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Abstract 

A model-based methodology for risk-based decision-making of water treatment and 

disinfection strategies that deal with the management of trihalomethanes (THMs) has been 

developed. Trihalomethanes (THMs) are by-products of chlorination for drinking water and have 

been characterized as possible and probable human carcinogens. Among THMs, 

bromodichloromethane (BDCM) has a much stronger association with stillbirths and neural tube 

defects than the other THMs species.  

The parameters affecting formation of THMs and BDCM were identified through 

multivariate statistical analysis of the Ontario Drinking Water Surveillance Program database and 

by reviewing publications. Formation of THMs is affected by chlorine dose, dissolved organic 

carbon, pH, temperature and reaction time; these parameters along with bromide ions have effects 

on brominated THMs formation in drinking water.  

Two models for predicting formation of THMs and BDCM in drinking water have been 

developed. Controlled experimental investigations were performed in laboratory following 

statistical design of the experiments using synthetic water samples. Using statistically significant 

parameters, models have been developed. The adequacies of the models were tested using 

appropriate statistical diagnostics and validation experiments.  

The models have been integrated into a risk-based decision making framework. 

Formation of THMs and BDCM were estimated by importing water quality and operational 

parameters into these models. The costs, technical feasibility and performances of different 

treatment and disinfection options were determined. Through the incorporation of multiple 

criteria (human health risk, cost, technical feasibility and disinfection performance), different 

treatment and disinfection strategies were evaluated and compared. A fuzzy logic stochastic 

approach has been utilized for the evaluation and tradeoff studies among different criteria.  
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Overall, this thesis has continued to improve the environmental decision making process. 

The results of this thesis have provided a clearer understanding of parameters influencing THMs 

and BDCM formation in a complex environmental scenario. This thesis has presented a 

comprehensive approach to better control water quality and associated operational parameters 

through the use of predictive models and to perform decision making following a holistic 

approach. The results of this thesis will also assist in critical decision making for possible 

upgrading of water supply systems, analyzing uncertainty and complying with the regulatory 

limitations. 
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Chapter 1.0 

 

 

General Introduction 

 
1.1 Motivation for the Research 
 

Probably the single most important factor governing the development of human 

settlements around the world has been and continues to be securing and maintaining an adequate 

supply of water. However, wastes from anthropogenic activities (e.g., agricultural, municipal and 

industrial wastes) and biogenic reactions throughout the years have led to the deterioration in the 

quality of water in most of the existing sources. During the 19th and early 20th centuries, 

occurrences of waterborne diseases (cholera, typhoid, dysentery, etc) were common around the 

world. In those days, the greatest challenge to the professionals was to reduce waterborne 

diseases. The professionals adopted various water treatment methods (e.g., slow sand filtration, 

boiling, etc) to minimize waterborne diseases. Although, these actions were successful in 

reducing epidemics significantly (for example, slow sand filtration prevented cholera epidemic in 

the city of Altona, Germany in 1892), these were not enough to prevent the waterborne diseases 

completely. Even in the recent years, improper disinfection and/or external contamination of 

microorganisms has resulted in the occurrences of waterborne diseases. Some of the recent events 

can be noted here. In Walkerton (Ontario, Canada), seven people died and more than 2,300 

became ill after  E. coli contamination of the community’s municipal water supply system in the 

year 2000 (MOE 2002). In April 1993, more than 400,000 people were affected by 

Cryptosporidium in drinking water at Milwaukee (USA), which resulted in the death of 

approximately 100 people (Mackenzie et al. 1994). The World Health Organization (WHO) 
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reported that approximately 3.4 million people, mostly children, die every year from water-

related diseases in the developing countries (WHO 2002).  

Water quality has become an important issue for sustainable development of human 

settlements. The historical evidence shows that water was purified through boiling during the 

periods of 4000 B.C. In 1500 B.C., the Egyptians used chemical alum for coagulation and 

settlement of suspended particulates in water (MWH, 2005). In 1804, the first municipal water 

treatment plant was installed in Paisley, Scotland. In 1829, slow sand filtration was implemented 

in London, England. Through the stages of many subsequent scientific developments, the modern 

era of chemical disinfection for drinking water has been started at the beginning of 20th Century. 

In 1902, chlorine was first introduced as a disinfectant for drinking water supplies in 

Middlekerke, Belgium, followed by the use of ozone as a disinfectant in Nice (France) in 1906 

(MWH, 2005). The U.S.A introduced chlorination for drinking water in Chicago and Jersey City 

in 1908 and Canada first started using chlorine for drinking water disinfection in Peterborough in 

1916 (Chlorine Chemistry Council, 2003; Peterborough Utilities Commission,1998). By 1940, 

most of the water supply systems in developed countries started supplying microbiologically safe 

drinking water. Currently, most of the water supply systems in North America use chlorine as a 

disinfectant (USEPA, 2006; Health Canada, 2007). In addition to chlorine, other disinfectants, 

such as, chloramines, chlorine dioxide, ozone and ultraviolet (UV) radiation are also applied to a 

number of water supply systems in the recent years (MOE, 2006; AWWA, 2000; USEPA, 2006). 

Use of disinfectants for supplying safe drinking water primarily depends on many factors, 

including disinfection efficiency, costs, availability, maintenance and protection of water in the 

water distribution systems. The efficiencies of disinfectants to inactivate or kill microorganisms 

are generally affected by physico-chemical and biological factors. Disinfection efficiencies can be 

determined from the product of residual disinfectant concentration (C) and the contact time of the 

disinfectant in the water (t). Generally, the Ct value is considered as one of the design parameters 

of water supply systems (MWH, 2005; Connell, 1996). To inactivate a specific percentage of 
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microorganisms, different disinfectants have different Ct values. The lower Ct values to inactivate 

a specific percentage of microorganisms represent higher disinfection efficiencies. A comparison 

of Ct values for various disinfectants is presented in Table 1.1. From Table 1.1, it can be noted 

that the efficiencies of chloramines to inactivate certain microorganisms (e.g., Rota virus, C. 

jejuni) are much lower than those of the chlorine and chlorine dioxide. As such, to obtain similar 

efficiencies as of chlorine or chlorine dioxide, higher dose of chloramines and/or higher contact 

time will be required. The types and nature of microorganisms, as well as the treatment plant 

operational conditions (temperature, pH) also affect disinfection efficiencies (Sadiq and 

Rodriguez, 2004). Chlorine is more effective against microorganisms under acidic rather than 

alkaline conditions. In addition, higher water temperatures typically require a lower Ct to 

inactivate microorganisms (Clark et al., 1994). Among the available disinfectants, chlorine 

presents excellent performance in inactivating or killing microorganisms and protecting water 

throughout the water distribution networks. Chlorination is the cheapest available disinfection 

approach with costs ranging from US$ 0.2 to 0.9 per person per year (USEPA, 2006; Chowdhury 

et al., 2007). It is widely available and easy to use and maintain. 

