the PM2.5 level.11 During the period of the survey, Nanjing city held the second 

Youth Olympic Games during August 16th to August 28th. Similar to what happened during the Beijing 2008 

Beijing Olympic Games and the Guangzhou 2010 Asian Games, the Nanjing government adapted a number of 

radical command and control measures to ensure short-term air quality improvement and the realization of the 

“Youth Game Blue” targets, which signified a relatively stable and low PM2.5 concentration (<50 g) during 

almost the whole month of August 2014 (cf. the Figure 1). Given that such an artificially realized large number 

of continuous “Blue Sky” days was unprecedented in Nanjing, we believe comparing the novelty effect realized 

during this period with that of the other periods should be another relevant way to test the salience hypothesis.  

We identify the nine waves of the survey that were administered before, during and after the Youth Olympic 

Games, covering the period from July 5th to  September 28th, during which the questionnaires were administered 

weekly. To isolate the potential resilience effect brought by the Youth Olympic Game’s blue-sky phenomenon, 

we added into the estimations the cross-terms of the weekly dummy that identify the date of the survey with 

respect to the Youth Games (from 4 weeks before until 5 weeks after, with three weeks during the games in 

between). These cross-terms between the novelty effect and the weekly dummy allow us to capture any 

correction (significant or not) that the unexpected air quality improvement effort made for the Youth Games 

could have exerted on the general novelty effect represented by the three simple novelty effect terms. The results 

of these new estimations are reported in Table 9. 

As we initially expected, during this period, Nanjing did benefit more often from the air quality improvement, 

which can be captured by the very often missing observations of WYG *(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ > 0.5𝑆𝐷. 

Moreover, the estimations also often provide more negative coefficients than those that were expected for the 

cross-terms WYG *(𝑃𝑀2.5,𝑡=0 − 𝑃𝑀2.5,𝑡=1,2,..7)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ < −0.5𝑆𝐷, which can be considered as correction terms to the 

general novelty effect. The estimations signify that a large improvement of air quality during the weeks around 

the Youth Games could have led to a higher WTP, which corresponds to the prediction of the hypothesis of 

resilience. However, in most of the weeks, these negative coefficients stay statistically insignificant, except for 

the estimation identifying the week of July 5, 2014, which was four weeks before the Games. At the same time, 

the results illustrated very stable estimations for the three terms capturing the general novelty effect. Therefore, 

even if the salience may exert a certain impact, the novelty effect directly associated with the air quality 

condition of the day of survey still dominates the WTP determination.  

8. Robustness checks 

                                                           
11 Although we tried other thresholds, such as 0.25SD and 1SD, both provided similar results as in Table 10. 
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In the above sections, we used the daily average PM2.5 indicator as the measurement of air quality. The air 

quality measurement from this indicator, which is actually somewhat representative of a retrospective 

observation of the general level of air quality, may be different from that perceived by respondents who may 

base their air quality consideration on that existing at the moment of the survey. We therefore want to test 

whether compared to the simultaneous vision, the retrospective vision will create a large difference in terms of 

our results.  

8.1 Daily vs. hourly PM2.5 

A first robustness check is to redefine the current average PM2.5 level. During a survey day, respondents were 

interviewed at different times in the day. For the people interviewed in the morning, it is not very reasonable to 

expect that their answers would be affected by the PM2.5 situation in the afternoon of the day of the survey. 

However, our daily average PM2.5 level is calculated from the simple mean of the 24 hours’ PM2.5 values 

reported during the day of the survey, in which both the morning and evening PM2.5 values contribute to the 

formation of daily PM2.5 average.  

Another problem associated with the use of a daily average PM2.5 concentration is that the PM2.5 value could 

change very quickly during a day. This is what we observe from Figure A2 in the annex. This figure provides a 

comparison between the daily mean PM2.5 level and the daily standard deviation of the PM2.5, both calculated 

from the hourly reported PM2.5 concentration data. With the median value of the daily average PM2.5 level of 

approximately 50 µg/m3, the variation of the hourly PM2.5 index can go up to approximately 5-80 µg/m3 (at 

95%) and in some extreme cases, the variation in a single day can be 180 µg/m3.  

These two points reveal the necessity to re-verify the validity of our results with more precise PM2.5 data by, 

for example, using the air quality data monitored at the hour at which the survey was conducted. These results 

are reported in the third column of Table A7. As we can see, using hour-level data provides very similar results 

with respect to that using the daily average PM2.5 concentration indicators (cf. the columns 1). Further, 

controlling for the specific fixed effect of the hour of the survey does not modify the results (the column 2).  

Comparing the obtained coefficients, we can see the statistical significance of our results does not change, 

except that using more precise hourly level PM2.5 leads to a lower magnitude coefficient, which still remains 

positive. 

