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ABSTRACT 

Modeling the Influence of Drinking Water Quality on Residential Property Value 

Ghazal Pashanasangi 

 

This thesis is an endeavor to study the influence of drinking water quality on 

residential property value in the United States. Bayesian inference method is used to 

model the influence of water pollution on property value. Hierarchical Bayesian inference 

method is used when different levels of pollution are considered. Number of types of 

chemicals detected in water utilities of each state, amount of total trihalomethanes 

(TTHMs) and total haloacetic acids (HAAs) in big cities drinking water, average property 

value in each state and big cities, and population are the data used in analyses. Results 

show that water pollution has a negative impact on the average property price in state 

level. Both TTHMs and HAAs, which are the most important pollutants in big cities, also 

have negative impact on residential property price in big cities. The impact of TTHMs 

pollution is more than HAAs pollution. Results of the hierarchical analyses show the state 

that each big city belongs to, determines the effect of TTHMs and HAAs pollution on 

residential property price. 
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1. Introduction 

The goal of this thesis is to study the relationship between drinking water quality and 

residential property value in the United States. Different analyses in city and state level 

based on population have been done to achieve this goal. 

The motivation for this work is answering questions about the relationship between water 

quality and property value in state level and city level, and based on different pollutions. 

Knowing the possible correlation can be helpful to find out hidden causal variables. 

Water quality has a significant role in human health, ecosystem functionality, and 

economy. It is a global concern which has an undeniable influence on human life. Both 

infrastructure and technology improvements and regulations and policies improvements 

are needed to solve this problem.  

States should comply with different federal and state level regulations, and health 

guidelines. However, policy enforcement is an important factor for state compliance to 

regulations. Policies make it possible to implement the practical solutions to water quality 

problem. Having stronger policies can make a path to improved water quality. 

Economic analyses are needed to predict the economic value of environmental quality. 

These analyses provide practical information to build a decision support system for 

environmental policy makers. This thesis model the influence of drinking water quality 

on property value, which is a measure of water quality benefits.  
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Most of the studies about the relationship between water quality and property values 

focused on surface water quality. Studies on the influence of drinking water quality are 

really inadequate.  In addition most of the studies used data of specific neighborhoods or 

cities and the results are dependent to that neighborhoods features and structures.  

This thesis tries to find out the relationship between water pollution and property price in 

different states, the relationship between water pollution and property price in big cities, 

and the influence of water pollution on both city and state levels on property price in big 

cities. In addition to general water pollution, some analyses fuscous on the pollutants 

which are the top concerns in big cities.  

Our focus is on the mean behavior. As we are using country scale data, the exact location 

and specific features are overshadowed by diversity. In addition to local studies, which 

can be helpful for local policy making, large scale studies are also needed. 

Using drinking water and property value data of the United States gives the opportunity 

to conduct all the analyses in a large scale. Therefore the results are not exclusive to one 

small region and its structure and features. 

In addition new methods are applied to analyze data in this thesis. Bayesian modeling 

method is used to model the average residential property value as a function of 

population, number of chemicals found in the water utilities, and the percentage of 

population affected by those chemicals. Markov chain Monte Carlo (MCMC) algorithms 

are used to make inferences about the model. Furthermore hierarchical Bayesian 

Modeling is used to model the effect of water pollution in both city and state levels. 



3 

 

Although Bayesian modeling is used in water quality prediction, water quality model 

uncertainty, and water management decision making, to our knowledge it has not been 

used in modeling the influence of water quality on property value [1] [2] [3]. 

These analyses model the relationship between water quality and property value, however 

water quality is not necessarily the direct reason of increase in property value. This 

correlation should not be interpreted as causation. The correlation between water quality 

and property value is not the same in different states or big cities. Environmental and 

economical situation of the region can shape different circumstances which can lead to 

different correlations between water quality and property value in long term. 
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2. Literature Review 

The objective of this chapter is to review related literature in order to understand the 

relationship between water quality and property value thoroughly. The first part is a brief 

discussion on different aspects of water quality. The second part is a general overview to 

determine the scope of the research. And the last part summarizes previous works. 

2.1. Water Quality Background 

This part provides the background required to understand different aspects of water 

quality. 

2.1.1. Definition  

Water quality is a general term that refers to myriad chemicals and biological parameters. 

These inform the level of water quality. Although regulatory standards help to define 

acceptable quality, these vary by geographic region and designated use. The tolerated 

amount of different substances or combination of them is relative to the particular usage. 

In other words water which has a good quality for a specific purpose can be unacceptable 

for another. The physical, chemical, and biological condition of water should be known 

to determine the quality [4] [5] [6]. 

2.1.2. Importance 

Water quality affects every aspect of life on earth from the basic ability of ecosystems to 

function to human health and the economy. 
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All living organisms need clean and sufficient water in order to survive. Clean and safe 

freshwater is necessary for all ecosystems to function properly. Degraded water quality 

cause serious damages to rivers, streams, lakes, groundwater, coastal zones, and 

vegetated wetlands [7].  This threatens ecosystems and biodiversity.  

Human health is dependent on healthy ecosystems for adequate fresh water and food 

production and is negatively affected by poor water quality. Water-related diseases and 

health effects of high concentrations of nutrients are two important examples of these 

health threats. The effect on children is more dangerous. Children under 5 years old 

comprise most of deaths that are a consequence of unsafe water [8] [9] [10]. 

In addition polluted water has a large number of economical disadvantages. It has a 

negative impact on agriculture, industry, mining, tourism and recreation activities. It also 

leads to degradation of ecosystem services, increased water treatment costs, increased 

health-related costs, and reduced property values. These costs vary in different regions. 

These impacts seem to be the most pronounced in areas where water resource 

management is weak and ineffective. For example, in Middle East and North Africa these 

costs are between 0.5 to 2.5 percent of GDP each year [11].  

2.1.3. Threats 

Generally human settlements are considered as a threat to quality and quantity of 

freshwater resources. There are two main reasons. The first reason consists of pollution 

caused by agricultural activities, industrial production, power generation, mining, and 

untreated sewage discharge. The second reason has to do with changing the water 
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balance, consists of climate changes caused by human activities and over extraction of 

ground waters [12] [6] [13].  

In addition unsafe solid waste discharge, unhygienic disposal, and deficient treatment of 

industrial residue lead to poor water quality. For instance, in developing countries more 

than 80 percent of sewage is directly discharged to water bodies [14] [15]. 

Increased acidity and higher levels of nutrients, salts, metals, chemicals, and pathogenic 

organism are the results of polluted and contaminated water [16]. 

2.1.4. Standards 

Drinking water quality standards determine the permitted concentration of different 

substances in drinking water. Nowadays most of the countries have some standards to 

control the water quality. In addition World Health Organization has established 

guidelines on the standards that should be achieved. However, the United States and 

European countries are the only countries in which these standards have legal bases 

because of the United States Environmental Protection Agency and the European 

Drinking Water Directive. Further, the numerical levels of standards differ in different 

jurisdictions [17] [18] [19] [20].  

Surface water quality standards, which determine the permitted level of contaminants in 

wastewater, effluents, or ambient water, have also been established in some countries. 

However this type of standards is less common [7].  
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2.1.5. Solutions 

Regulatory standards are mostly guideline values for treated water, and in some cases 

surface water or effluents [17] [20] [21]. Even when legally enforceable, water standards 

are not sufficient to protect water resources, as standards do not prevent pollution from 

happening or automatically detect and treat pollution when it does occur. According to 

United Nations Environment Programme (UNEP) the solution for water quality problem 

has four parts [7]: 

 Prevention of pollution 

This strategy focuses on the source of contaminants and makes an effort to reduce or 

eliminate them before entering the water cycle. This is the cheapest and most effective 

solution for achieving better water quality. However, in areas where environmental laws 

and enforcement are weak, this may not be successful. 

 Treatment of polluted water 

As efforts to prevent water from being polluted are not always sufficient or effective, and 

in many cases there is no effort, polluted water should be treated to achieve the 

acceptable quality level for drinking or other purposes. Contaminated water treatment has 

different approaches which vary from high technology methods to biological and 

ecological methods. Again, this is less likely with low levels of environmental 

enforcements. 

 Treatment of wastewater 
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Wastewater from domestic, agricultural, and industrial activities must be treated before 

entering water bodies. In some cases wastewater can be recycled and reused safely. Use 

of wastewater reduces the threats from human activities for freshwater resources. This 

approach is very helpful in semi-arid regions with growing populations [14] [22].  

 Protection of ecosystems 

Healthy ecosystems filter and clean water naturally. Therefore protecting ecosystems 

causes improved water quality. Damaged ecosystems can be assisted in the process of 

ecological restoration. This approach costs lower than technical efforts for filtering the 

polluted water [23] [24].  This is extremely related to prevents of pollution and treatment 

of polluted water. 

2.1.6. Policies 

Policies make it possible to implement the practical solutions to water quality problem. 

The desirable targets are determined and the solutions to achieve them are enumerated. 

Environmental policies are structured to construct a path for moving toward these targets. 

To construct this path, policies in three fields are required:  

 Knowledge and education 

Understanding the importance of water quality and its role in human life is the first step. 

Public awareness and academic education and research on both technological and 

economical aspects are vital to make this possible. 

 Technology and methods 
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Water treatment, sewage treatment, and ecosystem restoration methods and equipments 

should be developed in all regions. As most of these are complex and expensive 

procedures, improving the existing methods and technologies are required too. 

 Law and management 

Strong leadership is needed to make changes possible in all levels. Creating legal bases 

for employing standards, improving management, and allocating more budgets to solve 

water problem are important steps which need strong policies. Funding is required to 

make all of these policy goals possible. When conflicts funding needs arise, water 

treatment can be seen as a luxury or unnecessary expense.  

On one hand water quality monitoring and water treatment are expensive acts. On the 

other hand funding to enforce water quality standards is inadequate in most countries. 

Therefore, the first step to make water quality regulation successful is finding appropriate 

sources of financing. This is only possible by investing in the expertise in order to define 

appropriate methods for analyzing and determining water quality improvement costs and 

benefits [7]. 

The cost of obtaining a specific level of quality can be predicted by engineers, 

nevertheless as environmental goods are non-marketed, there are different analysis 

needed to predict the benefits. This thesis model the influence of water quality on 

property value, which is a measure of water quality benefits. In other words this thesis 

provides economical analyses to support decision making procedure. 



10 

 

2.2. General overview 

In the beginning the literature review was started by searching the web for sources that 

studied the influence of water quality on property value. Searching in sites like Google 

Scholar and Engineering Village for keywords resulted in a very limited number of 

papers. Therefore, we decided to perform a more general literature review which 

considers the influence of all environmental quality factors on property value. 