Table 1.1. Comparison of Ct values for various disinfectants 

Disinfect
ants Organism (Group) 

Ct 
(mg.min
/l) 

pH Temp. 
(C) 

Inactivatio
n (%) References 

V. chloerae (B) 60 7.0 20 > 99.99 Clark et al. (1994a,b) 
E. coli (B) 2.2 7. 0 5 >99.999 Rice et al. (1999a) 
C. jejuni (B) 0.1 6. 0 4 >99.99 Blaser et al. (1986) 
Rota virus (V) 0.13 6.0 5 ≈ 99.99 Berman and Hoff (1984) 
MS2 coliphage (V) 2.0 7. 0 5 ≈ 99.99 Berman et al. (1992) 
G. lamblia (P) 15 6–7 25 ≈ 99 Clark et al. (1989) 
G. lamblia (P) 120 6–7 5 > 99  

Chlorine 

E. intestinalis (P) 16 - 32   ≈ 99 Rice et al. (1999c) 
C. jejuni (B) 15 8.0 5 > 99 Blaser et al. (1986) 
Rota virus (V) > 3600 8.5 5 ≈ 99 Berman and Hoff (1984) 

Mono-
chlorami
nes MS2 coliphage (V) 2.0 7. 0 5 ≈ 99 Berman et al. (1992) 
Chlorine- 
dioxide Rota virus (V) < 0.5 6. 0 5 > 99 Berman and Hoff (1984) 

B: Bacteria, V: Viruses, P: Protozoa. 
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The use of chlorine for drinking water disinfection has virtually eliminated most 

waterborne diseases from the developed countries (USCDC, 1997). However, during disinfection, 

a major portion of the chlorine demand is exhausted due to the reactions with natural organic 

matter (NOM). The reactions between NOM and chlorine form different types of disinfection 

byproducts (DBPs), including trihalomethanes (THMs); haloacetic acids (HAAs); 

haloacetonitriles (HANs), haloketones (HKs), aldehydes, carboxylic acids, nitrosamines, 

cyanogen halides and other known and unknown compounds. Some of the DBPs are potentially 

of concern as these DBPs have been noted to have associated cancer risks, as well as other acute 

and chronic human health effects, such as cardiac anomalies, stillbirths, miscarriages, low birth 

weights and pre-term deliveries, neural tube defects, etc (Mills et al. 1998; Richardson et al. 

2002; Villanueva et al. 2004). Exposures to DBPs can occur throughout lifetime via water 

ingestion, and inhalation as well as dermal contact during regular indoor activities, such as 

showering, bathing and cooking. These chronic exposures to DBPs may pose risks to human 

health. King and Marrett (1996) reported that approximately 14-16% of the bladder cancers in 

Ontario, which is equivalent to 232-265 bladder cancer incidents per year, might be attributed to 

the drinking waters containing higher concentrations of THMs. THMs have four compounds, 

namely, chloroform (CHCl3), bromodichloromethane (BDCM), dibromochloromethane (DBCM) 

and bromoform (CHBr3). All of the THMs species have been characterized as possible or 

probable human carcinogens (IRIS, 2008). Studies on individual THMs compounds have shown 

that BDCM in drinking waters have a stronger association with stillbirths and low birth weights 

than the other THMs species (King et al., 2000). The BDCM targets human placental 

trophoblasts that produce a hormone which is required during pregnancy. A decrease in bioactive 

levels of this hormone can lead to adverse effects during pregnancy (Health Canada, 2007). 

Dodds and King (2001) reported an increased risk of neural tube defects from BDCM at exposure 

concentrations of 20 ppb or higher. Among the other groups of DBPs, HAAs have nine species, 

namely, trichloroacetic acid (TCAA), dichloroacetic acid (DCAA), monochloroacetic acid 
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(MCAA), dibromoacetic acid (DBAA), monobromoacetic acid (MBAA), bromochloroacetic acid 

(BCAA), bromodichloroacetic acid (BDCAA), chlorodibromoacetic acid (CDBAA) and 

tribromoacetic acid (TBAA). In HAAs, only two compounds (TCAA and DCAA) have been 

characterized as possible and probable human carcinogens (IRIS, 2008). Effects of the other 

HAAs compounds to human health are yet to be characterized. The HANs have four compounds 

namely, bromochloroacetonitrile (BCAN), dibromoacetonitrile (DBAN), dichloroacetonitrile 

(DCAN) and trichloroacetonitrile (TCAN). TCAN has been characterized as a possible human 

carcinogen. Among the other DBPs, bromate is a probable human carcinogen. The effects of 

many other compounds in DBPs to human health have not been characterized to date. 

The protection of human health from exposure to DBPs has been a concern to the 

regulatory agencies around the world. The U.S. Environmental Protection Agency (USEPA) has 

finalized the Stage 2 Disinfectants and Disinfection Byproducts Rule (DBPR) in 2006, which 

represents the current regulations for DBPs concentrations in USA (USEPA, 2006). In the Stage 2 

DBPR, water supply systems must comply with maximum contaminant levels (MCLs) of 80µg/l 

for total trihalomethanes (THMs) and 60µg/l for the sum of 5 haloacetic acids (TCAA, DCAA, 

MCAA, MBAA and DBAA) as locational running annual averages (LRAAs). In Canada, Health 

Canada published the latest update of DBPs regulations in 2007. The Canadian guidelines set the 

maximum allowable concentrations of total THMs to 100µg/l (running annual average of 

quarterly samples). Regulations for HAAs are still under consideration (Health Canada, 2007). 

Health Canada also limits BDCM and bromate concentrations to 16µg/l and 10µg/l, respectively. 

In addition to the USA and Canada, the World Health Organization (WHO, 2004), Australia-New 

Zealand (Aus-NZ, 2004) and United Kingdom (UK Water Supply, 2000) have also imposed 

regulatory limits on exposure concentrations of some of the DBPs.  