However, using the hour-level current PM2.5 concentration indicator may not always be relevant since the 

mechanism of our body may react to the air quality within a certain short time lag in an accumulative mode in 

which the perceived “current situation” of pollution may still enjoy an accumulation effect of several hours. In 

such a situation, only focusing on the PM2.5 situation at the hour of the survey may also risk a partial under-

estimation of how the PM2.5 concentration affects people’s WTP for the new air quality improvement project. 
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Moreover, at some period of one day, such as during the evening, a person may feel less of an air pollution 

presence due to lack of light in which to discern air visibility (Huang et al. forthcoming). Following this logic, 

we try to re-define the daily average PM2.5 level by the average of the last 24-hour/12-hour time window 

preceding the hour at which the survey was conducted. The results are reported in the columns 4 and 5 of Table 

A7. An interesting finding is that only the 12-hour window average PM2.5 level stays significantly positive. 

One reason to explain the significant coefficient associated with the 12-hour window average PM2.5 level is 

that 94.5% of the respondents were interviewed after 10 am; therefore, using the last 12-hour window actually 

better covers the survey day’s day-time air quality situation. This is however not the case for the 5.5% of 

respondents’ interviewed early in the morning before 10am. We therefore further split our sample into two sub-

samples: those interviewed before 10 am and those interviewed after 10 am. For the small sub-sample of early 

birds, we found that as we expected, the last 12-hour window PM2.5 average comes out to be insignificant; in 

contrast, it is the last 24-hour window average PM2.5 level and the average PM2.5 level of the 12-hour window 

of the last day-time period that stay positive and significant. Conversely, for the 94.5% of respondents 

interviewed after 10 am, their WTP is found to be significantly and positively related to only the last 12-hour 

window average PM2.5 level. Therefore, once more, the WTP answer is found to be significantly affected by 

the PM2.5 level of the day (including the last 12- or 24-hour situation) perceived by the respondents. 

8.2. PM2.5 vs. AQI 

We mentioned at the beginning of the paper that we decided to focus on PM2.5 as the mean air quality pollution 

measurement. However, some previous studies, such as Chang et al. (2018), have chosen to use the AQI as the 

air quality measurement. We have already discussed the potential strong linear correlation between PM2.5 and 

AQI and the divergence at the extreme heads between their distributions. In this section, we re-conduct our 

benchmark estimations with the AQI. The related results are reported in Table A8. As we can see, using the 

AQI provides similar positive coefficients as using the PM2.5 level does, except that most of the results stay 

statistically insignificant (approximately 15-20%). This less significant positive impact of AQI on the 

probability to accept the new project also suggests a smaller increase of WTP,  which varies approximately 

0.5%, due to one unit’s increase of AQI,.  

8.3 Maximal PM2.5 during the day of the survey 

Using the daily average PM2.5 level as the measurement of air quality at the moment of the survey may also be 

criticized in another way since some authors believe the impact of air quality on people’s utility may be more 

explicitly exerted via the so called “peak/end rule”, which means the subjects’ retrospective evaluations of both 

pleasant and unpleasant experiences were well-explained with substantial accuracy by the average of the quality 

of the experience at its most extreme moment and at its end (Kahneman, et al.,1993; Kahneman and Thaler, 

2006). We therefore redefine the PM2.5 level as the extreme peak value of the day of the survey and as that 
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reading of the last 24-/12- hour window. The related results are reported in Table A9. As we can see, once more, 

the results stay relatively stable; using the maximal PM2.5 level of the day of the survey provides positive and 

significant results at 5%. Using the maximal PM2.5 level for the last 24-hour/12-hour window also reports a 

positive coefficient for the air quality variable but only that with the maximal PM2.5 level of the last 12-hour 

window stays significant at (10%). Therefore, once more, we cannot reject the hypothesis that the current air 

quality situation affects people’s probability to accept the new air quality improvement project.  

9. Conclusions and discussions 

Based on high frequency repeated CV surveys in Nanjing city on the people’s preference for a new air quality 

improvement project, our study shows that the respondents’ mean WTP for better air quality is significantly 

influenced by the air quality of the day of survey. More precisely, our results shows that an increase of 1 g/m3 

of PM2.5 concentration can increase the probability for one to accept the project by 0.369%, which is equal to 

an increase in the mean WTP by 1.4%. Given the PM2.5 concentration in Nanjing’s variation during the period 

of our survey was from 15-203 µg/m3, with a mean at 73 µg/m3, we may expect the range of the variation in the 

WTP value due to the air pollution situation can be approximately 19.8% to 282%; therefore, “when” to conduct 

the survey can make a very large difference in the results, due to the large volatility in the air pollution indicator.  

We try to explain these results by some reasonable channels, such as sample bias, information contents, learning 

effect, inattention and mistaken belief, which are all capable of association with a higher WTP for a worsening 

current air pollution situation. None of these channels were found to be valid. Our investigation of other potential 

psychological channels, such as mispredicting, the novelty effect and salience, could also not completely explain 

our findings. We therefore believe our results to be mainly caused by the projection bias; this hypothesis 

assumes that people are unduly influenced by the state that he/she is in at the time of making decision that only 

affects their future utility.  