The following is a review of studies about the influence of environmental quality factors 

on property value. The first part reviews existing studies and discusses which factors 

were considered and similar or contradictory results. The second part summarizes 

methodological approaches. The third part focuses on deficiencies in literature and 

explains requirements. 

2.2.1. Influence of Environmental Quality Factors on Property Value 

Concerns about the places we live, work, and play are a normal part of human life; which 

lead us to search for places which satisfy our expectations for safety and enjoyment. As a 

result of these concerns about daily residential area and surroundings, environmental 

quality factors have the ability to affect amenities and the value of residential properties. 

In terms of property value, the most effective environmental quality factors are greenery, 

water quality, air pollution, noise level, and landscape view. Water quality is one of the 

most important factors as it has a significant role in human health, ecosystem 

functionality, and economy.  
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Numerous studies have been done about the relationship between environmental quality 

factors and property value. These studies have mostly been conducted in specific 

neighborhoods. Therefore they have focused on different factors according to features of 

that neighborhood. These factors can vary from ‘having a garden facing water’ in the 

Netherlands [25] to ‘Traveling time from the apartment to the central business district’ in 

Hong Kong [26]. However, there are some common factors in most of the studies. 

Knowing considered factors, applied methods, and results will be helpful in order to find 

out the data gaps and advance the study by using new methods and approaches. 

Environmental quality factors can be classified in different ways. However, the most 

practical approach is to categorize them into natural or manmade. 

The first category consists of natural features such as greenery, water quality, air 

pollution, and landscape view. Green belts refer to green space (in the form of park land, 

natural spaces or agricultural space) surrounding urban spaces. According to previous 

studies, the presence of greenbelt, tree cover, and wetlands leads to higher property 

values in most neighborhoods [25] [27] [28] [29]. All the reviewed studies show that 

higher water quality has a direct relationship with prices [30] [31] [32] [33] [34]. 

Landscape view refers to visible features of an area, often considered in terms of their 

aesthetic appeal. Landscape view also increases property values. The most discussed 

scenery is sea view [26] [27] [35] [36]. Air pollution also decreases property prices [26] 

[37] [38] [39] [40].  

Although most of these studies focused on suburbs and less crowded locations, the 

studies on high-rise and densely populated environments give interesting results too. This 
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type of locations has different effective factors or in some cases, the same factor has a 

different influence. For instance a study conducted in Hong Kong suggests that nearby 

green belt area is not a significant factor [2]. 

The second category consists of manmade landscapes or equipment such as water parks, 

high voltage electric transmission lines, and noise level. These factors can affect the 

property value in both positive and negative ways. For example, water parks have a 

positive effect [41], while high voltage electric transmission lines have a negative effect 

[42] [43].  

For some factors contrasting results exist in different locations. Noise impact is a good 

example. Different studies find different results such as statistically significant negative 

relationship, no relationship, and statistically significant positive relationship between 

noise and residential property values [26] [44] [45] [46]. This difference seems to be 

related to population density. In higher population densities property value seems to 

increase with increased noise pollution. This is likely the confounded variable for the 

locations of amenities, proximity to work and general benefits of city living and demand 

for city houses. 

In addition to all quality factors risk perception can also affect property value. Normally 

the public belief about environmental risk, which can be effected by media, is different 

from scientifically determined risk. However, perceived risk has an important economic 

impact. For example based on previous studies perceived risk from being near a 

hazardous waste site has a negative impact on property value [47] [48] [49] [50]. 
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2.2.2. Methodological Approaches  

Most of the studies used Hedonic pricing method, which is a method to estimate the value 

of non-marketed goods that affects prices of marketed goods.  This approach is 

extensively used to estimate the costs associated with environmental factors that affect 

the price of residential properties. Hedonic pricing method is based on the principle that 

the value of a marketed good is related to its features. Thus, the value of each feature can 

be estimated based on the willingness to pay for changes in that feature. 

Hedonic pricing method assumes that price of a property consists of the prices of 

different factors such as size, building structure, location, site, neighborhood features, and 

environmental characteristics. The first step to apply this method is to define price of the 

property as a function of these parameters. Regression methods are employed to estimate 

the price function. The second step is to combine this model with actual quantities and do 

the regression analysis again to estimate the value of each parameter [51] [52] [53].  

For example to find out the value of clean air using Hedonic pricing method, price 

function should be estimated based on all effective parameters. Next the value is 

estimated by using regression techniques on the price model and actual quantities. The 

estimated value reveals the difference between values of two completely similar 

properties, one in a place with polluted air and one in a place with clean air. 

However, this method has some limitations. A lot of specific parameters for each 

property must be gathered in order to apply this method. Hedonic pricing method tends to 

focus on small very complete datasets. When larger datasets are used, these factors will 
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be overshadowed by diversity. In addition using this method leads to the results which 

are heavily dependent on the model specification. This model has three assumptions 

which are rarely true in reality. The first assumption is that everyone is aware of the 

potential effects of changes in environmental factors. The second one is that a variety of 

houses with any combination of features is available in the market. And the third one is 

property prices will immediately change after any change in environmental factors [51] 

[52] [4] [54] [55]. 

2.2.3. Deficiencies and Requirements 

2.2.3.1. Deficiencies 

All the studies that are mentioned above used data of specific neighborhoods or cities. 

Therefore the results are completely dependent to that neighborhoods features and 

structures. There is no study in bigger scales for instance a country.  

In addition most of the studies about the relationship between water quality and property 

values focused on surface water quality, not drinking water quality. Therefore studies on 

the influence of drinking water quality are really inadequate.   

Moreover, some potentially effective factors such as population are not considered in 

previous studies. 

2.2.3.2. Requirements 

The importance of drinking water quality is undeniable. Pollution in drinking water has a 

direct impact on human health [56] [8] [57] [58] [59]. The number of people who die 
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from a shortage of fresh and clean water each year is more than the number of people 

who die in violence and war [7]. Children are the most vulnerable group [9] [10]. 

In addition to basic infrastructure improvements, water regulation, both in terms of sound 

policies and enforcement, are key to improving human health at the global level.  

While water availability and quality needs are most apparent in the developing world, 

quality issues and regulatory gaps exist in the developed world in rural areas and on 

native lands. Moreover, although high quality water is taken for granted in urban areas in 

the developed world, mishaps do happen. And when they do they impact large numbers 

of people.  

An understanding of drinking water quality influence is required to take steps toward 

more strong policies. Similarly understanding the economic impacts of sewage outflows 

is also important for developing water policy. These economic analyses suggest a 

decision support system for environmental policy makers. That is a helpful approach 

toward improvement in sustainability, equity and economic efficiency of water resource 

policies.  

2.3. Influence of water Quality on Property Value 

The literature review is performed by searching the web for studies on the influence of 

water quality on property value. However, it resulted in a very limited number of papers. 

In addition to consulting librarians more books, journals, papers, and theses are checked 

for similar studies. Again the result was not adequate. To our knowledge the literature on 
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this subject is really limited and more studies are required. All of these make conducting 

this research more important and unique. 

This part is a summary of previous studies on the influence of water quality on property 

values. As this review demonstrates, to our knowledge all existing works on the influence 

of water quality on property value has explored surface water characteristics.  

Leggett and Bockstael have done a study on this subject in Chesapeake Bay. The 

important feature of this area is the variation of water quality in different parts of 

Chesapeake Bay. This study discusses the effect of water quality on property value by 

measuring the benefits of future improvements in water quality for property owners. The 

results show that the owners of houses in front of the water have a positive willingness to 

pay for improving the water quality. It should be noted that the owners have concerns 

about fecal coliform bacteria counts, which is concluded to have a significant negative 

effect on property values. According to the results a change of 100 fecal coliform counts 

per 100 mL leads to around 1.5% change in property values. Based on predictions this 

reduction in fecal coliform can cause an approximate increase of $230,000 in the total 

property value of 41 residential properties in front of the water. This study use Hedonic 

techniques to measure the benefits [30]. 

Another study from 1968 used the same method, investigating the value of properties 

around 60 artificial lakes in Wisconsin. Results showed that water quality of lakes, which 

were classified to good, moderate, and poor, was a significant factor of property values. 

In other words the value of properties near more polluted lakes was less than adjacent 

properties near less polluted lakes. This study used tax data to find property values [31]. 



17 

 

A study by Epp and Al-Ani supports the influence of water quality on property value, 

focused on rural nonfarm properties around small rivers and streams in Pennsylvania. 

Analyzing data of single-family owner-occupied houses that are located within 700 feet 

of the stream shows the significant effect of water quality on property value. This result is 

true both when the water quality is determined by an index of measured water quality 

characteristics or by the owners' perceptions of water quality [32].  

In addition to the general analysis, Epp and Al-Ani also analyzed the clean streams and 

polluted streams separately. Streams which have all components within the normal range 

are determined as clean and streams which have one or more components outside the 

normal range are determined as polluted. According to analyses the pH level has 

influence on value of properties which are close to clean streams. However, it does not 

have influence on value of properties which are close to polluted streams. In other words 

in clean streams the increase of pH level in normal range, which is 6.5 to 8.5, leads to 

increase in property value. This increase is about $653.96 for 1 point increase in pH level 

in normal range. The reason could be the increasing opportunity of trout fishing. Data 

sampling was in a way that minimizes the variation of other effective factors between 

properties [32]. 

Young discusses the effect of perceived water quality on property values. This study, 

which is conducted in St. Albans Bay on Lake Champlain in Vermont, compares the 

value of properties located adjacent to St. Albans Bay with similar properties located 

adjacent to the shoreline of the main lake near the bay. There was a malfunctioning 

municipal waste treatment plant near the bay that caused some pollution problems. The 
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results show that the properties adjacent to the bay have 20 percent lower values than the 

similar properties that are adjacent to the shoreline of the main lake [33]. 

A different approach is employed in a study by Mendelsohn et al. in the New Bedford, 

Massachusetts harbor. This study uses panel modeling, which is suitable for local 

pollution problems, in order to measure the effect of PCB pollution by using residential 

property values. The results show affected properties have a significant lower value. This 

price reduction, which is associated with timing and location of the waste site area, 

ranges from $7000 to $10,000 (1989 dollars) [34].  
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3. Methodology 

The objective of this chapter is to discuss the employed methods in this thesis. First the 

required background is provided and Bayesian modeling and MCMC algorithms are 

introduced. This will be followed by model specification and details. 

3.1. Background 

3.1.1. Frequentist versus Bayesian 

Frequentist inference and Bayesian inference are two different approaches to statistics. 

Frequentist approach focuses on the frequency of an event (a set of outcomes). The goal 

is to find out the conditional probability of observing specific data given the parameters, 

which is shown by       , where   represents the observed data and   represents the 

true parameter value. In this approach data are random and parameters are fixed or 

known [60]. 

