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Abstract: The objective of this present study is to use choice experiments and an extensive cost-benefit
analysis (CBA) to investigate the feasibility of installing two advanced water treatments in Cheongju
waterworks in South Korea. The study uses latent class attribute non-attendance models in a choice
experiment setting in order to estimate the benefits of the two water treatments. Moreover, it explores
strategies to mitigate potential hypothetical bias as this has been the strongest criticism brought to
stated preference methods to date. Hypothetical bias is the difference between what people state
in a survey they would be willing to pay and what they would actually pay in a real situation.
The study employs cheap talk with a budget constraint reminder and honesty priming with the latter
showing more evidence of reducing potential hypothetical bias. The lower bound of the median
WTP (willingness to pay) for installing a new advanced water treatment system is approximately
$2 US/month, similar to the average expenditures for bottled water per household in South Korea.
These lower bounds were found using bootstrapping and simulations. The CBA shows that one of
the two treatments, granular activated carbon is more robust to sensitivity analyses, making this the
recommendation of the study.

Keywords: drinking water quality; water pollution; choice experiments; willingness to pay; random
parameter and latent class logit; cost-benefit analysis; hypothetical bias treatments; cheap talk; honesty
priming; attribute non-attendance

JEL Classification: C19; C83; C90; D12; D61; Q25; Q51; Q53

1. Introduction

Water pollution has spread as a result of industrialization across the world. Increased discharge
of untreated sewage, combined with agricultural runoff and inadequately treated wastewater from
industry, have resulted in the severe degradation of water quality worldwide. According to the UN
World Water Development Report [1] over 80% of the world’s wastewater, and over 95% in some less
developed countries, is released to the environment without treatment. This poses a severe threat to
human health, ecosystems and the environment, and ultimately to economic activity and sustainable
economic development worldwide.

The situation is especially worrying in South Korea, a developed country with a historically
polluted water supply. Several accidents of contamination in the water supply including detection of
trihalomethanes in tap water in 1990, phenol in the river in 1991, heavy metal and harmful pesticides
in tap water in 1994, and disease germs in tap water in 1993 and 1997, have made the average Korean
concerned about the safety of their water supply, and very few citizens drink water directly from the
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tap [2]. A 2011 survey reported that only 3.2% of the population in South Korea drank untreated tap
water, down from 4.1% in 2010 [3]. This implies that most Koreans are dissatisfied with the quality of
drinking water and distrust the organizations related to it. Many Koreans complain about unpleasant
experiences of an earthy smell and fishy taste when drinking tap water [2]. At the same time, annual
sales of bottled water increased by 96% between 2009 and 2014, and sales of in-line filters grew by
49% during the same period (Database of the Korean Statistical Information Service). Moreover,
this dramatic increase in sales of bottled water leads to more disposal of water bottles and exacerbates
the negative effects of the perception of undrinkable tap water via increased marine litter.

The present study investigates the feasibility of installing two different advanced water treatment
systems in South Korea’s Guem River Basin for the purpose of providing drinking water (Cheongiu).
The two treatments are granular activated carbon (GAC) and ozone plus GAC treatment. GAC is
usually added to the process of filtration, and ozone treatment is coupled with the system of chlorine
disinfection as an additional method to remove fine particles and to create chemical reactions in the
water. These two systems are seen as an intermediary solution in the short term; however, the present
study also discusses the most appropriate environmental solutions for improving long-term potable
water quality. Benefits are estimated using choice experiments (CE) and a comprehensive cost-benefit
analysis (CBA) is used to test the feasibility of installing the two advanced water treatment systems
under various scenarios. The choice experiment setting uses latent class models and accounts for
attribute non-attendance. Most importantly however, two different methods are used in order to
reduce potential hypothetical bias: cheap talk and honesty priming. This innovation is necessary
as hypothetical bias impedes the reliability of survey results. If people overstate, for example, their
willingness to pay for the project, then basing the political decision purely on stated values would lead
to wrong decisions. Cheap talk is making consumers aware of the fact that people in general tend to
overstate their true WTP (willingness to pay) when related to goods such as organic products. Studies
have shown that if consumers are informed about this overstatement, this will be reduced or completely
eliminated [4,5] even though evidence is mixed. For example, reference [6] found that in three out of
seven studies that used cheap talk, the hypothetical bias was eliminated, in three it was reduced and in
one study it had no effect. In the present setting the cheap talk script included also a budget constraint
reminder which is something that seems to enhance its efficacy. Consumers were reminded that if they
spend more on a product, they have less money left for other goods (for simplicity, this method will
be referred to as “cheap talk”.). This type of setting has proved to be especially efficient. Recently,
reference [7] includes significant evidence that budget/substitute reminders enhance cheap talk (CT)
effectiveness. They also show that this combination of CT with a budget reminder is more effective for
public goods and choice experiments which is also the case in the present study. Reference [7] compares
their results with this treatment to a hypothetical baseline rather than to a “real” willingness to pay.
They call the difference between the results with this treatment (CT and Budget Reminder) and the
hypothetical baseline “Potential Hypothetical Bias” and they show that the treatment is quite effective
in managing to reduce it (by 20%). Even more recently, reference [5] shows that when this setting (CT
with Budget Reminder) is complemented with an honesty priming treatment, the willingness to pay
(WTP) for organic chicken is reduced up to 46% compared to a situation where no treatment is in place.

Honesty priming is a method borrowed from social psychology which asks consumers to complete
10 statements, using missing words. These missing words could be chosen from two options, a correct
(“true”) one (such as “The earth is round”) and a wrong one (such as “The earth is square”). (The exact
wording of both the cheap talk script with budget constraint reminder and honesty priming is given in
Appendix A). By this, the literature has shown that consumers can be induced to answer truthfully
in following choice tasks [8,9]. The main reason for choosing these two methods is the fact that they
have been shown to be successful in some studies despite their simplicity. The implementation of
this study uses three different combinations of these two methods are used as will be described later.
This necessary innovation has not been previously done in the context of water improvement in South
Korea. Averting behavior (a revealed preference technique) has been used to estimate the WTP for
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drinking water safety in Pusan [2], the second largest city in South Korea. The study estimates a WTP
between USD 4.2–6.1 per month to improve the tap water quality from the current pollution level to
the “drinkable without any treatment” level; reference [10] is the first study to use a stated preference
technique to evaluate the WTP for a specific attribute of tap water (safety) in Seoul, the largest
city in South Korea. The study estimates a mean WTP for an automatic monitoring system and
complementary emergency reservoirs of USD 3.28 per month. Reference [11] uses a double bounded
dichotomous choice contingent valuation method (CVM) to estimate the WTP for improved tap water
quality in Busan/South Korea. The authors find an average monthly WTP of USD 3.60 (KRW 5063).
The authors in reference [12] estimate the WTP for good quality tap water in South Korea using CVM
questionnaires, estimating a WTP per household between USD 1.06 and 2.70; reference [13] measures
WTP for tap water quality improvement in Pusan using CVM. The mean WTP was estimated to be
2.2 USD per month. The study that is most closely related to the present research is by reference [14],
which conducts an ex-post CBA of an advanced water treatment system installed in 2009 in An-San
City/South Korea concluding that the investment was valid; however, none of the studies mentioned
above use choice experiments, arguably the most advanced method for eliciting stated preferences up
to date, and none of them use treatments against hypothetical bias, arguably the strongest criticism
brought to stated preference methods up to now [15,16]. Another appropriate method would be a
single dichotomous choice posed as a referendum. The appropriateness of the method is dictated by
the research question and aspects of credibility. However, none of the studies mentioned above use
either a CE or a referendum format. Nevertheless, these studies are useful in determining the attributes
of drinking water that seem to be important (taste, odor, color, softness and safety) and provide a range
of indicative values to assess the validity of the estimates in the present research.

The present results suggest that the carbon treatment (GAC) provides the best outcome. This is
tested against a number of different specifications including risk and uncertainty, rates of returns, and
different construction and business life periods analyzed in an extensive CBA. Policy recommendations
are given in the concluding section together with long-term solutions regarding the prevention of
further water pollution in the target area. No other study has assessed the feasibility of such a
highly necessary project before. Moreover, there is no other study for South Korea combining choice
experiments, arguably the most advanced stated preference method to date, with CBA to achieve a
similar goal. Additionally, confidence intervals are constructed using bootstrapping and simulation
in order to estimate the lower bound of the marginal willingness to pay. Most importantly, however,
this is the only study for South Korea that uses treatments against hypothetical bias and therefore
more accurate results for potential policy decisions are expected. The issue of hypothetical bias (HB)
is not recent and several studies have documented its prevalence even in the early HB correction
literature [16]; however, the recent literature has shown that correcting for hypothetical bias in surveys
is an absolute necessity [5,17]. The present study is the first to provide WTP estimates for drinking
water improvement in South Korea aiming to correct for hypothetical bias.