Most of the previous studies detecting the existence of the projection bias used real consumption data. This is 

the first study based on stated preference data. Detecting the influence of projection bias in CVM studies should 

not be considered as surprising since many of the hypothetical scenarios used in CVM studies invite people to 

make trade-offs between payment of some amount of money and the reception of a hypothetical public good in 

a moment in the future. Such scenarios, staying hypothetical, are similar to the real context in which consumers 

make decisions with long-term implications, such as purchasing durable goods, pre-ordering outdoor cinema 

tickets or pre-ordering winter coats. The similarities in the pattern of bias in decisions made by respondents in 

a CVM survey with respect to what is observed from real consumption data show that the projection bias is not 

specific to real consumption decision-making. To a certain extent, the existence of such bias in CVM studies 

may even be considered as evidence that respondents in CVM studies do follow at least partially the reasoning 
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procedure similar to that followed by consumers in a real purchase case. We believe this is particularly probable 

since more recent literature (Carson and Groves, 2007, Vossler et al. 2003) believe that the binary referendum 

CV question that we used in this survey can provide good predictions of actual referendum votes.  

From a methodological perspective, our study is the first study looking at the CVM method’s temporal reliability 

with surveys administered in very high frequency (every two weeks). The significantly positive coefficient 

found between the mean WTP and the PM2.5 concentration index of the day of the survey show that “when” to 

conduct the survey actually matters. This message differs from the supportive conclusion obtained by the 

previous studies for the temporal reliability of the WTP, which in general believe such risk to be more relevant 

for the studies carried out in a very long time interval (more than several years). Certainly, the reading of our 

message should be accompanied with careful consideration of the evaluated good. Most previous studies 

conducting the temporal reliability test were based on goods whose business as usual condition or whose initial 

quality stays relatively stable over time, such as wildlife, water levels, health impacts of pollution, fly control, 

national forests, touristic sites, etc. Instead, the finding of the temporal “unreliability” in our study may be 

considered as specificity for the environmental problems, such as air quality, whose volatility is generally high.  

Another issue related to our results is the potential impact of the hypothetical bias on our general conclusion. 

Based on hypothetical scenarios, CV studies are found to suffer from a substantial hypothetical bias, with a ratio 

of the hypothetical to the actual WTP of approximately 1.35 to 3 (List and Gallet, 2001; Little and Berrens, 

2004; Murphy et al., 2005). However, our approach in this paper is to compare the variation in the mean WTP 

caused by the variations of the PM2.5 concentration between different waves of surveys, during which the 

impact of the hypothetical bias exists in a general way. Nevertheless, we are not certain that this impact will be 

stable between different waves, more precisely, one question remains: how the variation in the PM2.5 

concentration affects people’s perception of the consequentiality (Carson and Groves, 2007), particularly their 

perception of the provision consequentiality (Herriges et al. 2010), that is, the probability for the realization of 

the air quality improvement project. If, as suggested, a higher provision probability attenuates the hypothetical 

bias and leads to a higher WTP estimation (Herriges et al. 2010, Mitani and Flores, 2014). We may expect the 

variationin air pollution during the day of the survey leads to changes in people’s perception of policy 

probability, which motivates the variation in WTP. In this way, the finding of the positive correlation between 

the PM2.5 concentration and WTP can be considered to be final results that can be either reinforced (if worse 

pollution situation increases provision probability) or mitigated (if worse pollution situation reduces provision 

probability) to a certain degree, by the hypothetical bias. In such case, the comparison between the impact of 

the hypothetical bias and that of the projection bias will be necessary. If the “knife-edge” evidence holds, which 

implies that “as long as the respondent believes that their answers will be consequential with any probability, 
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their dominant strategy will be to answer truthfully” (Herriges et al. 2010, p. 68), then we may expect our results 

to not suffer much from the existence of the hypothetical bias.  

  



33 
 
 

Reference 

Arrow, K., Solow, R., Portney, P. R., Leamer, E. E., Radner, R., & Schuman, H. (1993). Report of the NOAA Panel on 

Contingent Valuation. http://www.economia.unimib.it/DATA/moduli/7_6067/materiale/noaa report.pdf 

Boman, M., L. Mattsson, G. Ericsson and B. Kristom (2011). Moose hunting values in Sweden now and two decades ago: 

The Swedish hunters revisted. Environmental and Resource Economics, 50: 515-530. 

Bordalo, P., N. Gennaioli and A. Shleifer (2012). Salience theory of choice under risk, Quarterly Journal of Economics, 

127: 1243-1285. 

Brouwer, R. (2006). Do stated preference methods stand the test of rime? A test of the stability of contingent values and 

models for health risks when facing an extreme event. Ecological Economics, 60: 399-406. 