On the other hand in Bayesian approach the goal is to find out the conditional probability 

of parameters given the specific data, which is shown by       . In other words, the 

goal is the probability of the parameter value given the data. In this approach data are 

fixed (limited number) and the probability of parameters is unknown. Bayesian statistics 

normally leads to probability intervals of the parameters. Bayesian Inference updates 

probability interval estimations, using new data [61] [62] [63].  
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3.1.2. Bayes theorem and Bayesian Inference 

Bayesian Inference uses Bayes’ theorem to update the probability estimate for unknown 

parameter values, as additional information is learned from data [64] [65]. 

If   is a set of parameters and       is a set of observations, Bayes’ theorem says: 

         
            

      
 

Equation 3.1 

Where      is the prior probability,          is the posterior probability,          is 

the likelihood function, and        is the marginal likelihood.  

The prior probability of an unknown parameter is a distribution which replaces 

randomness with uncertainty, before observing data. The posterior probability of an 

unknown parameter is a conditional probability distribution estimate, after observing the 

data [65]. The likelihood function of a set of parameter values is the probability of a set 

of observations given those parameter values. Marginal likelihood is the probability of a 

set of observations regardless of parameter values. 

Bayesian inference is a method to update the prior probability distribution to posterior 

probability distribution based on the observed data. Bayesian inference is closer to real 

world thinking; we enter each new situation with our opinion (prior) and update our view 

of reality based on our experience (new data) to develop a current point of view (a 

posterior). 
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3.1.3. Conjugate and Non-Conjugate Prior 

When the combination of prior distribution and likelihood distribution results in a 

posterior which is in the same family of the prior, the prior is conjugate to the likelihood. 

A common example of conjugate prior is Gaussian distribution, which is a conjugate 

prior for a Gaussian likelihood. In other words having a Gaussian prior leads to a 

Gaussian Posterior if the likelihood function is Gaussian. This means that the distribution 

of the likelihood and the prior can be dealt with in a closed-form solution, so that the 

posterior can be determined analytically. These prior and posterior distributions are called 

conjugate [66].  In this case the distribution of posterior is known and it can be easily 

simulated.  

However in most of the cases the prior is not conjugate and the posterior does not have a 

standard form. As no closed form solution exists for non-conjugate priors, posterior 

approximation must be done numerically. In case of non-conjugate prior, some 

simulation techniques are required to approximate the posterior distribution [67]  

3.1.4. Markov chain 

Markov Chain is defined as the random transition of a system between different states. 

The system is in a certain state in each step. This process is a memoryless process. It 

means that the next state only depends on the current state, not the whole sequence. 

Assuming   ,   , …,    as possible states of the system:  
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Equation 3.2  

This means that      is only a function of   , and does not depend on any earlier states 

of the system.  

                                                      

Equation 3.3 

Since the distribution of      depends only on   , we do not need to retain the previous 

system states. In other words, the probability of the next step is conditionally independent 

of previous time steps except for the immediate predecessor.  

The probabilities of each possible next state based on the current state, are called 

transition probabilities. To describe a Markov chain a set of all possible states and 

transition matrix, which is consisted from transition probabilities, should be defined. It is 

not possible to certainly predict the next state of the system and the transition process can 

go on forever [68] [69] [70]. 

3.1.5. Monte Carlo 

Monte Carlo methods are a group of numerical algorithms that use repeated random 

sampling to determine the properties of a phenomenon [71]. For example assume   as a 

random variable with the expected value of  . By generating   independent random 

variables   ,   , …,     with the same distribution,   can be approximated by: 
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Equation 3.4 

   gets closer to   as the number of samples increases. 

One of the main applications of Monte Carlo methods is to generate samples from a 

probability distribution. This is a helpful approach when it is impossible to obtain a 

closed form expression for the desired distribution [72] [73]. 

3.1.6. Markov chain Monte Carlo 

Markov chain Monte Carlo (MCMC) is a class of computing methods. At first it was 

developed by physicists to compute complex integrals by using random number 

generation.  

The main application of these numerical algorithms is to simulate distributions. By 

generating samples the target distribution can be simulated numerically. It is a useful 

approach to use MCMC when it is not possible to derive a closed form of desired 

distribution.   

Markov chain Monte Carlo methods refer to a group of algorithms which sample from 

probability distributions based on constructing a Markov chain. After a large number of 

transition steps, the state of the chain is used as a sample of the desired probability 

distribution. Normally Markov chains in MCMC have discrete steps and continuous state 

space [74] [75]. 

In Bayesian inference MCMC can be used as a simulation technique for sampling from 

posterior. This method is a so practical when the posterior does not have a standard form. 

http://en.wikipedia.org/wiki/Probability_distribution
http://en.wikipedia.org/wiki/Closed-form_expression


24 

 

MCMC algorithms generate samples from the posterior density to approximate the 

required distribution by constructing Markov chains. These samples only depend on the 

previous one, and improve as the number of steps increase. Each Markov chain starts 

with an initial value and has posterior as a target distribution [76] [77]. 

3.2. Model Specification 

The Average residential property value in each state is modeled as a function of 

population and water pollution in each state. The first idea of our model comes from 

studying sewage outflows data and trying to find a model for the influence of water 

quality on property value. We observe that property value has a linear relationship with 

water quality. We tried some potential models such as linear, exponential, and etc. We 

found that having a linear model with variable coefficients for pollution and population is 

the best choice for our study. 

Model likelihood, prior probability distributions, and posterior probability distributions 

should be defined, in order to determine a Bayesian model. 

In this model       ,     , and       are respectively the average residential property 

price in the i
th

 state ($100,000), the population of the i
th

 state(1000 persons), and the 

water pollution in the i
th

 state. Water pollution in each state is defined as the number of 

chemicals detected in the water utilities of the state times percentage of population served 

by drinking water contained those chemicals. 

Where        is a Normal distribution with mean    and variance  , the model likelihood 

is defined as: 
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Equation 3.5a 

                       

Equation 3.6b 

This definition of        is equivalent to have a noise function with a Normal distribution 

and define        as: 

                               

Equation 3.6a 

         

Equation 3.7b 

The first definition of        is used as the model likelihood function. In this function   , 

  , and    are coefficients.    shows the effect of all unconsidered factors.    shows the 

effect of population.    shows the effect of pollution. Bayesian inference is used to 

improve our knowledge about the probability distributions of these coefficients. In other 

words data is used to upgrade prior distribution of these coefficients to posterior 

distributions.  

The uninformative prior probability distributions are defined as: 

             ,                                               

Equation 3.8 
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This means   ,   , and    are Normal distributions with mean   and variance     and   

is a Gamma distribution with shape      and rate     .  

Gamma distribution is a continuous distribution which has two positive real parameters. 

The probability density function of Gamma distribution is defined as below:  

          

Equation 3.9a 

            
 

    
           

                  

Equation 3.10b 

The prior probability distributions of   ,   , and    are selected to be normal 

distributions with zero mean and very large variance in order make it as uninformative as 

possible. This is also known as a diffuse prior. The prior probability distribution for   is 

defined to be gamma distribution since it is the conjugate prior to normal distribution 

with known mean.  

In addition to uninformative prior probability distributions a set of informative prior 

probability distributions are defined based on general knowledge of the process. 

Informative prior probability distributions are defined as: 

             ,                                                   
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Equation 3.11 

We chose to leave a diffuse prior for    because it shows the effect of all not considered 

factors and we didn’t want to limit it. On the other hand we chose informative priors for 

   and   . The informative prior probability distributions imply that the effect of 

population on property value is positive and the effect of water pollution on property 

value is negative. 

The purpose is to estimate the posterior probability distributions of   ,   , and    by 

Bayesian inference. This will be done by upgrading the prior probability distributions 

based on data. Posterior distributions are in fact probability distributions of coefficients 

of    function. As mentioned above likelihood function is defined as: 

               

Equation 3.10a 

                       

Equation 3.12b 

It is important to understand the difference between    and              . 

              is defined as the value of price when all covariates are equal to their 

sample means.  

                                              

Equation 3.13 
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              is an instant value for each dataset. However,    has a separate 

distribution for each sample set (          ) from the dataset. It should be noted that 

typical price is equal to the expected value of    in case of having a linear likelihood 

function.  
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4. Data 

Two groups of data are used for analysis and modeling. These two are water quality data 

and residential data. The novelty of our final dataset is in being a combination of these 

two groups of data. In addition our final dataset consists of all the U.S. states data and has 

detailed data for big cities and specific pollutants. Data characteristics and sources are 

discussed in this section. 

4.1. Water Quality Data 

In the process of data gathering many resources were consulted to find water quality data. 

Most of them only consist of the result of specific tests for one water utility on specific 

dates. Altogether, to our knowledge the National Drinking Water database is the biggest 

and completest existing database. This database, which is a group of separate state 

reports, is used to gather and make our required datasets for modeling.  

The National Drinking Water database is gathered by Environmental Working Group, 

which is an American environmental organization. “The mission of the Environmental 

Working Group (EWG) is to use the power of public information to protect public health 

and the environment.” [78] 

Tap water contaminant data of 43 U.S. states over a five year period from 2004 to 2009 is 

recorded. Other states failed to provide water quality data. A large section of the data is 

from analyses conducted by water utilities. Individual chemicals are tested as state or 

federal requirements. A small part of the data is from the tests done by state agencies in 
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short-term monitoring programs. The whole dataset includes nearly 20 million test results 

[79]. This dataset consists of separate reports from states that show contaminants which 

exceeding limits. Each state report has a wide variety of sources from different areas in 

that state. Consisting all the state, federal and agencies test results has made this dataset 

large and complete. Number of chemicals detected in water utilities of each state and the 

amount of top concern pollutants in big cities are used in analyses. 

Water quality data is used in different analyses in this thesis. The first analysis used 

number of chemicals detected in water utilities of each state and influenced population. 

The second and third analyses used total trihalomethanes (TTHMs) and total haloacetic 

acids (HAAs) amount in big cities water utilities. Later analyses used a combination of 

all the data. Following is a description of each group of data features and properties. 

4.1.1. Number of Chemicals Detected in Water Utilities of Each State 

The dataset used for the first model consists of five parameters: 

 Number of water utilities in each state 

 The total number of detected chemicals in water utilities of each state 

 Population served by water utilities in each state 

 Population served by chemicals detected in water utilities in each state 

 Percentage of population served by chemicals detected in water utilities in each 

state 
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Number of detected chemicals means number of types of chemical which are detected in 

water utilities. This dataset is gathered for the modeling from separate state reports of the 

database over a five year period from 2004 to 2009. Table 1 shows our dataset.  