The reactions between NOM and chlorine, which are assumed to be the principal reaction 

pathways for the formation of DBPs in drinking water, are influenced by the operational 

parameters (pH, reaction time), environmental conditions (seasonal variability, water 
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temperature) and water quality variables (type and amount of NOM, bromide ions). NOM are not 

measured directly. As such, NOM is often expressed in terms of total organic carbon (TOC), 

dissolved organic carbon (DOC) or UV absorbance at 254 nm wavelengths (UV254). The NOM in 

natural water typically have molecular weights ranging between 500 - 5500 Dalton (MWH, 

2005). The higher molecular weight NOM are typically hydrophobic and composed of activated 

aromatic rings, phenolic hydroxyl groups and conjugated double bonds, while the lower 

molecular weight NOM are hydrophilic and composed of aliphatic ketones and alcohols (Liang 

and Singer, 2003). The hydrophobic fractions of NOM exhibit higher specific ultraviolet 

absorbance (SUVA, defined as 100UV254/DOC), while the hydrophilic fractions of NOM exhibit 

lower SUVA (Uyak and Toroz, 2007). The nature and molecular weight distributions of NOM 

affect the reactivities of NOM with chlorine and bromine, which ultimately affect the formation 

and distribution of DBPs in drinking water. Variations in the molecular distributions of NOM 

largely depend on the sources and biogeochemical processes associated with carbon recycling in 

the terrestrial and aquatic systems.  

In addition, the natural waters often contain bromide ions. Chlorination of bromide 

containing waters alters the reaction process and increases the fractions of brominated DBPs in 

the drinking waters (Uyak and Toroz, 2007). In the presence of bromide ions, chlorine forms 

hypobromous acid (HOBr), which is approximately 20 times more reactive with the NOM than 

the corresponding hypochlorous acid (HOCl). The increase of brominated DBPs can be attributed 

to the reactions of hypobromous acid (HOBr) with lower molecular weights NOM as well as a 

shift of chlorinated DBPs into the brominated DBPs (Liang and Singer, 2003; Uyak and Toroz, 

2007). The bromide to chlorine ratio may also have influence on the relative distributions of 

DBPs species in drinking water (Hellur-Grossman et al., 2001). However, depending on pH, 

temperature and molecular weights distributions of NOM, only 18 to 28% of the available 

bromide is converted into brominated THMs, and approximately 10% of the bromide is converted 

into brominated HAAs (Sohn et al., 2006). The partial conversions of bromide into brominated 
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DBPs add further difficulties in correlating bromide to chlorine ratio with the distributions of 

DBPs species in drinking water. It has also been reported that the removal of low molecular 

weight NOM through coagulation processes is often difficult (Liang and Singer, 2003). 

Consequently, low molecular weight NOM tends to remain in the finished waters. As a result, in 

the presence of bromide ions, formation of brominated DBPs in finished water is more likely to 

occur.  

Drinking water supply systems generally perform pretreatment of the source water prior 

to disinfection. The conventional pretreatments typically include screening, coagulation, 

flocculation, sedimentation and filtration. The pretreatment processes reduce NOM, turbidity and 

pathogens; thus potential DBPs formation is reduced. Formation of DBPs can be further reduced 

by lowering the amounts of NOM through improved pretreatments using enhanced coagulation, 

granular activated carbon (GAC) or membrane filtration prior to chlorination (Edzwald, 1993; 

Shorney et al., 1999). However, the improved pretreatments can increase the operational and 

maintenance costs by 50-80% compared to that of conventional pretreatment (Clark et al., 1994, 

1998). Alternatively, by using different disinfectants and/or combinations of disinfectants, 

formation of THMs and HAAs can be reduced. However, use of alternative disinfectants can 

form different sets of DBPs, some of which may be of more harmful to human health than THMs 

and HAAs. For example, chloramines, ozone and chlorine dioxide form low amounts of DBPs, 

while the ultraviolet (UV) radiation does not produce any DBPs. Chloramines form several 

unregulated DBPs and N-Nitrosodimethylamine (NDMA), which is more toxic. The USEPA 

limits the maximum allowable concentration of NDMA to 0.7ng/L (USEPA, 2006). Ozone forms 

bromate in presence of bromide ions (regulatory limit: 0.01mg/L) and chlorine dioxide forms 

chlorite (regulatory limit: 1.0 mg/L). Application of chloramines, ozone, UV radiation and 

chlorine dioxide are more expensive than that of the chlorine, while ozone, UV radiation and 

chlorine dioxide cannot provide adequate protection in the water distribution systems (Clark et 

al., 1994, 1998). Inadequate protection of the water distribution systems may lead to an increased 
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incidence of waterborne diseases as a result of an increased exposure to pathogenic 

microorganisms, and thus, pose a greater risk to human health (IPCS, 2000).  As a result, 

application of chlorine or chloramines will be required to protect the distribution systems, which 

may lead to further increase of cost. Moreover, the disinfection performance of UV radiation may 

decrease with the increase of turbidity (MWH, 2005), which necessitates enhanced pretreatment 

prior to the application of UV radiation. The enhanced pretreatment can further increase the 

capital and operational costs significantly. 

Considering the complexities of the problem, designers of drinking water supply systems 

often need to determine the best approach to provide adequate disinfection, form minimum 

amounts of DBPs to protect human health and keep the water supply systems cost-effective. In 

selecting the best disinfection approach, several attributes, such as, human health risk, cost, 

technical feasibility and disinfection performance have to be evaluated. Characterization of these 

criteria is often difficult because of lack of proper knowledge and/or non-availability of adequate 

information (Chowdhury and Champagne, 2008). Assessment of each of these attributes is 

generally associated with uncertainty, which necessitates the characterization of uncertainty to 

achieve a better result. In the recent years, fuzzy set theory has been successfully applied in the 

analysis of sparse, imprecise and incomplete data (Zimmerman, 2001; Klir and Yuan, 1995). 

Fuzzy risk-cost trade-off approaches have been employed in many fields including nitrate-

contaminated groundwater supplies (Lee, 1992), evaluation of tank performance in battle (Cheng 

and Lin, 2002), software development (Lee, 1996), risk-based decision-making for discharging 

drilling waste from offshore oil and gas platforms (Sadiq et al., 2004) and selecting the best 

disinfectants for supplying drinking water (Chowdhury et al., 2007).  

To date, research has addressed some of the issues necessary in the comparison of 

different disinfection approaches. Reiff (1995) presented a comparative evaluation of chemical 

and microbiological risks associated with disinfection. Lykins et al. (1994) presented a 
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comparative performance of inactivating pathogens for four disinfectants (ozone, chlorine 

dioxide, chlorine and chloramine). Clark et al. (1994) reported costs for different disinfection 

approaches using several combinations of pretreatment and disinfectants. Chowdhury and 

Champagne (2008) presented fuzzy risk-based approach for selecting drinking water disinfectants 

by incorporating human health risks, cost, technical feasibility and disinfection performance.  

 

1.2 Scope of the Research 
 

Extensive research has been carried out for the characterization of parameters and 

formation of DBPs in drinking water during the last three decades. Research on the parameters 

required for DBPs formation, predictive models developments, gaining more control on the water 

quality and operational variables and human health effects from exposure to DBPs are the active 

areas of current research. In a natural system, the parameters associated with the formation of 

DBPs vary spatially and temporarily. As such, consideration of the interaction effects of 

parameters may be more logical for the modeling studies. Despite over 100 models being 

reported in the literature on DBPs formation to date, most of the models were developed by 

following a “one factor at a time” experimental approach or using historically collected datasets. 