Brouwer, R. and I. J. Bateman (2005). Temporal stability and transferability of models of willingness to pay for flood 

control and wetland conservation. Water Resource Research, 41. doi:10.1029/2004WR003466. 

Buchheim, L. and T. Kolaska (forthcoming). Weather and the Psychology of Purchasing Outdoor-Movie Tickets, 

forthcoming at Management Science.  

Busse, M. R., D. G. Pope, J. C. Pope and J. Silva-Risso (2015). The psychological effect of weather on car purchases. The 

Quarterly Journal of Economics. 2015:371-414. 

Cameron, J. I. (1997). Applying socio-ecological economics: a case study of contingent valuation and integrated catchment 

management. Ecological Economics, 23: 155-165. 

Carson, R. T., & Groves, T. (2007). Incentive and informational properties of preference questions. Environmental and 

resource economics, 37(1), 181-210. 

Carson, R. T., W. M. Hanemann, R. J. Kopp, J. A. Krosnick, R.C. Mitchell, S. Resser, P.A. Rudd, V. K. Smith, M. Conaway 

and K. Martin (1997). Temporal reliability of estimate from contingent valuation. Land Economics, 3: 151-163. 

Chang, T. U., W. Huang and Y. Wang (forthcoming). Something in the Air: Projection Bias and the Demand for Health 

Insurance, Accepted at Review of Economic Studies. 

Conlin, M., T. O’Donoghue and T. J. Vogelsang (2007). Projection bias in catalog orders. The American Economic Review, 

97(4): 1217-1249. 

Czajkowski, M. A. Bartczak, W. Budziński and M. Giergiczny (2014) Within- and between- sample tests of preference 

stability and willingness to pay for forest management. No 2014-24, Working Papers from Faculty of Economic 

Sciences, University of Warsaw 

Ghanem. D. and J. Zhang (2014). “Effortless Perfection:” Do Chinese cities manipulate air pollution data? Journal of 

Environmental Economics and Management, 68: 203-225. 

Hastings, J. and J. Shapiro (2013). Fungibility and consumer choice: evidence from commodity price shocks. Quarterly 

Journal of Economics, 128: 1449-1498. 

Herriges, J., Kling, C., Liu, C. C., & Tobias, J. (2010). What are the Consequences of Consequentiality? Journal of 

Environmental Economics and Management, 59(1), 67-81. 

Huang, D. H. Andersson and S. Zhang (forthcoming). Willingness to pay to reduce health risks related to air quality: 

Evidence from a choice experiment survey in Beijing, forthcoming in Journal of Environmental Planning and 

Management. 

Kahneman, D, B. Fredrickson, C. M. Schreiber and D Redelmeir (1993). When More Pain is Preferred to Less: Adding a 

Better End. Psychological Science. 4:6, pp. 401-05.  

Kahneman, D. and R. H. Thaler (2006). Anomalies: utility maximization and experienced utility, Journal of Economics 

Prospective, 20(1): 221-234. 

Kealy, M. J., M. Mongomery and J. F. Dovidio (1990). Reliability and predictive validity of contingent values: Does the 

nature of the good matter. Journal of Environmental Economics and Management, 19: 244-263. 

Lew, D. K. and K. Wallmo (2017). Temporal stability of stated preferences for endangered species protection from choice 

experiments. Ecological Economics, 131: 87-97. 

http://www.economia.unimib.it/DATA/moduli/7_6067/materiale/noaa%20report.pdf


34 
 
 

List, J. A. and C. A. Gallet (2001). What experimental protocol influence disparities between actual and hypothetical stated 

values? Environmental and Resource Economics, 20: 241-254. 

Little, J. and R. Berrens (2004). Explaining disparities between actual and hypothetical stated values: further investigation 

using meta-analysis. Economics Bulletin, 3(6): 1-13. 

Loewenstein, G., T. O’Donoghue and M. Rabin (2003). Projection bias in predicting future utility. The Quarterly Journal 

of Economics, 118(4): 1209-1248. 

Loomis, J. B. (1989). Test-retest reliability of contingent valuation method: comparison of general population and visitor 

response. American Journal of Agricultural Economics, 71: 76-84. 

McConnell, K. E., I. E. Strand and S. Valdes (1998). Testing temporal reliability and carry-over effect: the role of correlated 

responses in test-retest reliability studies. Environmental and Resource Economics, 12: 357-374. 

Mitani, Y., & Flores, N. E. (2014). Hypothetical bias reconsidered: Payment and provision uncertainties in a threshold 

provision mechanism. Environmental and Resource Economics, 59(3), 433-454. 

Murphy, J. J., Allen, P. G., Stevens, T. H., & Weatherhead, D. (2005). A meta-analysis of hypothetical bias in stated 

preference valuation. Environmental and Resource Economics, 30(3), 313-325. 