State 
Water 

utilities 

Detected 

chemicals 
Population 

Population served 

with chemicals 

% Population 

served with 

chemicals 

Alabama 362 72 4,883,170 4,565,163 93.49 

Arizona 753 68 4,995,854 4,959,760 99.28 

Arkansas 713 94 2,929,506 2,929,506 100 

California 2655 182 54,146,711 52,625,466 97.19 

Connecticut 607 67 2,696,783 2,695,754 99.96 

Delaware 212 170 889,111 889,111 100 

Florida 1743 103 18,662,845 18,337,674 98.26 

Hawaii 106 37 1,442,030 1,421,834 98.6 

Idaho 726 61 1,063,278 1,057,640 99.47 

Illinois 1,765 101 13,084,369 13,083,669 99.99 

Indiana 778 81 4,630,253 4,545,413 98.17 

Iowa 1135 83 2,661,554 2,660,281 99.95 

Kentucky 386 63 4,908,697 4,804,170 97.87 

Maine 388 74 656,078 656,078 100 

Maryland 478 93 5,156,372 5,150,059 99.88 

Massachusetts 494 94 7,695,428 7,252,397 94.24 

Michigan 926 54 6,710,306 6,074,253 90.52 

Minnesota 937 94 4,150,414 4,144,080 99.85 

Missouri 1506 109 5,184,785 5,184,005 99.98 

Montana 684 67 712,991 712,611 99.95 

Nebraska 605 90 1,412,179 1,411,786 99.97 

Nevada 222 73 2,414,998 2,395,224 99.18 

New Hampshire 1140 91 925,608 897,987 97.02 

New Jersey 627 119 8,619,862 8,612,455 99.91 

New Mexico 616 96 1,657,756 1,633,045 98.51 

New York 2,317 181 17,300,092 17,072,434 98.68 

North Carolina 2146 112 7,352,522 7,348,186 99.94 

North Dakota 327 29 562,310 561,620 99.88 
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Ohio 1297 80 10,103,190 10,088,792 99.86 

Oklahoma 847 39 3,320,844 3,097,608 93.28 

Oregon 845 57 3,191,117 3,171,607 99.39 

Pennsylvania 2060 59 10,834,741 10,827,007 99.93 

Rhode Island 77 80 983,259 958,426 97.47 

South Carolina 103 21 2,236,545 729,333 32.61 

South Dakota 250 26 785,973 658,214 83.75 

Texas 4641 122 20,389,435 20,352,009 99.82 

Utah 434 50 3,802,780 3,731,947 98.14 

Vermont 436 71 410,630 386,801 94.2 

Virginia 1171 93 7,456,511 7,437,750 99.75 

Washington 2182 91 5,288,422 4,980,486 94.18 

West Virginia 32 19 1,285,582 234,926 18.27 

Wisconsin 4278 110 4,694,237 4,461,879 95.05 

Wyoming 212 41 400,966 399,277 99.58 

Table 1. Number of Chemicals Detected in Water Utilities of Each State from 2004 to 2009 

In this dataset number of detected chemicals includes detected chemicals which exceed 

health guidelines, detected chemicals which exceed legal limits, and also unregulated 

detected chemicals. 

Water utilities nationwide detected 316 different kinds of contaminants in water supplied 

to 256 million Americans. 202 of the total 316 detected chemicals are not subject to any 

government regulation or safety standards for drinking water [79]. This means these 

chemicals are legal in any amount. In other words only 114 contaminants from 316 

detected contaminants were subject of U.S. Environmental Protection Agency (EPA) 

enforceable drinking water safety standard. 

According to EWG’s drinking water quality analyses water utilities show 92 percent 

compliance with the United States Environmental Protection Agency for 114 regulated 
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chemicals [79]. This means the regulations are effective. However, there is no regulation 

for many contaminants. 

Most of the data comes from regularly conducted analyses by water utilities. All these 

test results are recorded. Water utilities are identified as out of compliance only if the 

annual average of the test results is above the maximum contaminant level (MCL). Since 

MCLs are based on annual averages for most of the contaminants, water utilities are not 

necessarily out of compliance for exceeding the MCL in one test [79].    

4.1.2. TTHMs and HAAs Amounts in Big Cities Water Utilities 

In addition to state reports, an analysis of big cities drinking water is available in National 

Drinking Water database. In this analysis drinking water quality in 100 big cities (cities 

with population over 250,000) of United States are ranked.  

The top concern for each city is defined as the chemical with the highest average level 

relative to the legal limit for regulated contaminates, or to the national average 

concentration for unregulated contaminates. In most of these cities the top concern is 

TTHMs or HAAs.  

As these two pollutants are the top concern in most cities, we decide to discuss the 

amount of TTHMs and HAAs in big city drinking water in the second and third 

modeling. 

Table 2 shows a ranking (from best to worst) of 100 big city’s drinking water quality, the 

top concern in each city, and the amount of TTHMs and HAAs. 
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City State Top concern THMs (ppb) HAAs (ppb) 

Arlington TX TTHMs 6.7 2.3 

Providence RI TTHMs 22.5 16.4 

Fort Worth TX TTHMs 22.6 11.9 

Charlestone SC HAAs 23.7 21.3 

Boston MA HAAs 3.7 3.7 

Honolulu HI Dieldrin 0.8 0.1 

Austin TX TTHMs 30.6 14.8 

Fairfax County VA TTHMs 23 16 

St. Louis MO HAAs 15.4 19.2 

Minneapolis MN HAAs 29.6 27.3 

Richmond VA HAAs 15 21.5 

Dallas TX TTHMs 32.1 24 

New York NY HAAs 30.8 32 

Oklahoma City OK TTHMs 40 23.5 

Buffalo NY TTHMs 32.3 18.9 

Cincinnati OH TTHMs 33 8.1 

St. Paul MN TTHMs 31.1 18.2 

Sacramento CA HAAs 1.4 17.7 

Milwaukee WI Bromate 5.4 1.1 

Odessa FL HAAs 16.4 14 

Bridgeport CT HAAs 40 31 

Louisville KY TTHMs 22.8 13.9 

Hartford CT TTHMs 33.2 23.5 

Springfield MA HAAs 50.8 38.4 

Seattle WA HAAs 31.5 25.2 

Greensboro NC HAAs 42.6 36.6 

Newport News VA HAAs 24.6 23.5 

Winston-Salem NC HAAs 29.4 27.9 

San Antonio TX HAAs 15.4 11.6 

Kent OH TTHMs 45.8 34.2 

Birmingham AL TTHMs 30.5 23.2 

Pittsburgh PA TTHMs 54 13.1 

San Francisco CA Nitrate 8.6 24.9 

Chicago IL Combined Radium (-226 16.1 8.2 
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& -228) 

Toledo OH TTHMs 35.7 11.9 

Oakland CA TTHMs 28 16 

New Haven CT TTHMs 37 26 

Manatee County FL TTHMs 22.8 14.1 

Monroe County NY TTHMs 53.8 6 

Long Beach CA Arsenic (total) 2.6 10.5 

New York NY HAAs 37.3 42.6 

Layton UT Thallium (total) 18.2 15.6 

Fort Wayne IN TTHMs 22.8 14.4 

Corpus Christi TX TTHMs 38 26.5 

Tacoma WA HAAs 6.5 20.6 

Miami FL HAAs 18.7 22.4 

Palm Beach County CA HAAs 24.7 17.8 

Bryn Mawr PA TTHMs 31.7 22.3 

Erie County NY TTHMs 53.7 21.7 

Plano TX TTHMs 58.3 22 

Albuquerque NM Arsenic (total) 6.2 2.3 

St. Louis County MO HAAs 12 24.8 

Phoenix AZ TTHMs 38.5 16.3 

Stockton CA Arsenic (total) 27.1 8.9 

New York NY HAAs 46.5 47.9 

Mobile AL TTHMs 72.2 26.2 

Pinellas County FL TTHMs 30.1 16.1 

Los Angeles Suburbs CA TTHMs 30.8 14 

Portland OR HAAs 20.2 26.1 

Philadelphia PA TTHMs 44.6 31.4 

Santa Ana CA Nitrate 15 4.2 

Totowa NJ TTHMs 38.1 26.5 

Mahwah NJ HAAs 34.6 26.9 

Norfolk VA TTHMs 49.5 30 

Hillsborough County FL TTHMs 27.7 13.4 

Tucson AZ Arsenic (total) 5.7 0.2 

Lexington KY TTHMs 48.9 26.8 

Tampa FL TTHMs 26.4 16.2 

Baltimore MD HAAs 44.5 42.1 
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Alameda County CA HAAs 14.2 20.9 

Tulsa OK TTHMs 48.4 18.9 

Cleveland OH HAAs 22.5 22.3 

Pittsburgh City PA TTHMs 57.5 15.4 

Raleigh NC TTHMs 42.2 31.4 

Columbus OH Phosphorus 32.5 27.3 

Mesa AZ TTHMs 33.3 13.7 

Charlotte NC TTHMs 43.1 17.1 

Little Rock AR Dibenz[a,h]anthracene 49.8 29.7 

Anaheim CA Alpha particle activity 3.2 18 

Salt Lake City UT HAAs 12.2 26.7 

Orlando FL TTHMs 50.4 20.1 

Montgnomery & Prince 

George's Counties 
MD HAAs 31.8 34.6 

Los Angeles CA HAAs 34.4 29 

San Jose CA Nitrate 1.8 10 

Haworth NJ Dieldrin 13.3 3.4 

Cocoa FL TTHMs 49.8 25.4 

West Milford NJ HAAs 48.4 51.4 

Chino Hills CA Nitrate 0.4 7.9 

Fresno CA Nitrate 0.1 1.7 

Indianapolis IN HAAs 33.6 36.6 

Jacksonville FL TTHMs 48 13.3 

San Diego CA 
Gross beta particle 

activity 
41 17.8 

North Las Vegas NV TTHMs 50 18 

Omaha NE Arsenic (total) 16.6 17 

Houston TX Alpha particle activity 20.1 22.2 

Reno NV Arsenic (total) 39.6 20.4 

Riverside County CA Perchlorate 8.8 14.5 

Las Vegas NV TTHMs 62 27 

Riverside CA Perchlorate 0.9 0.9 

Pensacola FL MTBE 0.2 0.6 

Table 2. Big Cities Ranking, Top Concern and Amount of TTHMs and HAAs (ppb) from 2004 to 2009 

Here is a review of ranking factors and methods.  
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Three factors are considered by EWG to rank drinking water quality. These factors are 

[79]: 

 Number of Chemicals found  

 Percentage of detected chemicals in tested chemicals 

 Average level of each pollutant comparative to either legal limits or national 

average 

The first factor is the total number of detected chemicals which is consists of chemicals 

which exceed health guidelines, chemicals which exceed legal limits, and also 

unregulated chemicals. 

The second factor is the percentage of detected chemicals in all tested chemicals. Some 

states did not provide data for all the chemicals which are tested but not detected. 

Therefore, the number of reported tests is fewer than mandatory number of tests. In these 

cases EWG assumed that these water utilities tested for all 80 contaminants which are 

mandatory to test [79].  