Although most models used four to six parameters (e.g., one or more from TOC, DOC and UV254, 

chlorine dose, pH, temperature, reaction time and bromide ions) for predicting DBPs formation, 

only three modeling studies have incorporated factorial analysis of some of these parameters 

following statistically designed experiments. To date, only a limited number of studies 

characterized the interaction effects of the parameters through incorporation of possible ranges 

for all parameters, replications of the experiments and the center points (mean values of the 

ranges) of the parameters. As such, characterization of interaction effects of the causative 

parameters on DBPs formation is important to a modeling study. 
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The molecular distributions of NOM (e.g., hydrophobic and hydrophilic), amount of 

NOM and presence of bromide ions in the source water make it difficult to characterize the 

formation and distributions of DBPs in drinking waters. A limited number of studies addressing 

the issues associated with the molecular distributions of NOM and reactivities with chlorine and 

bromine have been reported in the literature. The effect of bromide ions on specific DBPs species 

has rarely been reported in the available literature. There is a possibility that the ratio between 

bromide ions to chlorine might have an association with the distributions of DBPs species. 

However, lower rates of conversion of bromide ions to DBPs may pose further complexity. In 

presence of bromide ions, brominated DBPs, especially BDCM formation is more likely to occur. 

In the recent years, concern on the concentrations of BDCM in drinking water has been increased. 

In Canada, total THMs concentration is limited to 100 ppb (parts per billion), while BDCM 

concentration is limited to 16 ppb. In addition to controlling total THMs, it is also required that 

the formation of BDCM be controlled. This necessitates the requirements of modeling total 

THMs and BDCM formation in drinking water independently. In addition, effects of types of 

NOM, bromide ions and other parameters are investigated. 

Drinking water supply systems (WSS) generally carry out pretreatment of the source 

water prior to disinfection for supplying microbiologically safe drinking water. In addition to the 

conventional pretreatment (e.g., screening, coagulation, flocculation, sedimentation and 

filtration), the WSS often employs enhanced coagulation, granular activated carbon (GAC) or 

membrane filtration for improved pretreatment before applying disinfectants (chlorine, 

chloramine, chlorine dioxide, ozone and ultraviolet radiation). It is imperative that appropriate 

combinations of treatments and disinfection be adopted to ensure proper disinfection in the 

treatment plants and throughout the water distribution systems, minimizing the formation of 

DBPs to protect human health and minimize costs. The diverseness of the problem makes it 

difficult to perform straightforward assessment for any particular combination. Information on 
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different attributes associated with selection of an appropriate approach is often sparse, imprecise 

and/or linguistic in nature. Transformation of the information into a homogeneous scaling system 

is a critical issue. Multi-criteria decision-making (MCDM) frameworks are often considered to be 

an appropriate approach to deal with these situations and performing decision-making through the 

consideration of diverse attributes. The environmental evaluations often have uncertainty; thus 

treating uncertainty by using an appropriate approach is warranted for any environmental 

prediction. Overall, in order to obtain a clear idea on the overall status for a combination of 

approaches for treatment and disinfection for WSS, it is required that the approaches are ranked 

based on the overall attributes and then the best combination is selected. 

 

1.3 Objective of the Research 
 

Keeping the above discussion in mind, the prime objective of this research is to develop a 

model-based methodology of risk-based decision-making for water treatment strategies that deals 

with the formation of THMs. To achieve this objective, the overall research was divided into 

several segments including:  

(i) reviewing parameters influencing DBPs formation through existing models and Ontario 

Drinking Water Surveillance Program data;  

(ii) developing generic models for THMs and BDCM formation; 

(iii) establishing human health cancer and non-cancer risks assessment methodologies based 

on existing literature; 

(iv) determining disinfection performance, technical feasibility and cost of different treatment 

and disinfection approaches; 

(v) multi-criteria decision making through the development of a risk management framework 

that integrates human health risk, disinfection performance, technical feasibility and cost 

for different treatment and disinfection options; and 
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(vi) applying a risk management framework to determine the best treatment and disinfection 

options for a particular municipality. 

 

This study will suggest the best management option for controlling THMs in drinking water 

considering health risk, disinfection performance, technology and cost. Similar concepts can then 

be applied in other risk-based decision approaches such as the management of contaminated 

water discharges, waste management and natural resources management. 

 

1.4 Organization of the Thesis 
 

This thesis has been divided into eight Chapters and one Appendix. The introduction, 

scope and objective of the research have been discussed in Chapter 1. Chapters 2 and 3 are 

dedicated to a literature search. In Chapter 2, a review of the existing models to predict DBPs 

formation has been presented, while Chapter 3 presents a feasibility study on the available 

uncertainty characterization approaches. Chapter 4 shows a multivariate statistical analysis of 

Ontario Drinking Water Surveillance Program (DWSP) database. Chapter 5 characterizes the 

effects of bromide ions on THMs formation and development of model for predicting BDCM 

formation in drinking water. Chapter 6 presents a model for predicting THMs formation in 

drinking water. Chapter 7 shows a case study to present the framework for multi-criteria decision-

making approach. This chapter presents the risk-based decision-making with imprecise data. 

Chapter 8 discusses the significance of the current research and future research directions. 
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Chapter 2.0 

 

 

Review of DBPs Formation Models 

 

 
2.1. Chapter Introduction 

 

In the past three decades, numerous models have been developed to predict DBPs 

formation in drinking waters. More than 48 scientific publications have reported over 100 models 

for predicting DBPs formation in drinking waters. Among these 48 existing publications, 42 

focused on models for predicting THMs formation. In terms of the models presented, the greatest 

area of focus was on THMs formation, for which 49 models have been proposed, followed by 

HAAs, chloroform, bromodichloromethane, dibromochloromethane and bromate each with 14, 

12, 8, 6 and 6 models respectively. These models were developed in field and laboratory scaled 

experiments using raw, treated and synthetic water samples from various sources. Models were 

often applied to the real water supply systems for calibration, validation and decision-making 

studies. This study investigated these models, their performances, scopes of applications and 

limitations.  
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2.2.  Abstract  
 

Disinfection for the supply of safe drinking water forms a variety of known and unknown 

byproducts through reactions between the disinfectants and natural organic matter. Chronic 

exposure to disinfection byproducts through the ingestion of drinking water, inhalation and 

dermal contact during regular indoor activities (e.g., showering, bathing, cooking) may pose 

cancer and non-cancer risks to human health. Since their discovery in drinking water in 1974, 

numerous studies have presented models to predict DBPs formation in drinking water. To date, 

more than 48 scientific publications have reported 118 models to predict DBPs formation in 

drinking waters. These models were developed through laboratory and field scale experiments 

using raw, pretreated and synthetic waters. This paper aims to review DBPs predictive models, 

analyze the model variables, assess the model advantages and limitations, and to determine their 

applicability to different water supply systems. The paper identifies the current challenges and 

future research needs to better control DBPs formation. Finally, important directions for future 

research are recommended to protect human health and to follow the best management practices. 