2. Survey Design and Data Collection

The survey was conducted in July/August 2015 in Cheongju, South Korea by three professional
companies. Focus group and pilot studies preceded the survey following the guidelines of the
National Oceanic and Atmospheric Administration (NOAA) (https://coast.noaa.gov/data/digitalcoast/
pdf/survey-design.pdf). The present project has served as a basis for the implementation of the water
treatments in Cheongju, South Korea which is happening at the moment (2020).

2.1. Choice Experiment Design

Choice sets are developed described by bundles of attribute values associated with drinking
water quality. The basic three alternatives that the consumers faced were the two advanced filtering
systems (GAC and Ozone) and the status quo. Rapid sand filtration waterworks is the main process
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for purifying water in South Korea (74.2% of water processing, [18]), and will be considered as the
status quo option in what follows. It is synonymous to the “no option” alternative in other surveys.

Before designing the choice sets, a set of attributes found in the literature to affect the choice
of drinking water was developed. The list of the four attributes (safety, taste, odor, color and price)
and the levels chosen for the analysis are presented in the Appendix A of the survey) as they were
communicated to the consumer. The attributes were also chosen based on a survey performed by the
Ministry of Environment for South Korea [18] on the main reasons why Korean people are not satisfied
with drinking water quality. Reference [19] remarks that one risk factor (among others) is that chlorine
disinfection is unable to remove trihalomethanes as a high concentration of trihalomethanes is related
to cancer risk. The authors in [19] analyzed the relationship between the three types of treatment
systems and the levels of trihalomethanes and found that status quo (of 0.1 mg/L) is associated with a
cancer risk of 40 people per 10 million, whereas GAC and GAC + Ozone are associated with a risk of
six and one per ten million, respectively. In this analysis, cancer risk is used for depicting the three
levels of the safety attribute. Pollution (particularly in the form of blue–green algae) gives rise to
unpleasant taste and odor in water. The proposed water treatment can influence this, and thus improve
water taste and odor. References [19–21] demonstrate that moving from the status quo to GAC reduces
pollution and increases satisfaction with water from 10% to 90%; moving from GAC to GAC + Ozone
increases satisfaction to 99.9%.

The color of drinking water is linked to the concept of a true color unit (TCU). One TCU corresponds
to the amount of color exhibited under the specified test conditions by a standard solution containing
one milligram of platinum per liter. The current standard for the color of drinking water in South Korea
is five TCU. Reference [10] reports that 7% of people complained about the color of drinking water in
South Korea. Thus, it could be conservatively assumed that 10% of people were likely unsatisfied with
the color of drinking water. It is also reported that GAC can reduce the color of drinking water to less
than four TCU and GAC + Ozone can usually remove the color of drinking water to less than three
TCU. References [22,23] reported that the 3 TCU level of drinking water color is the human detection
limit. Therefore, it is assumed that the GAC + Ozone is linked to a cautious satisfaction level of 99.9%.
In the case of the level of four TCU, it was assumed that 99% of people would be satisfied with the
color because its level is very close to the human detection limit.

There have been no studies measuring the benefit of improving drinking water quality using
choice experiments in South Korea, so there are no indicative prices about the benefits from improved
attributes of drinking water quality; however, there are some contingent valuation studies calculating
the WTP for improvements in drinking water quality mentioned above references [2,12–14]. This study
borrows estimates for the levels of the price attribute from these. Accordingly, this study sets six
levels of additional fees for the monthly water bill: 0 (Status Quo), USD 0.45 (KRW 500), USD 0.89
(KRW 1000), USD 1.79 (KRW 2000), USD 2.68 (KRW 3000) and USD 3.57 (KRW 4000).

In this research, three options (status quo, GAC, GAC + Ozone) and four attributes (safety, taste
and odor, color, and cost) are considered. Three attributes have three levels and cost has six levels.
Therefore, the complete factorial design will be 162 (33

× 61). Obviously, it is impossible to confront the
consumer with all these alternatives; therefore, a subset was chosen using a D-optimal design, the most
prevalent approach for measuring the efficiency of experimental design [24]. The final design consists
of 32 choice sets per product using the main effects design strategy. The questionnaire (Appendix A)
presents 2 examples of a choice card/task implemented into the survey. As is often done in the literature,
this study blocked the experiment into four sets of eight choices for each product such that the pairwise
correlations among attribute levels are balanced, improving the estimation of the variance-covariance
matrix. This study further used a between-subject design such that consumers were randomly assigned
to one of the four treatments. Therefore, the respondents had to perform only 8 randomly chosen
choice tasks in the survey, which is a number typically used [25,26]. Each respondent received a set of
instructions for completing the survey and the choice task together with background information about
the project and a detailed description of the attributes. Two different methods against hypothetical bias
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were employed as will be described below. A rich set of socio-economic characteristics were elicited
together with the choice tasks in the survey and will be described in more detail in the data section.

2.2. Hypothetical Bias

It is often the case that stated preference studies demonstrate significant differences between stated
versus real values. The difference between the two is called hypothetical bias [4,7]. As hypothetical
bias is the strongest criticism brought to stated preferences techniques, the present choice experiment
contains two different methods to reduce hypothetical bias as described in the introduction. The two
methods were implemented using three different treatments: one where both cheap talk and honesty
priming were used together, one where only cheap talk was used and one where only honesty
priming was used. Consumers were randomly assigned to one of four blocks each corresponding to
different treatments: block 1 corresponded to the use of both cheap talk and honesty priming, block 2
corresponded to the use of cheap talk only, block three corresponded to the use of honesty priming
only and block four contained no treatment (for reference).

In total, 573 questionnaires were collected with 68 cases in which the respondents replied
incorrectly to the debriefing question. Debriefing questions asked respondents to choose the pictures
that they cannot see among the ten pictures on the choice cards. If respondents chose pictures that
were on the choice cards, they were deemed to not be concentrating enough on the choice experiment
and were eliminated from the sample. A further 98 cases were excluded because they chose the same
alternatives in the eight choice cards and therefore it is deemed that sufficient attention may not have
been given. Another case was excluded because it was an outlier with respect to the average monthly
water bill: KRW 150,000 compared to the sample average of KRW 11,570. Therefore, 406 responses were
used in the further analysis. This number of observations should be approximatively representative for
the South Korean population. According to reference [27], Equation (1) on page 43 defines the sample
size n = max

m
z2

(
1
m

)(
1− 1

m

)
/d2 where m = nr of categories, (choices) = 3 in this study, d = allowed

sampling error of 0.05, z = upper (α/2m)× 100th percentile of the standard normal distribution can be

found in the tables for α = 0.05 and Φ(z) = 0.99 being equal to 2.3. Therefore, n =
2.32( 1

3 )(1− 1
3 )

0.052 ≈ 470.
The survey consisted of five parts. Part (A) described the hypothetical scenario, the choice

experiment, the attributes and their levels and gave an example of a choice card with explanations
of the options available. Part (B) introduced the hypothetical bias treatments. Part (C) performed
the choice experiment with the 8 choice cards presented to the respondents. Part (D) included three
types of debriefing questions and one scale consisting of seven questions related to attitudes towards
improvement of drinking water quality. The answers were ranked on a Likert type scale from 1
(Strongly Disagree) to 7 (Strongly Agree). The first type of debriefing questions asked the respondents
about which attributes they might have ignored while making their choices. The second type of
debriefing questions asked the respondents to rank the attributes according to their importance.
The third type of debriefing questions aimed at determining the validity of the choices as described
above. A homogeneity test [28] showed that the homogeneity between the 68 respondents that
answered the debriefing questions incorrectly and the rest of the sample could be rejected at 1%
level of significance. Part (E) of the questionnaire included the usual questions about socio-economic
characteristics and also questions regarding alternatives to tap water, monthly water consumption and
water bills. The socio-economic characteristics were used in order to determine the representativeness
of the sample. A list of all socio-economic characteristics can be found in Appendix C.