The third factor is the average level of each pollutant comparative to either legal limits or 

national average. The amount of regulated contaminates are compared to legal limits. 

However the amount of unregulated contaminates are compared to national average 

concentrations. National average concentrations are computed based on the data from 

utilities that reported detecting that contaminant [79].  

The calculated value for each factor is scaled from 0 to 100 for all utilities. In addition 

weights are assigned to each of three factors according to their importance. A weight of 
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0.3 is assigned to the number of chemicals found (first factor), a weight of 0.2 is assigned 

to the percentage of detected chemicals in tested chemicals (second factor), and a weight 

of 0.5 is assigned to the average level of each pollutant comparative to either legal limits 

or national average. The final ranking is calculated by summing weighted ranks for three 

factors [79]. 

4.2. Residential Data 

In addition to drinking water quality data, residential data is also used in analysis and 

modeling. Average property value in all the states and in big cities is obtained by average 

listing price. In addition population of all the states and big cities are also used in 

modeling. 

4.2.1. Residential property price 

Residential property price in states and in big cities are collected from a wide range of 

real estate information services. These data can change over time. The data collection 

process has done in September 2012. Table 3 shows the average residential property price 

in each state. The average price was available for all the states. However, to our 

knowledge there is no complete source including standard deviation and other statistical 

parameters.  

State 
Average Property 

Price (1000$) 
State 

Average Property 

Price (1000$) 

Alabama 625 New Hampshire 313 

Arizona 288 New Jersey 131 
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Arkansas 217 New Mexico 120 

California 405 New York 707 

Connecticut 566 North Carolina 27 

Delaware 333 North Dakota 316 

Florida 612 Ohio 177 

Hawaii 912 Oklahoma 602 

Idaho 335 Oregon 642 

Illinois 470 Pennsylvania 746 

Indiana 178 Rhode Island 450 

Iowa 174 South Carolina 488 

Kentucky 607 South Dakota 319 

Maine 498 Texas 279 

Maryland 402 Utah 407 

Massachusetts 535 Vermont 348 

Michigan 594 Virginia 352 

Minnesota 255 Washington 347 

Missouri 203 West Virginia 194 

Montana 493 Wisconsin 227 

Nebraska 191 Wyoming 523 

Nevada 398   

Table 3. Average Residential Property Value in Different States 

The average price in each state is calculated by averaging the price listings. 

4.2.2. Population 

Population of all the states and big cities are also used in modeling. These data are from 

2010 United States Census Bureau [80]. 
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5. Analysis and Modeling 

Related bud distinct analyses have been conducted in order to study the influence of 

drinking water quality on residential property value. Section 5.1 presents Bayesian 

inference of residential property value in different states based on population and 

drinking water quality. Sections 5.2 and 5.3 are Bayesian inference of residential property 

value in big cities based on population and different factors of drinking water quality. 

Sections 5.4 to 5.7 are hierarchical Bayesian inference of residential property value in big 

cities based on population and different factors of drinking water quality in city and state 

level. Figure 1 shows how each section and analysis is related. 

 

Figure 1. Connection between Sections and Analyses 
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5.1. Bayesian Inference of Property Value in Different States 

In this analysis a model of residential property value in different states is developed based 

on population, number of detected chemicals in water utilities, and percentage of 

population served by drinking water containing those chemicals. The following sections 

explain model specification, implementation and results and continue with a brief 

discussion. 

5.1.1. Model  

The Average residential property value in each state is modeled as a function of 

population and water pollution in each state. In this model       ,     , and       are 

respectively the average residential property price in the i
th

 state ($100,000), the 

population of the i
th

 state(1000 persons), and the water pollution in the i
th

 state.  

Where        is a Normal distribution with mean    and variance  , the model likelihood 

is defined as: 

               

Equation 5.1a 

                       

Equation 5.2b 

The uninformative prior probability distributions are defined as: 

             ,                                              
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Equation 5.3 

Informative prior probability distributions are defined as: 

             ,                                                   

Equation 5.4 

The purpose is to estimate the posterior probability distributions of   ,   , and    by 

Bayesian inference. This will be done by upgrading the prior probability distributions 

based on data.  

5.1.2. Implementation 

All details of the model are explained above. The purpose of this model is to find 

posterior distributions which lead to an upgraded function for average residential 

property price in each state based on water population and water pollution in that state. 

Since the combination of prior distributions and likelihood distribution does not result in 

a posterior from the same family of the prior, the prior and posterior distributions are 

non-conjugate. Therefore MCMC algorithms are used to make inference about the model.  

The model is developed using WinBUGS software. WinBUGS is software for Bayesian 

inference. This software is a version of BUGS (Bayesian inference Using Gibbs 

Sampling) project [81]. WinBUGS is a practical tool for using MCMC algorithms in 

Bayesian inference. 

Two experiments have been done, one with uninformative prior distribution and the other 

one with informative prior distributions. In each experiment these steps are followed: 



43 

 

 Defining model specifications 

 Loading data 

 Compiling the model 

 Setting required nodes 

 Updating model for 10000 iterations 

 Recording the results  

5.1.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   ,   , and   can be estimated. These properties are mean, standard deviation, 2.5
th

 

percentile, median, and 97.5
th

 percentile. 

The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 4 shows the parameter values properties of posterior distributions using 

uninformative priors. Table 5 shows the parameter values properties of posterior 

distributions using informative priors. 

Node Mean SD 2.5% Median 97.5% 

Beta0 -0.0011 0.1523 -0.3 -0.0026 0.2972 

Beta1 0.2943 0.1877 -0.0769 0.2933 0.6687 

Beta2 -0.3559 0.189 -0.7261 -0.7044 0.0168 

Tau 1.031 0.1893 0.6961 1.018 1.432 

Table 4. State Based Properties of posterior based on uninformative prior 
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Node Mean SD 2.5% Median 97.5% 

Beta0 -0.0001 0.1571 -0.3087 -0.0026 0.3067 

Beta1 0.4996 0.1969 0.124 0.4944 0.9042 

Beta2 -0.7106 0.2046 -1.132 -0.7044 -0.3331 

Tau 0.9742 0.1894 0.639 0.9609 1.378 

Table 5. State Based Properties of posterior based on informative prior 

As mentioned in model specification model likelihood is defined as:  

                       

Equation 5.5 

Based on the above results the expected value of    for each sample set (          ) 

using uninformative priors is equal to: 

                                         

Equation 5.6 

The expected value of    for each sample set (          ) using informative priors is 

equal to: 

                                         

Equation 5.7 
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These functions for expected value of    for each sample set is written using mean of   , 

  , and   . Results of experiments with informative prior and uninformative prior may 

seem similar. However, the small changes in model’s coefficients can lead to a 

significant change in price estimation. Based on the equation with uninformative prior 

(equation 5.5) the average value of a property will be $29,430 higher with each additional 

1000 inhabitants. On the other hand the average value of a property will be $35,590 

lower with each extra chemical detected in the water utilities (consuming that the 

chemical effect all the state population). However, based on the equation with 

informative prior (equation 5.6) the average value of a property will be $49,960 higher 

with each additional 1000 inhabitants. On the other hand the average value of a property 

will be $71,060 lower with each extra chemical detected in the water utilities (consuming 

that the chemical effect all the state population). 

The relationship between residential property value, drinking water pollution, and 

population in the form of the 50
th

, 2.5
th,

 and 97.5
th

 confidence surfaces is shown in 

following 3D graphs. Figure 2, 3, 4 and 5 show different views of the 3D graph. 
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Figure 2. First view of 3D graph including median and confidence surfaces 

 



47 

 

Figure 3. Second view of 3D graph including median and confidence surfaces 

 

Figure 4. Third view of 3D graph including median and confidence surfaces 
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Figure 5. Fourth view of 3D graph including median and confidence surfaces 

These surfaces provide estimation for residential property value of the state based on 

different levels of population and water pollution in the state. 

5.1.4. Discussions 

In this analysis the Average residential property value in each state is modeled as a 

function of population and water pollution in each state.  

               

Equation 5.8a 
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Equation 5.9b 

The final equation of    (the mean value of property price distribution) gives us a model 

to estimate property price based on population and water pollution. The expected value of 

   for each sample set (          ) using uninformative priors is equal to: 

                                         

Equation 5.10 

 And with informative priors is equal to: 

                                         

Equation 5.11 

This model shows the strong direct effect of population and strong indirect effect of water 

pollution on the residential property price in different states. 

  ,   , and    are coefficients.    shows the effect of all unconsidered factors.  

   shows the effect of population. Positive amounts of    show a direct relationship 

between property price and population and negative amounts show an indirect 

relationship between them. According to the results    has positive means of 0.2943 and 

0.4996 in inferences with uninformative prior and informative prior. This means that the 

relationship between property price and population is direct.  

   shows the effect of water pollution. Positive amounts of    show a direct relationship 

between property price and water pollution and negative amounts show an indirect 
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relationship between them. According to the results    has negative means of -0.3559 

and -0.7106 in inferences with both uninformative prior and informative prior. This 

means that the relationship between property price and water pollution is indirect. 

Informative prior probability distributions are defined in a way that implies a direct 

relationship between property price and population and an indirect relationship between 

property price and water pollution. 

The mean of   , which is 0.4996, is a larger positive number when using informative 

prior in compare of using uninformative prior, which is 0.2943. This means informative 

prior leads to a stronger direct relationship between property value and population.  

The mean of    , which is 0.7106, has higher negativity when using informative prior in 

compare of using uninformative prior, which is -0.3559. This means informative prior 

leads to a stronger indirect relationship between property value and water pollution. 

These correlations don’t necessarily imply causation.  

Relationship between water quality and property value is different in each state. This 

difference between states is a result of various geographical, environmental, and 

economical situations. States should comply with different federal and state level 

regulations. However enforcement policies are also an important factor in the state 

compliance. Stronger relationship can be interpreted as the important role of 

environmental factors in that state which can lead to more value in long term.  

The functions for expected value of    for each sample set is written using mean of of   , 

  , and   . However each one of   ,   , and    is a probability distribution. Having 
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sample sets of (                 ) for all the states and using the mean value of    and 

  , gives    for each state. These numbers belong to a normal distribution with a negative 

mean. They can be positive or negative; however they have a negative average. Table 6 

shows    for each state. 