Nisbett, R. E. and D. E. Kanouse (1968). Obesity, hunger, and supermarket shopping behavior. Proceedings of annual 

convention of the American Psychological Association, 3: 683-684. 

Price, J., D. Dupont and W. Adamowicz (2017). As time goes by: examination of temporal stability across stated preference 

question formats. Environmental & Resource Economics, 68: 643-662. 

Read, D. and B. Van Leeuwen (1998). Predicting hunger: The effects of appetite and delay on choice. Organizational 

behavior and human decision processes. 76(2): 189-205. 

Relling, S. D., K. J. Boyle, M. L. Philips and M. W. Anderson. (1990). Temporal reliability of contingent values. Land 

Economics, 66(2): 128-134. 

Schreiber, C. A. and D. Kahneman (2000). Determinants of the remermbered utility of aversive sounds. Journal of 

experimental psychology: General, 129(1): 27-42. 

Schwartzstein, J. (2014). Selective attention and learning. Journal of the European Economic Association, 12(6): 1423-

1452. 

Stevens, T.H., T. A. More and R.J. Class (1994). Interpretation and temporal stability of CV bids for wildlife existence: a 

panel study. Land Economics, 70: 355-363. 

Vossler, C. A., J. Kerkvliet, S. Polassky and O. Gainutdinova (2003). Externally validating contingent valuation: an open-

space survey and referendum in Corvallis, Oregon. Journal of Economic Behavior & Organisation. 51: 261-277. 

Whitehead, J. C. and R. Aiken (2007). Temporal reliability of willingness to pay for the National Survey of Fishing, 

Hunting and Wildlife-associated Recreation. Applied Economics, 39(6): 777-786. 

Whitehead, J.C. and T.J. Hoban (1999(. Test for temporal reliability in contingent valuation with time for changes in factors 

affecting demand. Land Economics, 75: 453-465. 

Wilson, T. D. and D. T. Gilbert (2003). Affective forecasting. Advances in experimental social psychology, 35: 345-411.  

  

 

 

  



35 
 
 

 

Annex 1. Discussions about the similarities and differences between AQI and PM2.5 concentration 

 

 

Figure A1. The comparison of the US AQI and China API calculation from PM2.5 concentration   
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Annex 2. AQI calculation details (translated by authors from the environmental protection standard 

HJ633-2012) 

 

Table A1. AQI and the concentration index of related pollutants 
AQI Limite for concentration index of related pollutants (unite: µg/m3) 

SO2 (24h 

average) 

SO2 (1h 

average) 

NO2 (24h 

average) 

NO2 (1h 

average) 

PM10 (24h 

average) 

CO (24h 

average) 

CO (1h 

average) 

O3 (24h 

average) 

O3 (1h 

average) 

PM2.5 (24h 

average) 

0 0 0 0 0 0 0 0 0 0 0 

50 50 150 40 100 50 2 5 160 100 35 

100 150 500 80 200 150 4 10 200 160 75 

150 475 650 180 700 250 14 35 300 215 115 

200 800 800 280 1200 350 24 60 400 265 150 

300 1600 (2) 565 2340 420 36 90 800 800 250 

400 2100 (2) 750 3090 500 48 120 1000 (3) 350 

500 2620 (2) 940 3840 600 60 150 1200 (3) 500 

Notes (1) SO2, NO2 and CO hour average are used to determinate AQI per hour. The daily AQI is calculated with 24h average of the 

concentration indices of the pollutant. The AQI is in general determined by the pollutant with the highest concentration level.  

(2) If the hour average concentration index of SO2 surpasses 800µg/m3, it will not enter into the AQI calculation. Under such 
situation, the SO2 concentration index is reported separately according to its 24h average level. 

(3)  The hour average concentration index of O3 over 800µg/m3 does not enter into the AQI calculation. Under such situation, the 

O3 concentration index is reported separately according to its 1h average level. 

 

 

Table A2. Related information about AQI (translated from the MEP standard HJ633-2012) 
AQI Air quality rank Color 

representation 

Health impacts Protective Measures to take 

0-50 Excellent Green Air quality is satisfactory, there is 

basically no air pollution 

Outdoor activities for all people 

50-100 Good Yellow Air quality is acceptable, but 

certain air pollutant may affect 
extremely sensitive person’s 

health  

Reduced outdoor activities for people 

extremely sensitive to air pollution  

100-150 Light pollution Orange Sensitive persons start to feel 
some symptom; healthy persons 

may feel some irritation.  

Children, elder persons and those who 
suffer from cardiovascular and 

respiratory disease should reduce 

outdoor high intensity exercises.  

150-200 Medium pollution Red Sensitive persons feel strong 

symptom; healthy persons may 

feel symptom on their 
cardiovascular and respiratory 

systems. 

Children, elder persons and those who 

suffer from cardiovascular and 

respiratory disease should avoid long-
time outdoor high intensity exercises. 