Demographic information demonstrates that the sample was in line with that of the population
with respect to the proportion of male participants (0.518 compared with 0.515 in the population),
age (40.4 compared with 41.0), household income (4.4 KRW million compared with 4.3) and water
bill (11,820 KRV compared with 11,429); the sample was slightly better educated with an average of
14.7 years of schooling compared with 13.3 in the population. Further, the average family size is 3.46,
which is larger than the average family size of the population, 2.51. The family size of the sample
might cause a bias of underestimation because many empirical studies have reported that family
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size negatively influences the stated willingness to pay [29,30]. This might counteract the potential
overestimation resulting from a better educated sample.

3. Methodology

The present study uses random parameter logit and latent class logit models in order to estimate
the WTP of the respondent and ultimately the benefits of the advanced water treatment systems.
Moreover, it estimates confidence intervals for the lower bound of the WTP using bootstrapping and
simulations. It then performs a cost-benefit analysis in order to assess the relationship of these benefits
to the costs and to determine the feasibility of the project. Rather than discussing these methodological
elements at length, they will be only shortly described here and discussed more together with the
empirical results.

3.1. Random Utility Framework

The response to the choice between the three constructed choice alternatives (labelled as Status
Quo, GAC, and GAC + Ozone) is modelled in a random utility framework using random parameter
logit (RPL). RPL models are performant and are designed to overcome the limitations of a standard
logit model by allowing for random taste variation, unrestricted substitution patterns and correlation
in unobserved factors [31]. RPL achieves this by allowing model parameters as well as constants to
be random, by allowing multiple observations with persistent effects and by allowing a hierarchical
structure for parameters. A simple form of the choice probability for alternative i in the case of RPL
can be described as follows:

Pn,t,ssn(i) =
exp (αn+ssnxnti)∑

j∈CnT
exp(αn+ssnxntj)

(1)

where ssn include both random and non-random parameters specific to individual n and the constant
αn is also allowed to be random (t = 1, . . . , T is the choice situation when the individual is faced
with multiple choice situations), Cn is the choice set for individual n and xnti is a vector of observable
independent variables that includes attributes of the alternatives, and socio-economic characteristics of
the respondent. In order to estimate the coefficients of the RPL, it is necessary to maximize the likelihood
Pn,t,ssn from Equation (1). To estimate the coefficient for representing a sample, a log-likelihood function
is estimated through simulated methods, because (1) does not have a closed form.

3.2. Latent Class Model (LCM)

The latent class model is a semi-parametric extension of the multinomial logit model which allows
the investigation of heterogeneity on a class (segment) level and relaxes the assumptions regarding the
parameter distribution across individuals [32]. This approach has individuals endogenously grouped
into classes of homogenous preferences [33,34] and estimates their probability of membership to their
designated class depending on their socio-economic characteristics [35].

When examining the number of segments, the literature does not indicate a definite approach in
selecting the correct number [28,33]. The standard specification tests used for maximum likelihood
models appear to be inadequate [28] and therefore, other information criteria, such as the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC), are suggested as well as
the judgement of the researcher on the interpretation of the findings [33]. In the present analysis,
the models with the lowest BIC were selected.

3.3. Attribute Non-Attendance (ANA)

Reference [36] discusses that respondents may not always use all attributes when making
their decision in choosing an alternative; some may intentionally or not, be ignored. According to
reference [37] respondents do not use all attributes when making their decision and if this information
is not taken into account the estimate of their willingness to pay could be influenced. In the present
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study the parameters were set to zero if an attribute had a zero coefficient in LCM and therefore, in this
way, this study allows the data to decide on the attributes that are not attended and are not imposing a
specific non-attendance structure on the model ex ante.

One of the main aims of the present study is to quantify the individual’s willingness to pay (WTP)
for each attribute within the choice set. The WTP is calculated as the ratio of each attribute’s coefficient
over the monetary value coefficient [28,38,39] and is interpreted as a change in value associated with
an increase of the attribute by one unit. This measure can then be used in order to estimate the levels of
welfare associated with various products and their attribute combinations in order to decide which one
is most valued by the consumer. In the case of RPL, simulation is used to calculate the ratio between
the attribute coefficients and the price. One simulation method for the WTP is the Krinsky–Robb
method. For this, the Choleski factors of the estimated coefficients are calculated.

3.4. Cost-Benefit Analysis (CBA)

A variety of methods exist for studying the feasibility of investments in public sectors such as
public roads, airports and water/air quality. Among these methods, cost-benefit analysis has historically
played the most prominent role. In the present study three discounted cash flow rules are used: net
present value (NPV), internal rate of return (IRR), and B/C ratio (B/C), as shown in Table 1 below.

Table 1. Decision rules for CBA (Cost-Benefit Analysis).

Net Present Value (NPV) NPV =
T∑

t=1

E(NBt)

(1+r)t − I0

NBt = Bt − Ct (the flow of net benefits in time t period)
B/C ratio (B/C) B

C ratio =
∑T

t−0
Bt

(1+r)t /
∑T

t=0
Ct

(1+r)t

Internal Rate of Return (IRR)
T∑

t=0

Bt

(1+IRR)t =
T∑

t=0

Ct

(1+IRR)t

Note: r—discount rate, T—life-cycle of the project, I0—initial investment cost.

To calculate the discounted cash flow, it is necessary to have information on the future costs (Ct)
and benefits (Bt). Estimates of business incomes and costs over the project life are used as substitute
variables in private business. If the NPV is greater than zero, then the project can be accepted. IRR is
the discount rate that makes NPV equal to zero and evaluates the feasibility of a project by calculating
the minimum required rate of return in terms of opportunity cost. If the IRR of a project is greater than
the opportunity cost, the project can be accepted. Finally, the B/C ratio is the reaction of total discounted
benefits to costs. To account for risk and uncertainty, various sensitivity analysis are performed in the
present study. Different life cycles of the project, various discount rates and cost increase scenarios are
considered in order to assess the robustness of the results.

4. Empirical Results

4.1. Benefits

As described in the methodology section, the data will be analyzed using random parameter logit
and latent class attribute non-attendance models.

4.1.1. RPL

The empirical specification for the RPL model can be written as follows:

Uj = αj + βjkXjk + γjlZjl + (θmDm)Xp + εj (2)

where Uj are the utilities derived from each alternative j = 1, . . . , 3; αj are the alternative specific
constants related to each alternative. The alternative-specific constant of the status quo is set to zero
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for normalization. βjk are the coefficients of the four attributes (safety, odor and taste, color and
price) summarized in the vector X, where k = 1, . . . , 4; γjl are the coefficients of the socio-economic
characteristics summarized in the vector Z, where l = 1, . . . , L; θm is the coefficient of the hypothetical
bias treatment summarized in the vector D, where m = 1,.., 3; Xp is the price coefficient; εj is the error
term. The index indicating the individual is skipped for simplicity.

Four issues related to the RPL estimations need to be mentioned: first, utility functions can use
alternative specific constants (ASCs) to reflect the average effect on utility of all factors not included
in the model. ASCs related to each alternative are reported. Second, when using RPL models, it is
necessary to specify the distributions of the coefficients of the attributes. The analysis uses the normal
distribution for safety, taste and odor and color and keeps the coefficient of the cost variable as a fixed
parameter for convenience of simulation and interpretation of the results [40]. Third, when analyzing
RPL models, it is important to look into the significance of the standard deviation of the random
parameters. As discussed in the methodology section, RPL assumes that the representative utility
has a parameter vector that has its own distribution, and estimates the mean parameters and their
density by maximizing the probability function. By this, RPLs can provide an individual parameter for
each respondent and can accommodate the assumption that each individual has a different preference.
The number of initiations of the random draws is 1000 [41]. If the standard deviation is significantly
different from zero, the random parameters have significant variation which means that the respondents
have different marginal utilities for the attributes. Fourth, hypothetical bias dummies are included
in two different ways: “RPL1” uses them as alternative specific constants, in which case θmDm are
not multiplied with Xp, and “RPL2” uses them as interaction terms with the price. The hypothetical
bias dummies used are: Dboth represents block 1 which uses both cheap talk and honesty priming
for reducing the hypothetical bias; Dcheap stands for block 2 using cheap talk; and Dhonest for block 3
using the honesty priming task. Block 4 works as the base group, as all dummy variables are zero.
If people have a hypothetical bias of overstatement and the treatments for mitigating hypothetical bias
are effective, the coefficients of the dummy variables will be negative. If the coefficients of dummies
are negative and significant, the size of the cost coefficient as a denominator will increase so the WTP
will decrease and the hypothetical bias treatment can be considered to have been effective.