State Beta State Beta 

Alabama 0.08 New Hampshire 0.14 

Arizona -0.16 New Jersey 0.20 

Arkansas 0.11 New Mexico 0.07 

California -36.29 New York -0.46 

Connecticut 0.11 North Carolina 0.37 

Delaware 1.86 North Dakota -0.84 

Florida -0.14 Ohio 0.00 

Hawaii 0.12 Oklahoma 0.31 

Idaho -0.41 Oregon 0.14 

Illinois -0.44 Pennsylvania 0.09 

Indiana 0.00 Rhode Island 0.05 

Iowa 0.02 South Carolina 1.19 

Kentucky 0.13 South Dakota -1.00 

Maine 0.09 Texas 0.49 

Maryland -36.08 Utah 7.99 

Massachusetts -0.09 Vermont -0.34 

Michigan 0.23 Virginia 0.37 

Minnesota 0.14 Washington 0.15 

Missouri 0.21 West Virginia -0.52 

Montana 0.20 Wisconsin 0.20 

Nebraska 0.07 Wyoming 0.45 

Nevada -3.01   

Table 6. Coefficient of the effect of water pollution for each state 

These coefficients are used in hierarchical Bayesian inferences in sections 5.5 and 5.7. 
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5.2. Bayesian Inference of Property Value in Big Cities Based on 

TTHMs  

In this analysis a model of residential property value in 100 big cities (with population 

over 250,000) of the United States is developed based on population and total 

trihalomethanes (TTHMs) water pollution. The following sections explain model 

specification, implementation and results and continue with a brief discussion.  

5.2.1. Model  

The Average residential property value in 100 big cities of the United States is modeled 

as a function of population and TTHMs water pollution in each city.  

In this model       ,     , and        are respectively the average residential property 

price in the i
th

 big city($100,000), the population of the i
th

 big city(1000 person), and the 

TTHMs water pollution in the i
th

 big city. Other model parameters are the same as the 

first analysis. 

The model likelihood is defined as: 

               

Equation 5.12a 

                        

Equation 5.13b 

The uninformative prior probability distributions are defined as: 
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Equation 5.14 

Informative prior probability distributions are defined as: 

             ,                                               

Equation 5.15 

We chose to leave a diffuse prior for    because it shows the effect of all not considered 

factors and we didn’t want to limit it. On the other hand we chose informative priors for 

   and   . The informative prior probability distributions imply that the effect of 

population on property value is positive and the effect of TTHMs water pollution on 

property value is negative. 

The purpose is to estimate the posterior probability distributions of   ,   , and    by 

Bayesian inference. This will be done by updating the prior probability distributions 

based on data. 

5.2.2. Implementation 

The purpose of this model is to find posterior distributions which lead to an updated 

function for average residential property price in each city based on population and 

TTHMs water pollution in that city. Since the combination of prior distributions and 

likelihood distribution does not result in a posterior from the same family of the prior, the 

prior and posterior distributions are non-conjugate. Therefore MCMC algorithms are 

used to make inference about the model.  
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Again the model is developed using WinBUGS software. Two experiments have been 

done, one with uninformative prior distribution and the other one with informative prior 

distributions.  

5.2.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   ,   , and   can be estimated. These properties are mean, standard deviation, 2.5
th

 

percentile, median, and 97.5
th

 percentile. 

The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 7 shows the parameter values properties of posterior distributions using 

uninformative priors. Table 8 shows the parameter values properties of posterior 

distributions using informative priors. 

Node Mean SD 2.5% Median 97.5% 

Beta0 -0.0005 0.105 -0.2079 -0.0018 0.2057 

Beta1 0.1595 0.1052 -0.0470 0.1589 0.3653 

Beta2 -0.313 0.1057 -0.5235 -0.3179 -0.111 

Tau 1.117 0.1769 0.7997 1.106 1.49 

Table 7. TTHMs Based Properties of posterior based on uninformative prior 

 

Node Mean SD 2.5% Median 97.5% 
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Beta0 -0.0005 0.105 -0.2079 -0.0018 0.2057 

Beta1 0.1606 0.1052 -0.0459 0.16 0.3666 

Beta2 -0.319 0.1057 -0.5246 -0.3189 -0.1119 

Tau 1.117 0.1769 0.7993 1.106 1.49 

Table 8. TTHMs Based Properties of posterior based on informative prior 

As mentioned in model specification model likelihood is defined as:  

                        

Equation 5.16 

Based on the above results the expected value of    for each sample set (           ) 

using uninformative priors is equal to: 

                                         

Equation 5.17 

The expected value of    for each sample set (           ) using informative priors is 

equal to: 

                                         

Equation 5.18 

These functions for expected value of    for each sample set is written using mean of of 

  ,   , and   . Based on the with uninformative prior (equation 5.14) the average value 

of a property will be $15,950 higher with each additional 1000 inhabitants. On the other 

hand the average value of a property will be $31,300 lower with each extra unit of 



56 

 

TTHMs  pollution. However, based on the equation with informative prior (equation 

5.15) the average value of a property will be $16,060 higher with each additional 1000 

inhabitants. On the other hand the average value of a property will be $31,900 lower with 

each extra unit of TTHMs pollution. Using informative priors change the results a little. 

However these changes were more significant in state level. An explanation is that in big 

cities more diverse groups of factors affect the property price. Therefore, no matter how 

limited the priors are, the influence of water quality is smaller than state level and we 

cannot increase it a lot by using informative priors. 

5.2.4. Discussion 

In this analysis the Average residential property value in 100 big cities of the United 

States is modeled as a function of population and TTHMs water pollution in each city.  

The final equation of    (the mean value of property price distribution) gives us a model 

to estimate property price based on population and TTHMs water pollution. The expected 

value of    for each sample set (           ) using uninformative priors is equal to: 

                                         

Equation 5.19 

And for informative priors is equal to: 

                                         

Equation 5.20 
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This model shows the direct effect of population and indirect effect of TTHMs water 

pollution on the residential property price in big cities. 

Similar to the first study results,    has a positive mean in inferences with both 

uninformative prior and informative prior. It has a mean of 0.1595 for uninformative 

prior and 0.1606 for informative prior. This means that the relationship between property 

price and population is direct. However    has smaller means compare to the state study 

which has a mean of 0.4996. This can imply that the effect of population is stronger in 

state level. In addition only cities with population over 250,000 are considered in this 

study and they are not selected from cities with diverse range of populations. This can 

explain the less strong effect of population in the model. 

   has a negative mean in inferences with both uninformative prior and informative prior. 

It has a mean of -0.313 for uninformative prior and -0.319 for informative prior. This 

means that the relationship between property price and TTHMs water pollution in big 

cities is indirect. These correlations don’t necessarily imply causation. 

It seems that residential property price is more related to water pollution in state level 

compare to big cities. An explanation is that in big cities more diverse groups of factors 

affect the property price. 
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5.3. Bayesian Inference of Property Value in Big Cities Based on 

HAAs  

In this analysis a model of residential property value in 100 big cities (with population 

over 250,000) of the United States is developed based on population and total haloacetic 

acids (HAAs) water pollution. The following sections explain model specification, 

implementation and results and continue with a brief discussion.  

5.3.1. Model  

The Average residential property value in 100 big cities of the United States is modeled 

as a function of population sand HAAs water pollution in each city.  

In this model       ,     , and       are respectively the average residential property 

price in the i
th

 big city ($100,000), the population of the i
th

 big city (1000 persons), and 

the HAAs water pollution in the i
th

 big city. Other model parameters are the same as the 

first analysis. 

The model likelihood is defined as: 

               

Equation 5.21a 

                       

Equation 5.22b 

The uninformative prior probability distributions are defined as: 
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             ,                                              

Equation 5.23 

Informative prior probability distributions are defined as: 

             ,                                               

Equation 5.24 

We chose to leave a diffuse prior for    because it shows the effect of all not considered 

factors and we didn’t want to limit it. On the other hand we chose informative priors for 

   and   . The informative prior probability distributions imply that the effect of 

population on property value is positive and the effect of HAAs water pollution on 

property value is negative. 

The purpose is to estimate the posterior probability distributions of   ,   , and    by 

Bayesian inference. This will be done by upgrading the prior probability distributions 

based on data. 

5.3.2. Implementation 

The purpose of this model is to find posterior distributions which lead to an upgraded 

function for average residential property price in each city based on population and 

HAAs water pollution in that city. Since the combination of prior distributions and 

likelihood distribution does not result in a posterior from the same family of the prior, the 

prior and posterior distributions are non-conjugate. Therefore MCMC algorithms are 

used to make inference about the model.  
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Again the model is developed using WinBUGS software. Two experiments have been 

done, one with uninformative prior distribution and the other one with informative prior 

distributions.  

5.3.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   ,   , and   can be estimated. These properties are mean, standard deviation, 2.5
th

 

percentile, median, and 97.5
th

 percentile. 

The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 9 shows the parameter values properties of posterior distributions using 

uninformative priors. Table 10 shows the parameter values properties of posterior 

distributions using informative priors. 

Node Mean SD 2.5% Median 97.5% 

Beta0 -0.0005 0.1099 -0.2176 -0.0019 0.2153 

Beta1 0.1617 0.1101 -0.0545 0.1611 0.3771 

Beta2 -0.132 0.1107 -0.3471 -0.132 0.0846 

Tau 1.02 0.1615 0.7301 1.01 1.36 

Table 9. HAAs Based Properties of posterior based on uninformative prior 

 

Node Mean SD 2.5% Median 97.5% 
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Beta0 -0.0005 0.1099 -0.2176 -0.0019 0.2152 

Beta1 0.1629 0.1101 -0.0533 0.1623 0.3785 

Beta2 -0.1332 0.1107 -0.3484 -0.1331 0.0835 

Tau 1.02 0.1615 0.7297 1.009 1.36 

Table 10. HAAs Based Properties of posterior based on informative prior 

As mentioned in model specification model likelihood is defined as:  

                       

Equation 5.25 

Based on the above results the expected value of    for each sample set (          ) 

using uninformative priors is equal to: 

                                        

Equation 5.26 

The expected value of    for each sample set (          ) using informative priors is 

equal to: 

                                        

Equation 5.27 

These functions for expected value of    for each sample set is written using mean of of 

  ,   , and   . Based on the equation with uninformative prior (equation5.22) the 

average value of a property will be $16,170 higher with each additional 1000 inhabitants. 

On the other hand the average value of a property will be $13,200 lower with each extra 
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unit of HAAs pollution. However, based on the equation with informative prior (equation 

5.23) the average value of a property will be $16,290 higher with each additional 1000 

inhabitants. On the other hand the average value of a property will be $13,320 lower with 

each extra unit of HAAs pollution. Using informative priors change the results a little. 

However these changes were more significant in state level. An explanation is that in big 

cities more diverse groups of factors affect the property price. Therefore, no matter how 

limited the priors are, the influence of water quality is smaller than state level and we 

cannot increase it a lot by using informative priors. 

5.3.4. Discussion 

In this analysis the Average residential property value in 100 big cities of the United 

States is modeled as a function of population and HAAs water pollution in each city. 

The final equation of    (the mean value of property price distribution) gives us a model 

to estimate property price based on population and TTHMs water pollution. The expected 

value of    for each sample set ((          ) using uninformative priors is equal to: 

                                       

Equation 5.28 

And with informative priors is equal to: 

                                         

Equation 5.29 
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This model shows the direct effect of population and indirect effect of HAAs water 

pollution on the residential property price in big cities. 