General population should reduce 

reasonably their outside activities. 

200-300 Heavy pollution Purple People suffering from 
cardiovascular and respiratory 

diseases feel significantly strong 

symptom; healthy persons 
generally have clear symptom on 

their cardiovascular and 

respiratory systems. 

Children, elder persons and those who 
suffer from cardiovascular and 

respiratory disease should stay indoors.  

General population should reduce 
significantly their outside activities. 

>300 Severe pollution Maroon Healthy population’s endurance 

start to reduce, they feel 

significant symptoms and some 
start to manifest diseases. 

Children, elder persons and those who 

suffer from cardiovascular and 

respiratory disease should stay indoors 
and avoid physical activities.  General 

population should avoid going outdoors. 
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Table A3. Predictive Power of Current PM2.5 and Weather 
 PM2.5 of  days in the future 
 

X=1 X=3 X=7 X=14 X=30 X=45 

PM25 0.194*** -0.012 -0.188*** -0.030 -0.008 0.017  

(0.039) (0.036) (0.036) (0.036) (0.035) (0.033) 
Temperature 1.047* -0.127 -0.433 -1.834*** 0.844 -1.325**  

(0.548) (0.719) (0.674) (0.694) (0.622) (0.642) 

Temperature2 
9.640*** 1.708 2.853 -5.740*** 7.825*** -1.179  

(2.056) (2.502) (2.030) (2.174) (2.333) (2.117) 

Fog -5.220* -10.445*** -2.307 -1.460 1.607 -5.581*  

(2.764) (2.768) (2.536) (3.318) (3.672) (3.361) 

Storm -0.717*** -0.486*** -0.939*** 0.245** -0.220** -0.287***  

(0.098) (0.098) (0.101) (0.096) (0.094) (0.097) 
Humidity -0.332*** 0.084** 0.207*** 0.071 0.193** 0.278***  

(0.038) (0.038) (0.045) (0.057) (0.087) (0.097) 
Percipitation -5.990*** 0.447 -3.031*** 0.011 -0.177 -2.554***  

(0.566) (0.576) (0.543) (0.557) (0.535) (0.610) 
Visibility -0.008 -0.034* -0.012 0.037* -0.041** 0.035*  

(0.016) (0.019) (0.018) (0.020) (0.018) (0.019) 

_cons 148.073*** 135.009*** 195.624*** 93.389*** 88.780*** 100.307***  

(11.385) (12.533) (13.068) (11.144) (10.883) (11.732) 

Wave fixed effect Yes Yes Yes Yes Yes Yes 

District fixed effect Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes 

N 1728 1718 1703 1668 1593 1528 

R2 0.498 0.252 0.246 0.245 0.246 0.229 

Robust OLS estimations whose dependent variable is PM2.5 of future dates. PM2.5 varies between waves, days and the districts 

of the survey. Fixed effect included at district level and season effect is controlled by month dummies. Robust standard errors 

in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01.  
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Table A4. WTP and perceived risk of air quality accidents in the future  
Perceived risk to Nanjing citizens Perceived risk to self 

Risk perception (5=highest, 
1=lowest) 

-0.046** -0.038* 

(0.019) (0.019) 

Ln(Bid) -0.263*** -0.262*** 
 

(0.008) (0.008) 

PM2.5 0.347*** 0.354*** 
 

(0.118) (0.117) 

age -0.004* -0.004 
 

(0.002) (0.002) 

mariage -0.112*** -0.115*** 
 

(0.040) (0.040) 

male -0.002 -0.003 
 

(0.031) (0.031) 

Years of education -0.002 -0.002 
 

(0.005) (0.005) 

Ln(Per capita income) 0.066*** 0.066*** 
 

(0.018) (0.018) 

_cons -0.660 -0.684 
 

(0.943) (0.942) 

Wave fixed effect Yes Yes 

Weather Yes Yes 

Month Fixed effect Yes Yes 

Day of week fix. eff. Yes Yes 

N 7672 7684 

r2 0.1239 0.1236 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the 

table. The dummy dependent variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent 

refused the bid price. Weather control variables include fog, storm, average visibility, average temperature, 
temperature square, average precipitation and average relative humidity. PM2.5 varies between waves, days and 

the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01. 
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Table A5. Formation of the beliefs on future pollution risk 

and current PM2.5 level 
 Ordered Probit (5=highest perception, 1=lowest perception)  

Perceived risk to Nanjing 

citizens 
Perceived risk to self 

PM2.5 -0.456*** -0.313***  
(0.090) (0.091) 

age -0.006*** -0.002  
(0.002) (0.002) 

mariage 0.060* 0.018  
(0.032) (0.033) 

male -0.063** -0.092***  
(0.025) (0.025) 

Years of Education 0.007* 0.012***  
(0.004) (0.004) 