Table 2 shows the estimation results of the RPL1 and RPL2 models. In RPL1, the coefficients of
the three attributes (safety, taste and odor, cost) are significant at the 99% significance level but the
coefficient of color is insignificant. This result implies that color is the attribute for which people’s
average preference is near zero. As expected, the signs for safety and cost are negative (safety is
measured by the number of people associated with cancer risk, therefore the lower the number the
higher the safety), and the one of taste and odor is positive. The three coefficients of the standard
deviations are significant at the 99% significance level suggesting that each respondent has a different
preference with respect to the three attributes.

The ASCs of the socio-economic factors are chosen when their coefficients are significant at least
in one option at the 95% significance level. As we use attribute-non attendance (ANA) and chose
only the socio-economic factors that are significant at 95%, we do not need to perform a multivariate
analysis to reduce the number of variables considered in the analysis. Those which are significant
are: “elderly”, “bill” and “environ”. “Elderly” has a negative coefficient suggesting that respondents
living with elderly people in the household prefer the status quo. The positive coefficients of “bill”
and “environ” suggest that people that consume more water and have higher water bills and people
that have a positive attitude towards environmental measures related to water quality prefer the
advanced water treatment systems as compared to the status quo. The variable “environ” measures
the sum of the scale values of the preference for water-environment friendly policy contained at the
end of in part D of the survey. The coefficients of the three dummies of hypothetical bias treatments
(Dboth, Dcheap, Dhonest) are negative and significant at the 99% significance level in the two advanced
options, suggesting that all treatments of hypothetical bias were successful in reducing hypothetical
bias resulted from overestimation.
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Table 2. Estimations of RPL (Random Parameter Logit) 1 and RPL 2.

Variable RPL 1 RPL 2

x1 (safety; cancer risk) −0.0563 (0.0000) −0.0437 (0.0000)
S.D of coefficient of x1 0.0419 (0.0000) 0.0613 (0.0000)

x2 (taste and odor) 0.0089 (0.0000) 0.0087 (0.0000)
S.D of coefficient of x2 0.0219 (0.0000) 0.0220 (0.0000)

x3 (color) 0.0174 (0.2118) 0.0058 (0.6541)
S.D of coefficient of x3 0.1675 (0.0000) 0.1667 (0.0000)

x4 (cost/price) −1.0791 (0.0000) −0.6511 (0.0000)
Dboth x4 - −0.2343 (0.0145)
Dcheap x4 - −0.2730 (0.0027)
Dhonest x4 - −0.6582 (0.0000)

ASC Of Ozone −1.1352 (0.1927) −2.2388 (0.0092)
Elderly −0.6303 (0.0224) −0.6712 (0.0111)

Bill 0.0385 (0.0185) 0.0397 (0.0096)
Environ 0.6553 (0.0000) 0.6113 (0.0000)
Fulltime −0.4936 (0.0488)

Dboth −2.1771 (0.0000) −

Dcheap −1.8695 (0.0000) −

Dhonest −2.5258 (0.0000) −

ASC Of GAC 1.7204 (0.0053) 0.5395 (0.3684)
Elderly −0.5236 (0.0075) −0.4764 (0.0112)

Bill 0.0137 (0.2999) 0.0138 (0.2414)
Environ 0.2205 (0.0292) 0.2241 (0.0277)
Fulltime − −0.4086 (0.0273)

Dboth −1.1580 (0.0000) −

Dcheap −2.2261 (0.0000) −

Dhonest −1.6462 (0.0000) −

Sample size 406 406
Log Likelihood −2655.96 −2692.9

AIC 5353.9 5425.8
BIC 5438.1 5487.9

Pseudo R2
adj 0.2533 0.2430

Note: The values in the parentheses represent p-values, and S.D stands for standard deviation.

RPL2 introduces the hypothetical bias dummies as interactions with the price. The coefficients of
the four attribute variables show the expected direction and are significant at the 99% significance
level, but the one for color is insignificant, similar to RPL1. All three random parameters show
significant coefficients for standard deviations at the 99% significance level, which implies that the three
random parameters have significant variations. Again the coefficients of the interaction terms of the
hypothetical bias treatments are negative and significant at the 99% significance level, which suggests
that the hypothetical bias treatments reduce the willingness to pay for improvement of the attributes.
Among them, the coefficient of Dhonest·x4 has the largest value suggesting that honesty priming has
been most successful in reducing hypothetical bias. RPL2 uses four socio-economic factors: “elderly”,
“fulltime”, “bill” and “environ”. The coefficient of “fulltime” is significant at the 95% significance level
and negative suggesting those respondents with full-time jobs prefer the status quo. The coefficient
of the water bill variable is significant at the 95% significance level and positive only for the GAC +

Ozone option. This result suggests that people who consume more drinking water are likely to prefer
this option. The results of the two random parameter logit models are similar but RPL1 shows lower
log-likelihood AIC, BIC, and a higher pseudo R2 than the RPL2, suggesting a better fit.

4.1.2. LCM-ANA

As mentioned in the methodology section, the latent class models are estimated controlling for
attributes that were not attended with the help of attribute non-attendance (ANA) estimation. ANA can



Water 2020, 12, 2569 10 of 29

be an issue in CE where consumers are faced with a large number of choices within a short period of
time [38]. With the help of debriefing questions, the researcher elicits the attributes that were least
attended by the respondents and seeks to identify how setting their coefficients to zero may influence
the analysis. In response to the question “Which of the following attributes did you ignore when
completing the choice task?” 32.8% of respondents said color, with all other attributes between 8.1%
and 9.6%.

This result is expected because people cannot presumably detect the differences between 5 and 3
TCU, and this was also suggested by the RPL results. Around 10% of the respondents answered that
they ignore taste and odor. It may seem surprising that some people (8.4%) in the sample report to
have ignored water bills when making their choices; however, given that the water bill is only a small
proportion of monthly income (0.21%), this may be understandable. Safety appears to be the least
ignored attribute which is consistent with the RPL results.

Another question asked the respondents to rank the attributes according to their preference.
Many respondents answered that they prefer safety first and taste and odor second; in total,
346 respondents choose safety as the first attribute and 277 taste and odor as the second attribute. In the
case of color and water bill, respondents answered that they are the least preferred two attributes, with
204 respondents preferring water bill to color. Safety appears to be definitively the most and color the
least appreciated attribute.

The present study does not impose a specific attribute non-attendance structure and estimates
latent class models and then sets the attributes that are ignored there equal to zero in the LCM-ANA
specification. For this, full attribute attendance (FAA) latent class models were estimated first.
As discussed in the methodology section, BIC values are used for choosing the optimal number of
classes. Goodness of fit values for models from 2 to 9 classes are presented in Appendix B, both for
models using hypothetical bias (HB) treatments as ASCs and for using them as interaction terms with
the price. As can be observed, the optimal number of classes for the model using HB as ASCs is five
and three for the model using HB as interaction terms. After these number of classes the BIC-value
starts rising.

Identifying the insignificant attributes in the FAA1 class models estimated without restriction,
and then restricting these to zero gives the following model structure for ANA1:

Uij|1 = αj|1 + βsafe|1Xsafe + βt&o|1Xt&o + βcol|1Xcol + βp|1Xp + γlj|1Zl + θm|1·Dm + εij|1

Uij|2 = αj|2 + βsafe|2Xsafe + 0·Xt&o + 0·Xcol + βp|2Xp + γlj|2Zl + θm|2·Dm + εij|2

Uij|3 = αj|3 + βsafe|3Xsafe + 0·Xt&o + 0·Xcol + βp|3Xp + γlj|3Zl + θm|3·Dm + εij|3

Uij|4 = αj|4 + βsafe|4Xsafe + βt&o|4Xt&o + 0·Xcol + βp|4Xp + γlj|4Zl + θm|4·Dm + εij|4

Uij|5 = αj|5 + βsafe|5Xsafe + βt&o|5Xt&o + 0·Xcol + βp|5Xp + γlj|5Zl + θm|5·Dm + εij|5

(3)

where 1–5 are the number of classes, “safe, t&o, col, p” are indexes for the four attributes, l is the index
for the socio-economic characteristics Z, m is the index for the hypothetical bias treatments represented
by the dummies D, and ε is the error term. The index for the individual is skipped for simplicity. It can
be observed that in FAA1, color was the attribute ignored in most classes, as expected. Table 3 presents
the results of the estimation.