Similar to the first study results,    has a positive mean in inferences with both 

uninformative prior and informative prior. It has a mean of 0.1617 for uninformative 

prior and 0.1629 for informative prior. This means that the relationship between property 

price and population is direct. However again    has smaller means compare to the state 

study, which is 0.4996. This can imply that the effect of population is stronger in state 

level.  

   has a negative mean in inferences with both uninformative prior and informative prior. 

It has a mean of -0.132 for uninformative prior and -0.1332 for informative prior. This 

means that the relationship between property price and HAAs water pollution in big cities 

is indirect. These correlations don’t necessarily imply causation. 

Comparing the results of the experiments based on TTHMs and HAAs water pollutions 

show that in big cities TTHMs water pollution has a greater correlation on property price 

than HAAs water pollution. 

5.4. Hierarchical Bayesian Inference of Property Value in Big 

Cities Based on TTHMs and General State Level Effect 

In this analysis a hierarchical model of residential property value in 100 big cities (with 

population over 250,000) of the United States is developed based on population and total 

trihalomethanes (TTHMs) water pollution. In addition the general state level effect of 
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water pollution on property price is used. The following sections explain model 

specification, implementation and results and continue with a brief discussion. 

5.4.1. Model  

The Average residential property value in 100 big cities of the United States is modeled 

as a function of population, TTHMs water pollution in each city, and general state level 

effect of water pollution on property price.  

In this model       ,     , and        are respectively the average residential property 

price in the i
th

 big city, the population of the i
th

 big city, and the TTHMs water pollution 

in the i
th

 big city. Other model parameters are the same as the first analysis. 

The model likelihood is defined as: 

               

Equation 5.30a 

                        

Equation 5.31b 

          

Equation 5.32 

   , the coefficient of        , is a function of  .   is the expected value for coefficient 

of water pollution in estimating the property price in state level. According to the first 

analysis   is equal to -0.3559.  
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The prior probability distributions are defined as: 

             ,                                                          

Equation 5.33 

5.4.2. Implementation 

The purpose of this model is to find posterior distributions which lead to an updated 

function for average residential property price in each city based on population, TTHMs 

water pollution in that city and general state level effect of water pollution on property 

price. MCMC algorithms are used to make inference about the model and the model is 

developed using WinBUGS software.  

5.4.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   , a, b, and   can be estimated. These properties are mean, standard deviation, 

2.5
th

 percentile, median, and 97.5
th

 percentile. 

The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 11 shows the parameter values properties of posterior distributions. 

Node Mean SD 2.5% Median 97.5% 

Beta0 0.0004 0.1047 -0.2058 -0.0005 0.2061 

Beta1 0.1599 0.1048 -0.0471 0.1592 0.3659 

A 0.2745 0.9343 -1.844 0.1798 1.868 
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B -0.2176 3.325 -6.602 -0.1885 6.614 

Tau 1.119 1.1782 1.7984 1.109 1.487 

Table 11. TTHMs Based General Hierarchical Properties of posterior 

The mean of    can be calculated based on the results for a and b. 

                                    

Equation 5.34 

As mentioned in model specification model likelihood is defined as:  

                        

Equation 5.35 

          

Equation 5.36a 

   -0.3559 

Equation 5.37b 

Based on the above results the expected value of    for each sample set (           ) is 

equal to: 

                                        

Equation 5.38 
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This function for expected value of    for each sample set is written using mean of of   , 

  , and   . Based on this equation (equation 5.32) the average value of a property will be 

$15,990 higher with each additional 1000 inhabitants. On the other hand the average 

value of a property will be $31,530 lower with each extra unit of TTHMs pollution. 

5.5. Hierarchical Bayesian Inference of Property Value in Big 

Cities Based on TTHMs and Specific State Level Effect 

In this analysis a hierarchical model of residential property value in 100 big cities (with 

population over 250,000) of the United States is developed based on population and total 

trihalomethanes (TTHMs) water pollution. In addition the specific state level effect of 

water pollution on property price is used. The following sections explain model 

specification, implementation and results and continue with a brief discussion. 

5.5.1. Model  

The Average residential property value in 100 big cities of the United States is modeled 

as a function of population, TTHMs water pollution in each city, and specific state level 

effect of water pollution on property price.  

In this model       ,     , and        are respectively the average residential property 

price in the i
th

 big city, the population of the i
th

 big city, and the TTHMs water pollution 

in the i
th

 big city. Other model parameters are the same as the first analysis. 

The model likelihood is defined as: 
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Equation 5.39a 

                        

Equation 5.40b 

           

Equation 5.41 

   , the coefficient of        , is a function of   .    is the coefficient of water pollution 

for the state that the i
th

 city belongs to, in estimating the property price in state level. 

Table 5 in the first analysis shows the amount of   for different states. 

The prior probability distributions are defined as: 

             ,                                                          

Equation 5.42 

5.5.2. Implementation 

The purpose of this model is to find posterior distributions which lead to an updated 

function for average residential property price in each city based on population, TTHMs 

water pollution in that city, and specific state level effect of water pollution on property 

price. MCMC algorithms are used to make inference about the model and the model is 

developed using WinBUGS software. 
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5.5.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   , a, b, and   can be estimated. These properties are mean, standard deviation, 

2.5
th

 percentile, median, and 97.5
th

 percentile. 

The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 12 shows the parameter values properties of posterior distributions. 

Node Mean SD 2.5% Median 97.5% 

Beta0 -0.061 0.1074 -0.2756 -0.0615 0.1497 

Beta1 0.1989 0.1047 -0.01 0.1985 0.4034 

A 0.0137 0.007 0.0002 0.0137 0.0274 

B -0.1881 0.1215 -0.4292 -0.1881 0.0539 

Tau 1.161 0.1862 0.8253 1.15 1.456 

Table 12. TTHMs Based Specific Hierarchical Properties of posterior  

The mean of    for each state can be calculated based on the results for a and b. 

                       

Equation 5.43 

As mentioned in model specification model likelihood is defined as:  

                        

Equation 5.44 
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Equation 5.45 

Based on the above results the expected value of    for each sample set (           ) is 

equal to: 

                                                      

Equation 5.46 

This function for expected value of    for each sample set is written using mean of of   , 

and   . Based on this equation (equation 5.39) the average value of a property will be 

$19,890 higher with each additional 1000 inhabitants. However changes in the average 

value of a property is related to the coefficient of water pollution for the state that the city 

belongs to. For example for a city in California, which has a coefficient equal to -

36.2877, the average value of a property will be $68,524 lower with each extra unit of 

TTHMs pollution. However for a city in New York, which has a coefficient equal to -

0.4571, the average value of a property will be $19,436 lower with each extra unit of 

TTHMs pollution.  

5.5.4. Discussion and Comparison 

In hierarchical analyses based on TTHMs, average residential property value in 100 big 

cities of the United States is modeled as a function of population, TTHMs water pollution 

in each city, and state level effect of water pollution on property price. The general 
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analysis used the general state level effect of water pollution on property price and the 

specific analysis used the specific state level effect of water pollution on property price. 

The general analysis provides the expected value of    for each sample set (           ) 

as: 

                                        

Equation 5.47 

However the specific analysis provides the expected value of    for each sample set 

(           ) as: 

                                                      

Equation 5.48 

The general model uses the average data of states, however, the specific model uses the 

data from the state that each city belongs to. 

   is the coefficient of population and    is the coefficient of TTHMs. Since    is 

defined as           ,  both   and   are indirect coefficients of TTHMs. However 

  can be interpreted as the magnitude of the coefficient of state level water population 

because it is the direct coefficient of  . And   can be interpreted as the coefficient of city 

TTHMs water pollution. 

In general analyses the effect of TTHMs and population on property price is similar to 

the experiment that only considers the city effect. This means that in big cities the effect 
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of water pollution on property price is not related to the average effect of state level water 

pollution on property price. The explanation is that big cities have more complex 

structure and they are not necessarily similar to other parts.  

On the other hand in specific analyses the effect of TTHMs and population on property 

price is not similar to the experiment that only considers the city effect. This means that 

the state that each city belongs to, determines the effect of TTHMs pollution on 

residential property price. 

5.6. Hierarchical Bayesian Inference of Property Value in Big 

Cities Based on HAAs and General State Level Effect  

In this analysis a hierarchical model of residential property value in 100 big cities (with 

population over 250,000) of the United States is developed based on population and total 

haloacetic acids (HAAs) water pollution. In addition the general state level effect of 

water pollution on property price is used. The following sections explain model 

specification, implementation and results and continue with a brief discussion. 

5.6.1. Model  

The Average residential property value in 100 big cities of the United States is modeled 

as a function of population, HAAs water pollution in each city, and general state level 

effect of water pollution on property price.  
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In this model       ,     
, and       are respectively the average residential property 

price in the i
th

 big city, the population of the i
th

 big city, and the HAAs water pollution in 

the i
th

 big city. Other model parameters are the same as the first analysis. 

The model likelihood is defined as: 

               

Equation 5.49a 

                       

Equation 5.50b 

          

Equation 5.51 

   , the coefficient of       , is a function of  .   is expected value for coefficient of 

water pollution in estimating the property price in state level. According to the first 

analysis   is equal to -0.3559.  

The prior probability distributions are defined as: 

             ,                                                          

Equation 5.52 
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5.6.2. Implementation 

The purpose of this model is to find posterior distributions which lead to an updated 

function for average residential property price in each city based on population, HAAs 

water pollution in that city, and general state level effect of water pollution on property 

price. MCMC algorithms are used to make inference about the model and the model is 

developed using WinBUGS software.  

5.6.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   , a, b, and   can be estimated. These properties are mean, standard deviation, 

2.5
th

 percentile, median, and 97.5
th

 percentile. 

The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 13 shows the parameter values properties of posterior distributions. 

Node Mean SD 2.5% Median 97.5% 

Beta0 0.0004 0.1095 -0.2154 -0.0005 0.2157 

Beta1 0.1621 0.1097 -0.0545 0.1614 0.3777 

A 0.1928 0.9831 -1.939 0.0552 1.963 

B -0.1038 1.298 -2.579 -0.0925 2.58 

Tau 1.021 0.1627 0.7289 1.013 1.357 

Table 13. HAAs Based General Hierarchical Properties of posterior  

The mean of    can be calculated based on the results for a and b. 
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Equation 5.53 

As mentioned in model specification model likelihood is defined as:  

                       

Equation 5.54 

          

Equation 5.55a 

   -0.132 

Equation 5.56b 

Based on the above results the expected value of    for each sample set (          ) is 

equal to: 

                                      

Equation 5.57 

This function for expected value of    for each sample set is written using mean of of   , 

  , and   . . Based on this equation (equation 5.48) the average value of a property will 

be $16,210 higher with each additional 1000 inhabitants. On the other hand the average 

value of a property will be $12,920 lower with each extra unit of HAAs pollution. 
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5.7. Hierarchical Bayesian Inference of Property Value in Big 

Cities Based on HAAs and Specific State Level Effect  

In this analysis a hierarchical model of residential property value in 100 big cities (with 

population over 250,000) of the United States is developed based on population and total 

haloacetic acids (HAAs) water pollution. In addition the specific state level effect of 

water pollution on property price is used. The following sections explain model 

specification, implementation and results and continue with a brief discussion. 