Ln(per capita income) 0.030** 0.007  
(0.015) (0.014) 

Frog -0.018 -0.013  
(0.057) (0.057) 

Storm -0.024 -0.016  
(0.100) (0.098) 

Temperature2 
-0.000 0.000  
(0.001) (0.001) 

Visibility -0.059*** -0.032  
(0.020) (0.020) 

Temperature 0.001 -0.020  
(0.023) (0.024) 

Humidity -0.006 -0.004  
(0.004) (0.004) 

Precipitation 0.002 0.003  
(0.002) (0.002) 

cut1 -3.373*** -3.154***  
(0.739) (0.742) 

cut2 -2.587*** -2.563***  
(0.739) (0.743) 

cut3 -1.732** -1.708**  
(0.739) (0.742) 

cut4 -0.116 -0.195  
(0.739) (0.742) 

Wave fixed effect Yes Yes 

Weather Yes Yes 

Month Fixed effect Yes Yes 

Day of week fix. eff. Yes Yes 

N 7680 7692 

r2 0.0091 0.0078 

Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01 
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Table A6. Intermediate role of unhappiness in  

accepting the WTP question 
Variables Coefficients 

unhappy 0.059*** 
 

(0.014) 

PM25_100 0.371*** 
 

(0.117) 

Ln(Bid) -0.263*** 

 (0.008) 

age -0.003 
 

(0.002) 

mariage -0.113*** 
 

(0.040) 

male 0.006 
 

(0.031) 

Years of Education -0.002 
 

(0.005) 

Ln(per capita income) 0.062*** 
 

(0.018) 

_cons -1.192 
 

(0.940) 

Wave fixed effect Yes 

Weather Yes 

Month Fixed effect Yes 

Day of week fix. eff. Yes 

N 7726 

R2 0.1252 

Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and 

***p<0.01 
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Table A7. Hourly PM2.5 and other definition of daily average PM2.5  
Whole sample Before 10am After 10 am 

PM2.5 definition daily 

average 

PM2.5 

daily 

average 

PM2.5 

hourly level 

PM2.5 

Last 24h-

window 

average 

PM2.5 

Last 12h-

window 

average 

PM2.5 

Last 24h-

window 

average 

PM2.5 

Last 12h-

window 

average 

PM2.5 

Last 12h  

day-time 

window 

average 

PM2.5 

Last 24h 

window 

average 

Last 12h 

window 

average 

PM2.5 0.369*** 0.333*** 0.172*** 0.169 0.210** 1.784** 0.726 1.010* 0.140 0.204** 
 

(0.117) (0.118) (0.061) (0.110) (0.084) (0.707) (0.455) (0.516) (0.114) (0.084) 

Ln(Bid) -0.263*** -0.264*** -0.264*** -0.261*** -0.262*** -0.248*** -0.247*** -0.250*** -0.263*** -0.262*** 
 

(0.008) (0.008) (0.008) (0.008) (0.008) (0.038) (0.037) (0.038) (0.009) (0.008) 

age -0.004 -0.004 -0.004 -0.004* -0.004* -0.022** -0.023** -0.023** -0.003 -0.004 
 

(0.002) (0.002) (0.002) (0.002) (0.002) (0.011) (0.011) (0.011) (0.003) (0.002) 

mariage -0.115*** -0.114*** -0.115*** -0.112*** -0.113*** -0.046 -0.059 -0.053 -0.119*** -0.113*** 
 

(0.040) (0.040) (0.040) (0.041) (0.040) (0.187) (0.186) (0.188) (0.042) (0.041) 

male 0.001 -0.001 -0.001 0.001 0.002 0.039 0.049 0.057 -0.001 -0.002 
 

(0.031) (0.031) (0.031) (0.032) (0.031) (0.142) (0.141) (0.142) (0.032) (0.032) 

Years of Education -0.002 -0.002 -0.002 -0.002 -0.002 0.015 0.016 0.013 -0.003 -0.002 
 

(0.005) (0.005) (0.005) (0.005) (0.005) (0.018) (0.018) (0.018) (0.005) (0.005) 

Ln(Per capita income) 0.064*** 0.058*** 0.056*** 0.053*** 0.055*** 0.031 0.031 0.028 0.053*** 0.054*** 

(0.018) (0.018) (0.018) (0.018) (0.018) (0.083) (0.082) (0.083) (0.019) (0.018) 

_cons -0.888 3.521*** 3.868*** 4.215*** 3.841*** 2.081 1.730 8.150 0.108 -0.141 
 

(0.936) (1.000) (0.966) (0.957) (0.979) (6.360) (6.860) (6.117) (0.953) (0.950) 

Wave fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Weather Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Month Fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Hour fixed effect No Yes Yes Yes Yes Yes Yes Yes Yes Yes 