Class 1 ignores the safety attribute as its coefficient is insignificant; otherwise, in all other
estimations of classes, providing this attribute was deemed important, it was estimated to be statistically
significantly with the expected sign. The sample size of Class 1 is estimated at 75 (75 = 406 × 0.185,
where 0.185 is the class probability). Safety is less important in Class 3 compared to Class 2 as the
coefficient s is only half as large. In Class 4 the taste and odor is significant only at 10% suggesting
that members of this class care less about this attribute than for safety and costs. Class 5 is the largest,
consisting of 25% of the sample. With respect to the socio-economic variables, the estimates are in line
with those from the RPL specification, with corresponding intuition.
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Table 3. Estimation of the coefficients of the ANA1 (Attribute Non-Attendance) model.

Variable Class 1 Class 2 Class 3 Class 4 Class 5

x1 (safety) −0.0115 (0.1685) −0.0787 (0.0000) −0.0315 (0.0000) −0.0992 (0.0000) −0.0659 (0.0000)
x2 (t&o) 0.022 (0.0016) 0.0 (fixed) 0.0 (fixed) 0.0091 (0.0763) 0.0249 (0.0000)

x3 (color) 0.1635 (0.0001) 0.0000 (fixed) 0.0000 (fixed) 0.0000 (fixed) 0.0000 (fixed)
X4 (cost) −0.4385 (0.0162) −1.6890 (0.0000) −1.85815 (0.0000) −0.4291 (0.0084) −1.2237 (0.0000)

of Ozone, one 3.9368 (0.4143) −10.3007 (0.0001) −18.6362 (0.2240) 1.6704 (0.5182) −2.4698 (0.0445)
Elderly −1.5635 (0.1843) −0.8538 (0.1485) −5.6905 (0.9938) 8.1582 (0.9840) −0.1390 (0.7508)

Bill −0.0546 (0.3322) −0.1164 (0.0432) 0.3009 (0.0442) 0.1269 (0.0093) 0.0249 (0.2348)
Environ 0.0982 (0.8803) 2.6911 (0.0000) 2.4889 (0.2331) 0.0109 (0.9686) 0.7965 (0.0003)
Dboth −3.6684 (0.0472) −4.2468 (0.0000) −8.6509 (0.9438) −1.9746 (0.2125) −1.6949 (0.0136)

Dcheap 4.3111 (0.9981) −2.1275 (0.0303) −8.3258 (0.9792) −5.2732 (0.0014) −1.0262 (0.1561)
Dhonest 5.2144 (0.9988) −4.4826 (0.0000) 0.0695 (0.9661) −4.9345 (0.0023) −2.6401 (0.0000)

of GAC, one 4.5498 (0.3429) −0.9715 (0.5377) 2.6276 (0.0002) 2.5140 (0.3604) −0.6299 (0.6164)
Elderly −0.4004 (0.7747) −1.4895 (0.0001) −0.5352 (0.0751) 8.0302 (0.9842) −0.5649 (0.0825)

Bill −0.0086 (0.8787) −0.1341 (0.0018) 0.1134 (0.0000) 0.1071 (0.0359) −0.0386 (0.1066)
Environ −0.2475 (0.7083) 1.1416 (0.0000) −0.2641 (0.0455) −0.0863 (0.7796) 0.8243 (0.0003)
Dboth −1.8130 (0.3076) −3.5534 (0.0000) −0.6633 (0.0817) −1.7025 (0.2631) −1.3913 (0.0233)

Dcheap 4.7046 (0.9979) −2.2884 (0.0000) −1.4024 (0.0000) −5.6954 (0.0005) −1.8048 (0.0091)
Dhonest 6.8215 (0.9984) −3.1666 (0.0000) 0.2009 (0.6191) −4.5187 (0.0051) −3.1014 (0.0000)

Class
probability 0.185 (0.0000) 0.167 (0.0000) 0.220 (0.0000) 0.181 (0.0000) 0.247 (0.0000)

Sample size: 406, Log−likelihood: −2439.1, AIC: 5054.2, BIC: 5406.7, Pseudo−R2: 0.3071

Note: The values in the parentheses represent p-values.

To summarize, the coefficient of the safety attribute is significant in all classes except Class 1.
This result implies that about 80% of the respondents would want to pay to improve the safety attribute
in drinking water quality. The respondents included in Classes 1, 4 and 5 (60% of respondents) have the
WTP to improve the taste and odor attribute because the coefficient of this attribute is significant in their
classes. The coefficient of the color attribute is significant only in Class 1 (18.5% of the respondents),
while the coefficient of the cost/price is negative and significant in all classes. This reinforces the results
obtained from RPL and from debriefing questions. The discussion for ANA2 follows a similar pattern
and can be obtained from the authors upon request.

4.1.3. Willingness to Pay

In what follows, the WTPs will be presented and discussed per attribute. When applying ANA,
the WTP of each class is weighted by the individual specific probabilities of class membership in order
to compute individual WTPs. The mean and median values of the individual WTPs are then calculated.
Table 4 presents these per attribute and model.

Table 4. Estimation of the mean and median WTPs (Willingness To Pay).

Mean WTP Median WTP

Model RPL 1 RPL 2 ANA 1 ANA 2 RPL 1 RPL 2 ANA 1 ANA 2

Safety 0.0523 0.0491 0.0666 0.0974 0.0510 0.0434 0.0468 0.0396
Taste and odor 0.0082 0.0146 0.0146 0.0217 0.0090 0.0100 0.0063 0.0177

Color 0.0171 0.0048 0.0690 0.0284 0.0017 0.0000 0.0000 0.0020

Note: Measured in KRW thousand.

As shown in Table 5, ANA2 has the largest mean WTPs of all three attributes. The largest mean
and median WTPs are for the safety attribute and the lowest are for the color attribute, as expected.
Interestingly, the mean WTPs for taste and odor are smaller than those for color in RPL1, ANA1 and
ANA2; however, the median values are always the smallest for the color attribute. Median values are
always smaller than mean values.
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Table 5. Benefits using the median WTPs of the ANA1 model.

KRW 1000 Safety Taste and Odor Color Sum

Median of WTP
(m) 0.04676 0.00630 0

GAC
change of attribute (∆xi)

34
(40 to 6)

80
(10 to 90)

9
(90 to 99)

Benefit (m × ∆xi) 1.590 0.504 0 2.094

Ozone + GAC
change of attribute (∆xi)

39
(40 to 1)

89.9
(10 to 99.9)

9.9
(90 to 99.9)

Benefit (m × ∆xi) 1.824 0.567 0 2.391

Confidence intervals for the median values have been constructed using simulation and
bootstrapping. The exact way is explained in Appendix D. The results of both estimation methods can
be used for sensitivity analysis. For example, the range obtained with the simulation can be chosen for
the safety attribute and the range from bootstrapping can be used for taste and odor, as they provide
lower WTPs for the two attributes, respectively.

4.1.4. Estimation of Benefits

Willingness to Pay per Household

The WTP per household can be calculated for each attribute and each alternative j, by multiplying
the improvement of each attributes with the willingness to pay for a one unit improvement:

WTPj,safe = ∆xj,safe ×MWTPsafe

WTPj,T&O = ∆xj,T&O ×MWTPT&O

WTPj,colour = ∆xj,colour ×MWTPcolour

(4)

Reference [42] states that while the mean WTP is the correct measure to use from the standpoint
of economic efficiency, the median WTP is probably the more appropriate measure to facilitate a
democratic decision-making process. Therefore, in this research, the median WTPs are used. Table 5
shows examples of the WTP calculations per household for the two advanced treatment systems using
the median WTP values of the ANA1 model as this provides the most conservative estimates.

Table 6 shows the comparison of the benefits from the WTP estimates from the four different models.

Table 6. Benefits from the four models.

KRW RPL 1 RPL 2 ANA 1 ANA 2

GAC
Mean 3.206 3.270 4.056 5.370

Median 2.467 2.274 2.094 2.781

Ozone + GAC
Mean 3.633 3.703 4.596 6.035

Median 2.813 2.589 2.391 3.156

As shown in Table 6, all benefits using the median WTPs are lower than those obtained for the
mean WTPs. The median WTPs of the ANA1 model are always lower than for the other models.
Therefore, the ANA1 model can be used as a lower bound. Furthermore, the benefits of all models can
be used for sensitivity analysis.