5.7.1. Model  

The Average residential property value in 100 big cities of the United States is modeled 

as a function of population, HAAs water pollution in each city, and specific state level 

effect of water pollution on property price.  

In this model       ,     , and       are respectively the average residential property 

price in the i
th

 big city, the population of the i
th

 big city, and the HAAs water pollution in 

the i
th

 big city. Other model parameters are the same as the first analysis. 

The model likelihood is defined as: 

               

Equation 5.49a 

                       

Equation 5.58b 
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Equation 5.59 

   , the coefficient of       , is a function of   .    is the coefficient of water pollution 

for the state that the i
th

 city belongs to, in estimating the property price in state level.  

The prior probability distributions are defined as: 

             ,                                                          

Equation 5.60 

5.7.2. Implementation 

The purpose of this model is to find posterior distributions which lead to an updated 

function for average residential property price in each city based on population, HAAs 

water pollution in that city, and specific state level effect of water pollution on property 

price. MCMC algorithms are used to make inference about the model and the model is 

developed using WinBUGS software.  

5.7.3. Results 

Results of Bayesian inference consist of parameter values’ properties of posterior 

probability distributions. Having these properties, the posterior probability distributions 

of   ,   , a, b, and   can be estimated. These properties are mean, standard deviation, 

2.5
th

 percentile, median, and 97.5
th

 percentile. 
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The results of 10,000 iterations for both experiments, discarding n iteration for burn-in, 

are shown. Table 14 shows the parameter values properties of posterior distributions. 

Node Mean SD 2.5% Median 97.5% 

Beta0 -0.0109 0.1119 -0.2359 -0.01168 0.2073 

Beta1 0.1785 0.114 -0.0494 0.1778 0.4015 

A 0.0042 0.0078 -0.0109 0.0043 0.0197 

B -0.0963 0.1259 -0.3462 -0.09634 0.1545 

Tau 1.013 0.1624 0.7199 1.003 1.348 

Table 14. HAAs Based Specific Hierarchical Properties of posterior  

The mean of    for each state can be calculated based on the results for a and b. 

                       

Equation 5.61 

As mentioned in model specification model likelihood is defined as:  

                        

Equation 5.62 

           

Equation 5.63 

Based on the above results the expected value of    for each sample set (           ) is 

equal to: 
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Equation 5.64 

This function for expected value of    for each sample set is written using mean of of   , 

and   . Based on this equation (equation 5.55) the average value of a property will be 

$17,850 higher with each additional 1000 inhabitants. However changes in the average 

value of a property is related to the coefficient of water pollution for the state that the city 

belongs to. For example for a city in California, which has a coefficient equal to -

36.2877, the average value of a property will be $24,870 lower with each extra unit of 

TTHMs pollution. However for a city in New York, which has a coefficient equal to -

0.4571, the average value of a property will be $9,821 lower with each extra unit of 

TTHMs pollution. 

5.7.4. Discussion and Comparison  

In hierarchical analyses based on HAAs, average residential property value in 100 big 

cities of the United States is modeled as a function of population, HAAs water pollution 

in each city, and state level effect of water pollution on property price. The general 

analysis used the general state level effect of water pollution on property price and the 

specific analysis used the specific state level effect of water pollution on property price. 

The general analysis provides the expected value of    for each sample set (          ) 

as: 

                                      

Equation 5.65 
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However the specific analysis provides the expected value of    for each sample set 

(          ) as: 

                                                     

Equation 5.66 

The general model uses the average data of states, however, the specific model uses the 

data from the state that each belongs to. 

   is the coefficient of population and    is the coefficient of HAAs. Since    is defined 

as           ,  both   and   are indirect coefficients of HAAs. However   can be 

interpreted as the magnitude of the coefficient of general state level water population 

because it is the direct coefficient of  . And   can be interpreted as the coefficient of city 

HAAs water pollution. 

In general analyses the effect of HAAs and population on property price is similar to the 

experiment that only considers the city effect. This means that in big cities the effect of 

water pollution on property price is not related to the average effect of state level water 

pollution on property price. The explanation is that big cities have more complex 

structure and they are not necessarily similar to other parts.  

On the other hand in specific analyses the effect of HAAs and population on property 

price is not similar to the experiment that only considers the city effect. This means that 

the state that each city belongs to, determines the effect of  HAAs pollution on residential 

property price.   
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6. Conclusion  

Drinking water quality is an important concern all over the world as poor water quality 

can easily threaten human, environmental and economic health. In terms of improving 

water quality, strong policies and enforcement are as important as technology and 

infrastructure improvements. To take steps toward stronger policies, an understanding of 

economic impact of water quality is required. 

In this thesis the relationship between drinking water quality and residential property 

value based on population is modeled in different levels. This modeling leads to estimate 

the economic impact of drinking water quality, which is an important factor in 

environmental policy making process. 

To select the proper model we study our data. We observe that property value has a linear 

relationship with water quality. We checked other factors such as population and area; 

and also tried some potential models such as linear and exponential. We found that 

having a linear model with variable coefficients for pollution and population is the best 

choice for our study. We also used hierarchical models to consider water pollution in 

different levels such as city and state.  

This thesis features three inter-related statistical analyses. The influence of water quality 

on property price is modeled separately in different states and in big cities. The results of 

the state-level analysis are used as inputs into a hierarchical model of city-level data. This 

model studies the influence of general water quality and the most important pollutants in 
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big cities (TTHMs and HAAs) in state and city levels. Population is considered in all the 

analyses. 

Working on data from an entire country gives us the opportunity to develop a general 

model that is not strongly dependent on local features, which is a novel approach in 

relating property values to local factors. Further, merging data from disparate sources has 

created a novel dataset focusing on urban areas, mixing water quality data and property 

price data in a large scale, and considering population as a factor in all analyses. In 

addition using Bayesian and hierarchical Bayesian methods allow us to study both state 

and city influence at the same time. 

Results of the analyses show that water pollution impact on property price in states has a 

negative mean. In other words, pollution reduces property value. Both TTHMs and 

HAAs, which are generally the most important pollutants in big cities, also have negative 

impact on residential property price in big cities. The impact of TTHMs pollution is more 

than HAAs pollution.  

Results of general hierarchical analyses show that in big cities the effect of TTHMs and 

HAAs pollution in the city is more important than general effect of water pollution. As 

big cities have more complex structure and there are a lot of factors influencing 

residential property price, the effect of general water pollution is not that important. This 

is because big cities have different features which are not necessarily similar to the rest of 

the state they belong to. 
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On the other hand, results of specific hierarchical analyses show that the state that each 

city belongs to, determines the effect of TTHMs and HAAs pollution on residential 

property price. 

Based on the results reducing water pollution in state level can lead to higher property 

price which is a factor that shows people willingness to pay for better water quality. In 

other words this can be counted as one of the economic benefits of improving water 

quality. This could be useful in policy making cost-benefit analyses.  

It is important to notice that what we have found is the relationship between water quality 

and property price and it does not mean that water quality is the direct reason of these 

price changes. In other words this correlation does not imply causation.  

Property price is a function of different parameters such as property features, 

neighborhood features (including environmental quality factors) and economy. We have 

shown that improvement in water quality is correlated to increase in property value. 

Better water quality is not necessarily the direct reason of increase in property value.  

Different states and cities have different level of correlation between property value and 

water quality. Stronger relationship can be interpreted as the important role of 

environmental factors in that states or cities which can lead to more value in long term. 

However water quality is not necessarily the direct reason of increase in property value. 
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The same thing is true for big cities as well. However in big cities the importance of top 

concern pollutant is much higher. As an example, to gain more economic benefits from 

water quality improvement in big cities, it’s better to focus on top concern pollutants 

(which are normally TTHMs and HAAs). 

Moreover, we need to consider the state that each big city belongs to, in order to estimate 

the economic benefits from decreasing TTHMs and HAAs pollution in that big city. In 

other words the effect of water pollution on property value in that state level can change 

the effect of TTHMs pollution on property value in city level. 

Analyzing data from an entire country lets us to focus on the mean behavior. This means 

that the exact location and structural features are overshadowed by diversity. These 

findings can be used as a decision support system for environmental policy making. In 

addition to general modeling in state level, city level modeling gives us the opportunity to 

consider different and more complex structures of big cities. 

These models are helpful to predict the economical impact of improvement in water 

quality in different scales. Getting more economic benefits can be a motivation to invest 

more budget in water quality improvement.  

Solving water pollution problems has different aspects including knowledge and 

education, technology and methods, and law and management. Knowledge and education 

is the first step. Public awareness and academic education and research on both 

technological and economical aspects are necessary. The second step is developing water 

treatment, sewage treatment, and ecosystem restoration methods and equipments. At last 
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creating legal bases for employing standards, improving management, and allocating 

more budgets to solve water problem are necessary actions to solve the problem. 

All of these aspects need strong policies to be practical and effective. These analyses 

show the economic benefits of water quality improvement in different scales. Knowing 

the economic benefits of this improvement is helpful for making related decisions. They 

can be used as decision support data to motivate more investments and stronger policies. 
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7. Future Works 

There are many opportunities for future research.  Here are some examples of how this 

study can be extended in order to further explore the topic. 

Conducting a survey on willingness to pay for better water quality will be helpful. Using 

the results of modeling and survey together will lead to stronger and more reliable 

predictions. 

What this research offers is the economic benefit of drinking water quality improvement. 

By finding the cost of this improvement in different scales, the cost-benefit analysis can 

be done. The cost-benefit analysis can be used to provide a basis for comparing different 

possible projects. In addition the probable results of the cost-benefit analysis can be an 

economic motivation for improving policies.  

Another possible research is to extend the present models. This could be done by using 

more water quality factors or by using more residential factors. Using more factors will 

lead to have a more accurate model and better predictions of economic benefits of 

drinking water quality improvement. In addition the same models can be used to predict 

the economic impact of sewage outflows, which is an important threat to water quality.  

And at the end there are still a lot of data gaps in big scales. There is no complete 

database of mishaps in water utilities. Having access to these data can resolve some 

encountered limitations during doing this research. Data of water quality in rural areas 

and in big scales, data of outbreaks in regulated chemicals, data of unregulated chemicals, 
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and also policy enforcement data are still not available. Data gathering can be a step 

towards more reliable studies.  
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