 

Keywords: Predictive models, DBPs formation, model variables, natural organic matter (NOM)  
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2.3. Introduction 

 

The use of chlorine for drinking water disinfection has virtually eliminated most 

waterborne diseases resulting from drinking water ingestion (USCDC, 1997). However, 

chlorination forms a number of disinfection byproducts (DBPs), which are of potential concern as 

some of these DBPs have been noted to have associated cancer risks, as well as other acute and 

chronic effects to human health (King and Marrett, 1996; National Cancer Institute, 1998; Wigle, 

1998; Mills et al., 1998; Waller et al., 1998; King et al., 2000; Richardson et al., 2002; 

Villanueva et al., 2004; Xu and Weisel, 2005). To date, toxicological and epidemiological studies 

have characterized the effects of approximately thirty DBPs to human and animal health (Bull et 

al., 1985, 1990; Smith et al., 1988; Pereira, 1996; Richardson, 2005). Since their discovery in 

1974, a number of DBPs have been investigated, including trihalomethanes (THMs), haloacetic 

acids (HAAs), haloacetonitriles (HANs), and haloketones (HKs).  

A large fraction of people living in urban areas in North America are routinely exposed to 

DBPs from supply waters through ingestion of drinking water, inhalation and dermal contact 

during regular indoor activities, such as bathing, showering, cooking as well as swimming in 

pools and hot tubs with chlorination or brominated disinfection systems. To protect human health, 

regulatory agencies around the world have imposed regulations to limit the formation of some 

known DBPs in drinking waters (USEPA, 2006; Health Canada, 2007; Aus-NZ, 2004; WHO, 

2004; UK, 2000). Active research on DBPs formation has resulted in the development of at least 

118 predictive models, which have been presented in 48 scientific publications between 1983 and 

2008 (Rook, 1974; Nikolaou et al., 1999; Sadiq and Rodriguez, 2004). In addition to the DBPs 

predictive models, a number of other studies have reported the toxicological and epidemiological 

effects of DBPs on human and animal health (Mills et al., 1998; Bull et al., 1985, 1990; Cantor et 

al., 1998; Villanueva et al., 2004), chlorine residual decay in water distribution systems (Clark et 

al., 2002; Vasconcelos et al., 1997; Rossman, 1994; Ginasiyo et al., 2007; Huang and McBean, 
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2007; Al-Jasser, 2007; Hass and Kara, 1984; Gang et al., 2003; Rossman et al., 2001) and risk 

based decision making in the selection of appropriate disinfection approaches (Chowdhury and 

Husain, 2006; Chowdhury et al., 2007; Lykins et al., 1994; Reiff, 1995; Clark et al., 2004). 

Commonly used disinfectants, their byproducts, possible effects of these DBPs to human and 

animal health, as well as their regulatory limits are shown in Table 2.1.  
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Table 2.1. Components of DBPs in drinking water, their effects and regulatory limits  

    Effects Toxicity to human Regulations (µg/L) 
Main Group Compounds Acronym Disinfectant Animal Human RfD SF HC,  

2007 
USEPA, 
2006 

WHO, 
2004 

Aus-NZ, 
2004 

UK,  
2000 

Chloroform  TCM Chlorine Liver tumours B-2 0.01 0.01   300   
Bromodichloromethane  BDCM Chlorine Kidney tumour B-2 0.02 0.062 16 60 60   
Bromoform  DBCM Chlorine, ozone Colon tumours B-2 0.02 0.0079   100   

Trihalomethanes 
(THMs) 

Dibromochloromethane  TBM Chlorine Liver tumours C 0.02 0.0084   100   
TTHMs        100 80 1000 250 100 

Bromochloroacetic Acid  BCAA Chlorine Liver tumours         
Bromodichloroacetic Acid  BDCAA Chlorine Liver tumours         
Chlorodibromoacetic Acid  CDBAA Chlorine          
Dibromoacetic Acid DBAA Chlorine Liver tumours         
Dichloroacetic Acid DCAA Chlorine Liver tumours B-2 0.004 0.05   50 100  
Monobromoacetic Acid MBAA Chlorine          
Monochloroacetic Acid MCAA Chlorine        150  
Tribromoacetic Acid TBAA Chlorine          

Haloacetic Acids 
(HAAs) 

Trichloroacetic Acid TCAA Chlorine Liver tumours C     100 100  
HAA5         60    

Bromochloroacetonitrile BCAN Chlorine Embryo death         
Dibromoacetonitrile  DBAN Chlorine Skin tumours      70   
Dichloroacetonitrile  DCAN Chlorine Embryo death      20   

Haloacetonitriles 
(HANs) 

Trichloroacetonitrile TCAN Chlorine Embryo death C     1.0   
1,1 - dichloropropanone DCP Chlorine          Haloketones 

(HKs) 1,1,1- trichloropropanone TCP Chlorine          
Aldehydes Formaldehyde  Ozone, chlorine       900 500  
 Acetaldehyde  Ozone, chlorine          
 Glyoxal  Ozone, chlorine          
 Methyl glyoxal  Ozone, chlorine          
Carboxylic acids Formate   Ozone          
 Acetate  Ozone          
 Oxalate  Ozone          
Nitrosamines N-Nitrosodimethylamine  Chloramine      0.0007    
Cyanogen halides Cyanogen chloride  Chloramine       70 80  
 Cyanogen bromide  Chloramine          
Chloral hydrate  CH Chlorine       10 20  
Bromate   Ozone  B-2 0.004 0.7 10 10 10 20 10 
Chlorate   Chlorine dioxide       700   
Chlorite   Chlorine dioxide  D 0.03 -  1000 300 300  

B-2: Probable human carcinogen; C = Possible human carcinogen; HC: Health Canada; USEPA: US Environmental Protection Agency; RfD: Reference dose (mg/kg-day); SF: Slope factor  (mg/kg-

day)-1; WHO: World Health Organization; UK: United kingdom; Aus-NZ: Australia-Newzealand 
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The four THMs species (chloroform, bromodichloromethane, dibromochloromethane 

and bromoform), dichloroacetic acids, trichloroacetic acids, trichloroacetonitrile, bromate and 

chlorite have been reported to have carcinogenic effects on human health (Table 2.1). In addition, 

the nitrogenous DBPs, such as N-Nitrosodimethylamine (NDMA) and other unknown DBPs may 

also pose a potential cancer risks to human health (Mitch and Sedlak, 2002; Richardson, 2005). 