Total Benefits

In order to estimate the total benefit of improving drinking water quality, it is necessary to know
the population and the number of households served by the waterworks. In 2009, the number of
people served by the waterworks was reported as 511,451 [43]. Unfortunately, there are no recent
numbers about the people served; however, given the fact that the population has constantly increased
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while the consumption per capita has remained relatively constant, it is reasonable to assume that
511,451 constitutes a lower bound for benefits estimation. The average family size per household is
reported as 2.6 [44]. Therefore, the number of households served is estimated to be 196,712.

The total benefits are calculated by multiplying the number of households served by the waterworks
(196,712) with the WTPs per household obtained in Table 6. Table 7 shows the monthly and annual
benefits for the two alternatives (GAC and Ozone + GAC) from the four models. The numbers in
parentheses are the benefits expressed in US Dollars.

Table 7. Monthly and annual social Benefits.

Monthly Annual

KRW Million
(USD Thousand) RPL 1 RPL 2 ANA 1 ANA 2 RPL 1 RPL 2 ANA 1 ANA 2

GAC 485 (412) 447 (380) 412 (350) 547 (465) 5823 (5026) 5368 (4558) 4944 (4199) 6565 (5575)
Ozone + GAC 553 (470) 509 (433) 470 (399) 621 (527) 6744 (5724) 6111 (5190) 5643 (4793) 7451 (6327)

Note: USD 1 = KRW 1177.5, based on the exchange rate of 31 December 2015.

The total annual benefits from the GAC method are estimated to be between USD 4199 and 5575
thousand (KRW 4944–6565 million), and the benefits from the Ozone plus GAC treatment are from
USD 4793–6327 thousand (KRW 5643–7451 million) using the median WTPs of the four models.

4.1.5. Cost Estimation

Several stages are involved in launching a new water treatment system including investigating,
designing, contracting, building, and then maintenance and operation. In South Korea, all waterworks
are owned and operated by national or local governments. Therefore, projects on waterworks often
follow a public process. The cost of designing a project must be used in the bidding process. Usually,
the cost of designing is set as an upper bound of the contract process. Every bidder has to bid the lowest
price possible for competition. Therefore, most bids by governments in South Korea usually succeed
with a lower price than the designed cost proposed by the governments. Design requires a significant
expenditure. Legal investigation of the feasibility for a public project is usually implemented in the
stage of basic design. Usually, the bidder suggesting the lowest price wins the contract. The remaining
phases are construction and operation. As a result, it is not necessary to actually spend costs for
design drawing until the feasibility has been demonstrated. Therefore, a preliminary cost is used to
investigate the feasibility in this research. The construction period was set to 4 years (48 months) based
on the estimates from eight similar previous projects which installed the GAC + Ozone in South Korea
(Ministry of Environment, Sejon, Korea, 2009.) All the projects were completed in less than five years.

Table 8 shows the cost flows including several types of costs such as investigating,
designing, construction, supervision, and operating and maintenance for the two advanced water
treatment systems.

Table 8. Cost flows for the two advanced water treatment systems.

System Year 1 Year 2 Year 3 Year 4 Year 5 Year 6 . . . Year 24

GAC 1605 3776 11,479 11,479 11,930 451 451 451
(USD) (1369) (3220) (9790) (9790) (10,175) (385) (385) (385)
Ozone 466 1096 3332 3332 3332 41 41 41
(USD) (397) (935) (2842) (2842) (2842) (35) (35) (35)

Note: The price unit is KRW million. The exchange rate is based on 31 December 2015.

If the project service is set to 10 years, the operating period would be counted between year 5 and
year 14. As a result, the benefit of improved drinking tap water can be calculated over the same period
of the project service length because the drinking tap water treated by the newly installed ozone and
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(or) GAC systems will be supplied between the fifth year and the last year (i.e., 14th or 24th year).
These types of assumptions for the period play important roles in sensitivity analysis.

4.1.6. Cost-Benefit Analysis (CBA)

The assumptions made for the CBA are summarized in Table 9. In addition to these assumptions,
the extent to which people will benefit from improved water quality is considered. Reference [45]
investigated the proportion of people who will change their source of drinking water, for example, from
bottled water, in-line filter, and spring to drinking tap water in South Korea. They report that 84.3% of
their respondents answered positively to the question: “Will you drink tap water when the quality of
drinking tap water is improved?” Thus, 15.7% of people answered that they would not change their
behaviors regarding drinking tap water even if the quality of drinking tap water is improved. In this
case, the respondents would have zero willingness to pay to improve the quality of drinking tap water.
The number of people that have negative ASCs for the two alternatives is estimated which found that
the highest percentage is 15.5% (63 people) in the case of ANA2. To mitigate the effect of this group
who is unwilling to pay, 15.5% of people will be excluded from the calculation of the benefits.

Table 9. Summary of basic assumptions for CBA.

Factor Range

Business life (years) 10–20
Social discount rate (%/year) 1–10

Benefit
WTP of safety (KRW 1000) 0.0365, 0.0465–0.0468

WTP of taste and odor (KRW 1000) 0.0063, 0.0060–0.0066
Advantaged household 165,828–196,712

Construction period (years) 4–6
Construction cost (KRW per m3/day) 127,645–153,425

Note: The bold figures provide the upper bounds of the CBA values; B/C, NPV, IRR.

Present Values of the Cash Flows

To implement CBA, it is necessary to establish the cash flows for the costs and benefits of improving
the drinking water quality. Next, the three types of decision rules are calculated to test the feasibility.

Benefit Flow

Table 10 summarizes the total monthly benefit for the two methods for improving drinking water
quality within the target area estimated using ANA1.

Table 10. Social benefits of improving drinking tap water quality.

KRW Million (USD Thousand) GAC Ozone Plus GAC

Monthly Social Benefit 412 (350) 470 (399)
Annual Social Benefit 4943 (4198) 5644 (4793)

Note: USD 1 = KRW 1177.5, based on the exchange rate of 31 December 2015. 4943 = 412 × 12.

The total annual social benefit from the GAC method for improving drinking water quality is
estimated as KRW 4943 million, and the annual social benefit from the ozone plus GAC treatment is
KRW 5644 million, using the median WTPs.

Another factor to discuss is when and how much of the social benefit should be applied to the
cash flows. In this research, the first supply year is the fifth year after starting construction of the
advanced water treatment systems; however, after five years, the social benefits might be changed by
any change in the real purchasing power of money. The survey was conducted in 2015 so the benefit is
estimated on the basis of the price in 2015.
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In the last row of Table 11, the NPV of the GAC alternative is estimated as KRW 15,788 million
(USD 13 million) and for the GAC plus ozone 13,067 million (USD 11 million). The three discount cash
flow methods allow a more exact analysis of which alternative is more effective. Table 12 shows the
results of CBA of the two alternatives when using the whole dataset to calculate the social benefits.

Table 11. Cash flows of the GAC and GAC plus ozone alternatives (summarizing cost and benefit flows).

GAC GAC Plus Ozone

Net Value Present Value Net Value Present Value

2015 −1605 −1605 −2071 −2071
2016 −3776 −3579 −4872 −4662
2017 −11,479 −10,313 −14,811 −13,563
2018 −11,479 −9776 −14,811 −12,979
2019 −6987 −5859 −9618 −8065
2020 4492 3605 5152 4134
. . . . . . . . . . . . . . .

2038 4492 1632 5152 1872

50,022 15,788 51,706 13,067

Note: Values are in KRW million. USD 1 = KRW 1177.5, based on the exchange rate of 31 December 2015. The project
starts to yield benefits just in the last year of construction (2019).

Table 12. Cost-benefit analysis of the two alternatives.

KRW Million Present Cost Present Benefit NPV B/C Ratio IRR

GAC 40,556 56,344 15,788 1.389 8.97%
(USD thousand) (34,589) (48,055) (13,465)
Ozone + GAC 51,269 64,336 13,067 1.255 7.46%

(USD thousand) (43,726) (54,871) (11,145)

Note: USD 1 = KRW 1172.5, based on the exchange rate of 31 December 2015.