N 7732 7730 7730 7671 7701 430 430 430 7236 7641 

R2 0.1236 0.1269 0.1270 0.1254 0.1262 0.1944 0.1879 0.1900 0.1258 0.1256 

Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy dependent variable Yi,w=1 if the respondent accepted the bid price, 

and Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, storm, average visibility, average temperature, temperature square, average precipitation and average relative 

humidity. PM2.5 varies between waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** p<0.05 and ***p<0.01  
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Table A8. AQI in benchmark estimation  
(1) (2) (3) (4) (5) (6) 

Ln(Bid) -0.261*** -0.261*** -0.262*** -0.263*** -0.263*** -0.263*** 
 

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) 

AQI 
 

0.110 0.121 0.191** 0.144 0.128 
  

(0.087) (0.087) (0.096) (0.102) (0.105) 

Age 
  

-0.004 -0.004 -0.004 -0.004 
   

(0.002) (0.002) (0.002) (0.002) 

Mariage 
  

-0.116*** -0.115*** -0.115*** -0.115*** 
   

(0.040) (0.040) (0.040) (0.040) 

Male 
  

0.003 0.002 0.001 0.002 
   

(0.031) (0.031) (0.031) (0.031) 

Years of education 
  

-0.002 -0.002 -0.002 -0.002 
   

(0.005) (0.005) (0.005) (0.005) 

Ln(Per capita Income) 
  

0.063*** 0.062*** 0.062*** 0.062*** 
   

(0.018) (0.018) (0.018) (0.018) 

_cons 1.043*** 0.972*** 0.661*** 0.452 0.170 0.005 
 

(0.096) (0.111) (0.196) (0.779) (0.808) (0.884) 

Wave fixed effect Yes Yes Yes Yes Yes Yes 

Weather No No No Yes Yes Yes 

Month Fixed effect No No No No Yes Yes 

Day of week fix. eff. No No No No No Yes 

N 7732 7732 7732 7732 7732 7732 

r2 0.1182 0.1183 0.1219 0.1226 0.1227 0.1228 

Mean WTP 36.75 36.64 37.70 37.74 37.7 37.6 

CI of WTP [31.8 41.9] [31.7 42.0] [31.9 41.9] [31.9 42.3] [31.8 42.2] [31.7 42.1] 

WTP with 1 unit 

 Increase in AQI  

- 36.79 

(0.41%) 

37.87 

(0.45) 

37.98 

(0.64%) 

37.94 

(0.56%) 

37.83 

(0.50%) 

Note: Probit estimations that explain the probability for one individual to accept the WTP question are reported in the table. The dummy 
dependent variable Yi,w=1 if the respondent accepted the bid price, and Yi,w=0 if the respondent refused the bid price. Weather control 

variables include fog, storm, average visibility, average temperature, temperature square, average precipitation and average relative 

humidity. PM2.5 varies between waves, days and the districts of the survey. Robust standard errors in the parentheses. * p<0.10, ** 
p<0.05, *** p<0.01. 
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Table A9. Maximal PM2.5 as measurement of air quality  
Maximal PM2.5 of 

the day of survey 

Maximal PM2.5 of 

last 24H window 

Maximal PM2.5 of 

last 12h window 

Ln(Bid) -0.263*** -0.262*** -0.262*** 
 

(0.008) (0.008) (0.008) 

Maximal PM2.5 0.074** 0.044 0.096* 
 

(0.034) (0.031) (0.054) 

Age -0.004 -0.004* -0.004* 
 

(0.002) (0.002) (0.002) 

Mariage -0.118*** -0.114*** -0.113*** 
 

(0.040) (0.040) (0.040) 

Male 0.001 0.002 0.002 
 

(0.031) (0.031) (0.031) 

Years of education -0.002 -0.002 -0.002 
 

(0.005) (0.005) (0.005) 

Ln(Per capita Income) 0.063*** 0.055*** 0.054*** 
 

(0.018) (0.018) (0.018) 

_cons -0.396 4.316*** 3.999*** 
 

(0.906) (0.961) (0.985) 

Wave fixed effect Yes Yes Yes 

Weather Yes Yes Yes 

Month Fixed effect Yes Yes Yes 

Day of week fix. eff. Yes Yes Yes 

Hour fixed effect No Yes Yes 

N 7732 7701 7701 

R2 0.1231 0.1258 0.1259 

Note: Probit estimations that explain the probability for one individual to accept the WTP question are 

reported in the table. The dummy dependent variable Yi,w=1 if the respondent accepted the bid price, and 

Yi,w=0 if the respondent refused the bid price. Weather control variables include fog, storm, average 
visibility, average temperature, temperature square, average precipitation and average relative humidity. 

PM2.5 varies between waves, days and the districts of the survey. Robust standard errors in the 

parentheses. * p<0.10, ** p<0.05, *** p<0.01. 
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Figure A2. Day level mean and standard deviation of PM2.5 measured hourly 

(the length of the box provided the 95% CI) 
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