The protection of human health from microbiological and chemical risks, as well as making 

water supply systems cost-effective has been a challenge to the research community. The 

predictive models for DBPs formation reported in the scientific literature use a range of 

explanatory parameters for variety of applications. As the models for DBPs formation help to 

guide decision-making in the drinking water supply systems, the capacity and range of 

applicability of these models is essential and should be examined carefully. In this paper, the 

predictive models for DBPs formation available in the scientific literature have been reviewed. 

The model review examines the models following a number of criteria: the characteristics of data 

sources (raw water, treated water or synthetic water), model performance under a range of 

environmental conditions, experimental methods used in model development and estimation 

types of models (mechanistic or empirical), as well as their predictive ability. An example to 

demonstrate the potential application of these models in guiding decision-making processes is 

presented. Finally, future research important to the development of improved models was 

identified.  

 

2.4. Disinfection 
 
2.4.1. Disinfectants and Disinfection Approaches 

Chlorination as a disinfection approach for drinking water supplies was first introduced 

in 1902 in Middlekerke (Belgium), followed by the use of ozone as a disinfectant in Nice 

(France) in 1906 (MWH, 2005). The USA introduced chlorination of drinking water in Chicago 
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and Jersey City in 1908 and Canada first started using chlorine for drinking water disinfection in 

Peterborough in 1916 (Chlorine Chemistry Council, 2003; Peterborough Utilities 

Commission,1998). Currently, most of the water supply systems in North America use chlorine 

as a disinfectant (USEPA, 2006; Health Canada, 2007). In addition to chlorine, a number of other 

disinfectants, such as, chloramines, chlorine dioxide, ozone and ultraviolet radiation are also 

applied to a number of water supply systems (MOE, 2006; AWWA, 2000). The applications of 

various disinfectants, as well as their costs, disinfection efficiencies and stability in distribution 

systems are summarized in Table 2.2.  

 

Table 2.2. Basic information of disinfectants 
Issue  Chlorine Chloramine Chlorine 

dioxide 
Ozone Ultraviolet 

radiation 
Reference 

Application  Most 
common 

Common Occasional Common Emerging 
use 

USEPA, 2006. 

Cost  Lowest Moderate 
 (>Chlorine) 

High High Extremely 
high 

Clark et al., 
1994 

Bacteria (V. 
chloerae, 
Coliform, E. coli, 
etc) 

Excellent Good Excellent Excellent Good 

Viruses (Polio 
virus, Rota virus, 
MS2 coliphage,  
etc) 

Excellent Fair Excellent Excellent Fair 

Protozoa (G. 
lamblia, C. 
parvum, E. 
intestinalis, etc) 

Fair to 
poor 

Poor Good  Good Excellent 

Disinfection 
efficiency 

Endospores Good to 
poor 

Poor Fair Excellent Fair 

MWH, 2005;  
Sadiq and 
Rodriguez, 
2004 

Organisms 
regrowth 

 Unlikely Unlikely Likely More Likely More 
Likely 

MWH, 2005 

Limits on 
Free 
residuals 

 4 mg/L 4 mg/L 0.8 mg/L -- -- USEPA, 2006 

Regulated 4 THMs, 
HAAs 

Traces of 
THMs and 
HAAs 

Chlorite Bromate None USEPA, 2006 Byproducts 

Unregulated Several Cyanogen 
halides, 
NDMA 

Chlorate Biodegradable 
organics 

None 
known 

Richardson, 
2005 

Oxidation  Strong Weak Selective Strongest None 
Odor and 
taste removal 

 Excellent Good Excellent Good to poor None 

Stability  Stable Stable Unstable Unstable Unstable 

Chlorine 
chemistry 
council, 2003 
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Table 2.2 shows that chlorine is very effective and, in most cases, is a relatively 

inexpensive disinfectant. The disinfection efficiencies of disinfectants are generally affected by 

physico-chemical and biological factors. Disinfection efficiencies can be determined from the 

product of residual disinfectant concentration (C) and the contact time of the disinfectant in the 

water (t). Generally, the inactivation of microorganisms increases with increasing Ct value 

(MWH, 2005; Connell, 1996). This value, which differs as a function of disinfectant, is typically 

used as a design parameter for the water supply systems (Gates, 1998). The types and nature of 

microorganisms, as well as the treatment plant operational conditions (temperature, pH) also 

affect disinfection efficiencies (Sadiq and Rodriguez, 2004). Chlorine is more effective against 

microorganisms under acidic rather than alkaline conditions. In addition, higher water 

temperatures typically require a lower Ct to inactivate microorganisms (Clark et al., 1994). For a 

specific contact time, higher chlorine doses are required for disinfection in winter compared to 

that of summer conditions. On the other hand, microbiological activities are higher in warmer 

waters than in cold waters within the water distribution systems (Arora et al., 1997). 

Consequently, disinfectant residuals decay rapidly when the water temperature is high, which 

often makes maintaining minimum residuals difficult in larger distribution systems during the 

summer months, especially at the extremities of the distribution systems. To maintain adequate 

concentrations of disinfectant residuals in the distribution systems, higher disinfectant doses are 

applied during the summer period. Higher temperatures and higher disinfectant residuals in the 

distribution systems during the summer period have also been shown to affect DBPs formation 

(Elshorbagy et al., 2000).  

The drinking water disinfection and supply systems include several physico-chemical 

processes (screening, coagulation, flocculation, settling and filtration) for the treatment and 

disinfection of drinking waters. Different treatment approaches are employed to reduce DBPs 

precursors (NOM), turbidity and pathogens from source waters (Dempsey et al., 1984; Reckow 
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and Singer, 1984; Edzwald, 1993; Shorney et al., 1999). A typical treatment configuration is 

shown in Figure 2.1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 2.1. Typical configuration of water treatment plant; (a). Conventional water treatment 
plant;  (b). Addition of granular activated carbon (GAC) 

 
 

Treatment systems may also include granular activated carbon (GAC) in addition to 

conventional filtration depending on the type of organics contained in the water (Figure 2.1b). 