The NPVs of the two alternatives are larger than zero, but this is a necessary and not sufficient
condition of investment. If a discount rate of 8.97% and 7.46% applies to the GAC and GAC plus ozone
alternative respectively, then its NPV would be zero and the B/C ratio would be one. The B/C ratio is
recommended as the best decision-making tool [46]; by this measure, GAC (1.389) is preferred to GAC
plus ozone (1.225).

Sensitivity Analysis

There is risk and uncertainty in forecasting future figures. Four categories of scenarios will be
used to address these risks and uncertainties. The first is related to the risk premium approach, which
adds a premium to the chosen social discount rate of 4.5%. The second concerns business life, which
drops from 20 years to 10. The third increases construction costs by 20%, which is the percentage from
comparing the largest unit construction cost among previous projects with the unit cost of the standard.
The last category contains several scenarios that manipulate the benefits.

Risk Premium Approach

At a social discount rate of 1%, the NPV (B/C ration) for the GAC and GAC + Ozone alternatives
are 39,907 KRW million (1.855) and 40,254 (1.687) respectively; similarly, at social discount rates of 10%
these figures are −2257 KRW million (0.933) and −7002 (0.838). It can be observed from Table 13 that
an NPV of zero is associated with a discount factor of 8.97% and 7.46%, respectively.
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Table 13. Outline of the sensitivity analysis.

Scenario
B/C NPV (KRW) (Unit: Million) IRR (%)

GAC Ozone + GAC GAC Ozone + GAC GAC Ozone + GAC

Basic 1.389 1.255 15,788 (USD 13.5) 13,067 (USD 11.1) 8.97 7.46
Discount rate increases (4.5–>10%) 1.286 1.159 11,176 (USD 9.5) 7901 (USD 6.7) 8.97 7.46
Business life reduces (20–>10 years) 0.889 0.798 −4268 (USD −3.6) −9937 (USD −8.5) 2.12 0.06

Benefits decline to zero 0.800 0.723 −8099 (USD −6.9) −14,208 (USD −12.1) 0.23 −1.11
Benefits during 10 years 1.012 0.909 479 (USD 0.4) −4493 (USD −3.87) 4.72 2.83

Benefit with lower bound WTPs 1.149 1.037 6053 (USD 5.2) 1886 (USD 1.6) 6.32 4.95
Exclusion of households without Benefits 1.126 1.014 5100 (USD 4.4) 730 (USD 0.6) 6.04 4.68

Cost increase (20%) 1.181 1.064 8630 (USD 7.4) 3852 (USD 3.3) 6.64 5.26
One year delay of construction 1.362 1.234 14,324 (USD 11.7) 11,666 (USD 10.0) 8.31 7.04

Note: USD 1 = KRW 1172.5, the exchange rate based on 31 December 2015.

Reduction of Business Life

In the case of ozone treatment, business life is reported to be between 15 and 20 years, and the
physical service life of the GAC treatment is reported to be between 40 and 50 years. Sensitivity analysis
considers when the business lives of the two alternatives vary from 10 to 20 years. At a business life
of ten years, both projects become infeasible with negative NPVs. A business life of 12 and 14 years,
respectively, makes the GAC and GAC plus ozone alternative feasible (holding all other assumptions
fixes).

Decrease in Benefits

Several situations are examined for decreases in benefits. The first case assumes the benefits
decrease to zero over 20 years, using a method similar to straight-line depreciation in accounting.
As a result, the total social benefits are reduced by KRW 260 million for the GAC alternative, and
KRW 297 million for the ozone plus GAC alternative every year, so they will be zero at the end of the
period. Under this assumption, both projects become unfeasible, with a NPV of −8099 KRW million
and -14,208 for the GAC and GAC plus ozone alternatives, respectively.

The second case assumes no benefit after the twelfth year of operation. Following the logic derived
from the changes in business life, the GAC project is still feasible (with an NPV of 479 KRW million)
but the GAC plus ozone project now has a negative net contribution.

Third, the results with a lower estimate of the benefits are considered using the lower bound in
the 95% confidence interval of simulating the median values of the WTPs of the ANA1 model. In this
case, the annual social benefit of the GAC decreases by KRW 854 million (17.3%) and the ozone plus
GAC model decreases by KRW 981 (20.5%). Under this scenario, both projects are still feasible with
positive NPVs and IRRs of 6.32% and 4.95% for the GAC and GAC + Ozone alternatives, respectively.
When using the lower bound in the 95% confidence interval of the bootstrapping method, similar
results prevail, with IRRs of 8.74% and 7.24%.

Finally, the CBA is examined when some residents do not wish to pay to improve the quality of
drinking tap water. As previously discussed, 15.5% (63) of people serviced by the waterworks can
be excluded in measuring the social benefits because they have a negative sum of the coefficients of
the ASC and socioeconomic variables for both alternatives. With this assumption, both projects are
still feasible holding all other assumptions fixed; the projects have positive NPVs, and IRRs of 6.04%
and 4.68% for the GAC and GAC plus ozone alternatives, respectively. It is important to note that in
the present analysis the surveyed households appear to be willing to pay in order to improve the tap
water quality and hence it is assumed that they will start drinking water from the tap more frequently
once the treatments are implemented. Moreover, when asked explicitly in a different study if they will
drink tap water when its quality will be improved, a vast majority of consumers (84.3%) answered
that they would [44]. Additionally, when performing a sensitivity analysis excluding 15.5% of the
sample from the benefits, i.e., the consumers that might not change their behavior out of cultural habit,
the project remains feasible (Table 13, row 11). Hence, the cultural factor does not appear to be a big
limiting factor in the present analysis.
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Increase in Costs

The assumption made is that there is a 20% increase in unit construction costs applying the
upper bound of previous cases in South Korea. In this scenario, both projects remain feasible with
positive NPVs and IRRs of 6.64% and 5.26% for the GAC and GAC plus ozone alternatives, respectively.
Assuming there is a one-year delay in construction, delaying the benefits, also results in the feasibility
of both projects being maintained, holding all other assumptions fixed. Both the GAC and GAC plus
ozone alternatives have positive NPVs and IRRs of 8.31% and 7.04%, respectively.

Summary of Sensitivity Analysis

Table 13 summarizes the various sensitivity analysis scenarios. Increasing the social discount
factor to 10%, decreasing the useful life of the project, and significantly cutting the estimated benefits
can make the alternative investments unfeasible; however, as outlined above, these are all extreme
outliers. Further, where possible, benchmark assumptions have been conservative.

5. Conclusions

This study was triggered by the fact that many Koreans are dissatisfied with drinking water
quality. Many rivers have been polluted due to the fast industrialization in South Korea. As a result,
most waterworks at present have confronted problems like unpleasant taste and odor of drinking tap
water. The Korean government has planned to improve water quality to resolve the issue. Installing
advanced water treatment systems has been a primary solution. This research focuses on testing how
far an investment in a chosen advanced water treatment system in the target are of Cheongju City
is feasible.

The present study uses choice experiments in order to assess the benefits from installing two
advanced water treatment systems in the target area and then performs an extensive cost-benefit
analysis to assess the feasibility of the project under various scenarios. No other study has performed
this type of analysis for South Korea, a developed country with a historically polluted water supply.
The study employs two different methods to mitigate hypothetical bias (cheap talk and honesty
priming) and finds both are effective in reducing it, with honesty priming being more successful than
cheap talk. Honesty priming had the largest coefficient and was significant in most cases, hence
appears to work best for the South Korean consumer as a method for dealing with hypothetical bias.
This is considered an important contribution to the state of practice, as hypothetical bias is the strongest
criticism brought to the elicitation of stated preferences and results obtained without this correction
might be misleading and not suited for policy recommendations. The estimation of the benefit is
done using random parameter logit models and attribute non-attendance latent class models. By this,
it allows for random taste variation among the individuals and some attributes of drinking water are
ignored. Moreover, it allows us to group individuals in latent classes and to determine which attributes
are most valued by specific groups of respondents. The most important attribute to consumers was
water safety, whereas color was not an issue for respondents; 50–60% of respondents are willing to
pay in order to improve the taste and the odor of potable water. The average WTP for installing the
granular activated carbon treatment is between USD 1.78 and 4.56 and for additionally installing an
ozone purification system is USD 2.03–5.13 per month. These values are comparable with results
obtained in previous studies and with the average spend for bottled water per month by South Koreans
(Database of the Korean Statistical Information Service). For the cost-benefit analysis, median values
have been used as more conservative values. Moreover, confidence intervals for the lower bound of
these median values have been estimated using bootstrapping and simulations. This has not been
done before in this context and is another important contribution to the methodological discourse
rendering more robust WTP estimates.