Use of GAC effectively reduces NOM and other chemicals through adsorption and catalytic 

degradation; consequently, reducing the formation of DBPs (Chang et al. 2001). However, the 

introduction of GAC increases operational and maintenance costs significantly (Chowdhury et al, 

2007). Moreover, none of the currently available treatment approaches can completely remove 

pathogens and the precursors to DBPs formation (Clark et al. 1998; Chang et al. 2001). 
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2.4.2. Disinfection Byproducts Formation and Operational Challenge 

During disinfection for drinking waters, most of the chlorine demand is exhausted by 

reactions with NOM. Chlorine also reacts with various inorganic compounds in the water 

treatment plants and distribution systems (e.g., ammonia to form chloramine, Fe2+, Mn2+, S2-, Br-, 

pipe materials, biofilms). The NOM and/or other inorganic substances in water react with 

disinfection agents such as chlorine, chloramine, chlorine dioxide and ozone to produce DBPs in 

drinking water during the disinfection process and in the water distribution system (Montgomery 

Watson, 1993; Rathbun, 1996a, b; Chen and Weisel, 1998; Rodriguez and Serodes, 2001). Table 

2.1 shows that most of the DBPs are formed as a result of chlorination, while chloramine, ozone 

and chlorine dioxide form lower quantities of DBPs. However, some of the DBPs formed with 

chloramine, chlorine dioxide and ozone can be more toxic than those formed during chlorination. 

For example, N-Nitrosodimethylamine (NDMA) and bromate, which are typically formed during 

chloramine and ozone disinfection respectively, are more toxic than THMs and HAAs (Table 

2.1; IRIS, 2006; Richardson, 2005).  

It has been shown that increases in pH can increase THMs formation. As such, a 

reduction in pH can be employed to reduce THMs formation (Stevens et al., 1976; Chowdhury 

and Champagne, 2008). However, a decrease in pH can lead to an increase in HAAs formation 

(Singer 1994; Singer et al., 1995; Nokes et al., 1999). Hence, the determination of the optimum 

pH range for disinfection is often necessary during the operation of water supply systems. 

Increase in contact time has also been noted to increase DBPs formation. However, controlling 

contact time in water treatment plants and distribution systems is often a challenge due to 

variable hydraulic properties and water demands imposed in distribution systems. Temperature 

and seasonal variability have also been reported to affect THMs formation, where the formation 

of THMs during the summer months was reported to be higher than during the winter months 

(Golfinopoulos et al., 1998; Golfinopoulos and Arhonditsis, 2002a, b; Elshorbagy et al., 2000). 
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Because organic/inorganic substances act as precursors for DBPs formation, their removal prior 

to disinfection has proven to be an effective approach for reducing the DBPs formation potential. 

Pre-treatments prior to chlorination can partially remove NOM and this removal can be enhanced 

by using GAC, enhanced coagulation and membrane filtration, which may increase operating and 

maintenance costs significantly (Chowdhury et al., 2007). Formation of DBPs can also be 

reduced by introducing alternative disinfectants or a combination of disinfectants, including 

chloramine, ozone, chlorine dioxide and ultraviolet radiation followed by post chlorination to 

inhibit microbiological recontamination in distribution systems. However, the use of these 

alternative disinfectants can still lead to the formation of the more toxic DBPs as shown in Table 

2.1 (Richardson, 2005; IRIS, 2006). Moreover, the combination of different disinfectants or 

disinfection processes could significantly increase capital and operating costs of the disinfection 

system (USEPA, 2006; Clark et al., 1994; Lykins et al., 1994).  

In addition to the difficulties associated with controlling operational parameters (pH, 

reaction time) and environmental conditions (seasonal variability, water temperature), water 

quality variables such as the types and amounts of NOM, as well as the presence of bromide ions 

(Br-) contribute further challenges to the design of drinking water supply systems and the 

production of safe drinking water. The organic matter in the source waters contains both 

hydrophobic and hydrophilic fractions of NOM. The hydrophobic fractions are generally 

composed of the higher molecular weight NOM with activated aromatic rings, phenolic hydroxyl 

groups and conjugated double bonds, while the hydrophilic fractions are typically composed of 

the lower molecular weight NOM with aliphatic ketones and alcohols (Liang and Singer, 2003). 

The hydrophobic fractions of NOM exhibit higher ultraviolet absorbance (UV254) and higher 

specific ultraviolet absorbance (SUVA, defined as 100UV254/DOC) and these tend to be more 

reactive with chlorine than bromine, while the hydrophilic fractions of NOM exhibit lower UV254 

and lower SUVA and are generally more reactive with bromine than chlorine (Liang and Singer, 
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2003). Waters without Br- mainly form chlorinated THMs (CHCl3) due to reactions between 

hypochlorous acid (HOCl) and the hydrophobic fractions of NOM. As such, a significant fraction 

of the hydrophilic NOM may be left unreacted in these waters. Conversely, in waters with Br-, 

the hydrophilic fractions of NOM form brominated THMs through reactions with hypobromous 

acid (HOBr), while these brominated THMs may not be adequately characterized by the low 

SUVA or low UV254 values. Hellur-Grossman et al., (2001) reported similar observations of 

hydrophilic fractions of NOM and brominated THMs formation. The raw water from the Sea of 

Galilee (Lake Kinneret) in Israel contained TOC between 4 to 6 mg/L and very high natural Br- 

ion concentrations (up to 1.9 mg/L). This water was composed mainly of hydrophilic fractions of 

NOM, which showed low UV254 and low SUVA values. Therefore, the hydrophilic fractions of 

NOM favored brominated THMs formation in the Lake Kinneret water. The brominated THMs 

consisted of more than 96% of the total THMs in Lake Kinneret water (in summer, brominated 

THMs = 595.5 ppb and total THMs = 606 ppb; in winter, brominated THMs = 487 ppb and total 

THMs = 507 ppb). The UV254 and SUVA values could not be employed to characterize the 

brominated THMs formation for this specific source water. In addition, Br- forms HOBr in 

chlorinated water, which is approximately 20 times more reactive with NOM than the HOCl 

(Uyak and Toroz, 2007); thus, favoring brominated THMs formation. Increases in Br- 

concentrations gradually shift chlorinated THMs and HAAs formation to bromochloro THMs 

and HAAs formation (Uyak and Toroz, 2007; Hellur-Grossman et al., 2001; Nokes et al., 1999). 

Further complexities arise, as the conversion of Br- to brominated DBPs is not 100 percent. This 

conversion varies between 18 and 28 percents for THMs and approximately 10% for HAAs 

formation, which also depends on the pH, water temperature and the relative distributions of 

hydrophobic and hydrophilic fractions of NOM (Sohn et al., 2006; Liang and Singer, 2003).The 

removal of hydrophilic NOM through coagulation processes is often difficult because of their 

low molecular weights. As such, hydrophilic NOM tends to remain in finished waters. As a 



 

29

result, formation of brominated THMs in finished water in the presence of bromide ions is more 

likely to occur. 