Under the conservative assumptions of a construction period of five years, a social discount rate of
4.5% and a business life between 15–20 years, the feasibility of the project is given and the investments
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in both alternatives appear to be beneficial to the residents of Cheongju. The feasibility is maintained if
the construction period is increased by one year, the social discount rate increases to 7%, a premium of
20% is added to the costs, and if the number of people benefitting from the improvement is reduced by
15.5%. If the business life falls below 12 years, the discount rate increases above 7.4%, the costs by more
than 44% and the benefits gradually decrease to zero during the business life, thus the feasibility of the
projects is rejected; however, as discussed, these situations are very unlikely to occur. Throughout
the various sensitivity analyses, the granular activated carbon (GAC) model was the more robust
treatment showing higher benefit/cost ratios, net present values and internal rate of returns. Therefore,
if financial constraints shall exist, this alternative shall be preferred.

The present study has several limitations. Firstly, only a restricted number of attributes are
considered. Further studies could consider additional attributes, such as for example “chlorine taste”,
and might also consider interaction effects between these attributes. Benefits are just estimated based on
the households serviced by the waterworks; however, restaurants and other commercial units that profit
from water treatments could also be considered in order to provide a more comprehensive measure.

Most importantly, the analyses in this study focused on a short-term solution. Installing more
advanced water treatment systems is dealing with the effects of pollution and not its causes. If these
are not addressed, eventually the water quality would worsen to a point where it is not possible to treat
it anymore. Improving raw water quality in the catchment and preventing water pollution in the basin
should be wider policy prospects for the future. As studies have identified, livestock sewage is the main
cause for water pollution in the target area and measures aiming at reducing this should be pursued [47].
Such measures could be: installing livestock sewage treatment facilities, building artificial swamps
and detention ponds to deter the inflow of polluted water into the catchment, growing aquatic plants
which can resolve pollutants in the waterways, and building detention facilities of sewage treatment
plants. The Committee of Managing the Geuem River Basin has developed additional projects for
preventing pollutants to enter the basin among which are the maintenance of the drainage systems,
provision of eco-friendly agricultural materials, building buffers and afforestation [48]. Such measures
need to become the priority of policy so the quality of drinking water shall not further deteriorate and
clean potable water can be supplied to South Korean citizens in a sustainable way. The feasibility of
such projects shall constitute the scope of future research and should be used as one criteria among
others in a decision process involving several stakeholders.
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Appendix A

A Sample of the Questionnaire
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Figure A1. A sample of the questionnaire.
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Appendix B

Latent Class Models

Table A1. Goodness of fit measures of FAA (full attribute attendance) LCMs.

Classes FAA of Using ASCs of HB FAA of Using Interaction Terms of HB

Sample Size 406 406

2

BIC 5506.8 5537.3
AIC 5406.6 5461.2

Log−likelihood −2678.3 −2711.6
Pseudo−R2 0.2465 0.2379

3

BIC 5384.0 5356.2
AIC 5231.7 5240.0

Log−likelihood −2577.9 −2591.0
Pseudo−R2 0.2733 0.2706

4

BIC 5363.7 5287.4
AIC 5159.4 5131.1

Log−likelihood −2528.7 −2526.6
Pseudo−R2 0.2857 0.2877

5

BIC 5348.8 5331.0
AIC 5092.4 5134.7

Log−likelihood −2482.2 −2518.4
Pseudo−R2 0.2974 0.2889

6

BIC 5354.5 5349.9
AIC 5046.0 5113.6

Log−likelihood −2446.0 −2497.8
Pseudo−R2 0.3063 0.2936

7

BIC 5375.8 5328.5
AIC 5015.2 5052.1

Log−likelihood −2417.6 −2457.0
Pseudo−R2 0.3130 0.3040

8

BIC 5437.7 5348.5
AIC 5025.0 5032.0

Log−likelihood −2409.5 −2436.9
Pseudo−R2 0.3139 0.3086

9

BIC 5499.5 5398.4
AIC 5034.7 5041.8

Log−likelihood −2401.4 −2431.9
Pseudo−R2 0.3148 0.3090
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Appendix C

Socio-Economic Variables

Table A2. Individual specific variables.

Variable Description

gender dummy, 1 indicating a male, 0 female

age respondent’s age

edu years of education

pinc personal income

hinc the income per household of each respondent

bill the average monthly water bill for each respondent’s household

family the number of people in the family

earner the number of earners in their household

infant the number of infants in a respondent’s house; less than 4 years old

elderly the number of elders in a respondent’s house; more than 59 years old

environ the scale value of the preference for water-environment friendly policy

head dummy, 1 indicating if a respondent is a head of household

spouse dummy, 1 indicating if a respondent is a spouse of the household head

others dummy, 1 indicating if one is neither a head of household nor a spouse

boil dummy, 1 indicating a respondent drinks after boiling drinking water

purify dummy, 1 indicating a respondent drinks water by using purifier

bottle dummy, 1 indicating a respondent purchases bottled water

well dummy, 1 indicating a respondent drinks water from well

apart dummy, 1 indicating a respondent lives in an apartment

detach dummy, 1 indicating a respondent lives in a detached house

terrace dummy, 1 indicating a respondent lives in a terraced house

multiple dummy, 1 indicating a respondent lives in a multiplex house

full dummy, 1 indicating a respondent has a full-time job

part dummy, 1 indicating a respondent has a part-time job

retired dummy, 1 indicating a respondent is retired

lookjob dummy, 1 indicating a respondent is unemployed and looking for a job

notlook dummy, 1 indicating a respondent is unemployed, not looking for a job

otherjob dummy, 1 indicating a respondent has other jobs; student, homemaker

Appendix D

Confidence Intervals for the Median WTP

The simulation method used in calculating the standard error of one WTP includes the steps below:

(1) Use the coefficient vector and the variance-covariance matrix of an LCM to generate one coefficient
vector from the multivariate distribution and to calculate a WTP measure of each class.

(2) Simulate an LCM and calculate the individual class probabilities according to the generated
coefficient vector.

(3) Multiply the simulated individual class probabilities with the simulated WTPs of all classes, and
generate one WTP for each respondent.
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(4) Make one WTP distribution of calculating the WTPs of all respondents, and measure one median
WTP from the distribution.

(5) After repeating the steps 1 to 4 many times, the median WTP space (reference [49] reports that
MWTP space is defined as in reference [50], who calculated the space by using the ratio of the
attribute’s coefficient to the price coefficient in a random parameter logit model) can be obtained,
and the standard error of the median WTP can be calculated.

(6) Repeat the simulation 1000 times, and calculate a median WTP space (NLOGIT 5 was used for
the simulation). The ANA 1 model is chosen for the simulation. Table A3 shows the result of
simulation for calculating the median WTP space of the ANA1.

Table A3. Confidence interval of the median WTPs of ANA 1 model.

Attribute Average Standard Deviation 95% Confidence Interval Simulation

Safety 0.04531 0.00505 0.03649–0.05450 1000
Taste and odor 0.00629 0.00235 0.00614–0.00643 1000

The reason why color is not included here is because each median estimate for the attribute is
simulated at zero. The 95% confidence interval of the WTPs of the two attributes includes the WTPs of
the ANA1 model but the two average WTPs from the space are larger than the mean values.

The second approach to estimate the confidence interval is “statistical bootstrap”. From the
individual WTPs of the ANA 1 model, the bootstrapped samples can be generated with replacement.
In this paper, the samples were simulated for a 200,000 sample size because the number of households
served by the waterworks equals 196,712. Through simulation of the re-sampling 1000 times, the median
values of the WTPs are measured. Table A4 shows the confidence interval of the median WTPs of the
ANA1 model constructed using “bootstrapping”.

Table A4. Confidence interval of the median WTPs by using bootstrapping.

Attribute Mean Standard Error 95% Confidence Interval Simulation

Safety 0.04671 0.000057 0.0465–0.0470 1000
Taste and odor 0.00623 0.000079 0.0060–0.0066 1000

In the case of the confidence intervals, the bootstrapping method produces narrower ranges for
the safety attribute, but a lower value range compared to the taste and odor attribute of the simulation
method. These two results can provide the ranges of the WTPs for sensitivity analysis.
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