 

2.4.3. Regulating DBPs Exposure Concentrations 

 

The safety of human health from drinking water contaminants (chemical and/or 

microbiological) has been a concern in the USA since the beginning of 19th century. In 1915, 

the USA imposed bacterial standards for drinking water, which became more stringent in 

1925. In the early 1970s, USEPA scientists first determined that drinking water chlorination 

could form a group of byproducts known as trihalomethanes (THMs). In 1972, the USA passed 

the Clean Water Act for restoring and maintaining surface water quality. Two years later, the 

Safe Drinking Water Act (SDWA) was passed, which allowed the US Environmental 

Protection Agency to set water quality standards, which each of the States would enforce. The 

USEPA set the first regulatory limits for THMs in 1979. In 1996, the SDWA was amended to 

incorporate source water protection, operator training, funding for water system improvements 

and public information. In 1998, the Stage 1 Disinfectants and Disinfection Byproducts Rule 

(DBPR) was introduced (USEPA, 1998). The Stage 1 DBPR was amended and the Stage 2 

DBPR was finalized in 2006 (USEPA, 2006), which represents the current regulations on 

DBPs concentrations. In the Stage 2 DBPR, water supply systems must comply with maximum 

contaminant levels (MCLs) of 80µg/l for total trihalomethanes (THMs) and 60µg/l for the sum 

of 5 haloacetic acids (HAA5) as locational running annual averages (LRAAs). In Canada, 

Health Canada imposed regulatory limits on THMs concentrations in 1996. These regulations 

were reviewed periodically and the latest updated version for 2007 is currently available. The 

Canadian guidelines set the maximum allowable concentrations of total THMs to 100µg/l 

(running annual average of quarterly samples). Regulations for HAAs are still under 
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consideration (Health Canada, 2007). Health Canada (2007) also limits BDCM and bromate 

concentrations to 16µg/l and 10µg/l, respectively. In addition to the USA and Canada, the 

World Health Organization (WHO, 2004), Australia-New Zealand (Aus-NZ, 2004) and United 

Kingdom (UK, 2000) have imposed regulatory limits on exposure concentrations of a number 

of DBPs. The WHO regulated DBPs exposure concentrations in 1993, which was updated in 

2004. Australia-New Zealand regulations were also updated in 2004. The regulatory limits on 

different DBPs of USEPA (2006), Health Canada (2007), WHO, (2004), Aus-NZ, (2004) and 

UK (2000) are shown in Table 2.1.  

 

2.5. Models and their Potential Applications 

 

2.5.1. Predictive Models for DBPs Formation 

 

Since the discovery of DBPs in drinking waters (Rook, 1974; Bellar et al., 1974), 

considerable research has been focused on characterization of the significant parameters involved 

in DBPs formation. Some studies have correlated DBPs with NOM contents in raw waters 

(Singer and Chang, 1989; White et al., 2003). Other studies have also investigated the 

relationships between precursors, operational parameters and DBPs formation, as well as the 

relationships between different species of DBPs (Singer et al., 1995; Chen and Weisel, 1998; 

Arora et al., 1997; Gallard and von-Gunten, 2002; Gang et al., 2003). In the past three decades, 

numerous models have been developed to predict DBPs formation in drinking waters. These 

models have investigated the effects of different water quality and operational parameters in 

controlling DBPs formation under a variety of environmental conditions, as well as the kinetics 

for DBPs formation. More than 48 scientific publications have reported at least 118 models that 

have been presented for predicting DBPs formation since 1983. A number of these models have 

been developed through field and laboratory scaled investigations using raw, pretreated and 
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synthetic waters (generated using commercial humic acid or NOM collected from designated 

sources), while others were developed from the analysis of passively collected data obtained 

from a range of databases. Out of 48 existing publications, 42 have focused on models for 

predicting THMs formation, while 8 studies examined HAAs formation models, 5 reports 

focused on bromate formation models and 1 reported on chlorite formation model. A 

comprehensive chronologic summary of DBPs model developed since 1983 is outlined in Table 

2.3.  
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Table 2.3. Models for DBPs formation reported in refereed publications 
Author and Year  Model descriptions R2  Unit 

1.Minear and Morrow, 1983 ( ) ( ) ( ) ( )NVTOC26.010pH24.0Dlog23.0Br91.3THMs T009.015.0
+++++−= −  

>0.90 (µmol/L) 

2.Urano et al., 1983  ( ) 36.025.0 t.D.TOC8.2pH00082.0THMs −=  
NR  (µg/L) 

3. Engerholm and Amy, 1983 

( ) z
28.0

95.0
213 t

TOC
DTOCkkCHCl ⎟

⎠
⎞

⎜
⎝
⎛=  

  

(a) ( ) ( ) ( ) ( )NVTOC26.010pH24.0Dlog23.0Br91.3THMs T009.015.0
+++++−= −  

  

(b) ( ) ( ) ( ) ( )NVTOC27.010pH24.0Dlog35.0Br94.3THMs T009.019.0
+++++−= −  

NR 

4.Morrow and Minear, 1987  

(c) ( ) ( ) ( ) ( )NVTOC25.010pH24.0Dlog24.0Br42.2THMs T5.20415.0
+++++−= −−  

NR 

(µmol/L) 

5. Amy et al., 1987 
( ) ( ) ( ) ( ) ( ) ( ) 0358.0715.006.1265.0409.0440.0

254 1Br6.2pHTtDTOC.UV0031.0THMs +−= −  
0.90 (µmol/L) 

6. Adin et al., 1991  THMs = K1.K2.TOC. [(1/((K1+K3)(K2 + 0.19))) + (1/(K1+K3-K2-0.19))× 

(((1/(K1+K3))exp(-(K1+K3) (tc))- ((1/(K2 +0.19))exp(-(K2+0.19)(tc))] ;  

K1 = 4.38×10-8 (D); K2 = 11.36×10-7 (D); K3 = 7.14×10-13 (D)2 

0.90  (µg/L) 

7. Harrington et al., 1992 ( ) ( ) ( ) 03.0
1Br715.06.2pH06.1T265.0t409.0D.44.0

254UV.TOC00309.0THMs +−−=  
NR (µg/L) 

( ) ( ) ( ) 23.28.015.1265.0391.0616.0
2543 1Br6.2pHTtD.UV.TOC278.0CHCl

−− +−=  NR 

( ) ( ) ( ) 722.0925.072.0271.0309.0177.0
254 1Br6.2pHTtD.UV.TOC863.0BDCM +−= −  NR 

8.Malcolm Pirnie Inc., 1992 

( ) ( ) 08.235.157.0252.00746.0
184.0

254 1Br6.2pHTtD.
TOC

UV
57.2DBCM +−⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
= −−

−
 

NR 

(µg/L) 

(a). THMs = 7.21(TOC)0.004(UV254)0.534(D-7.6×NH3-N)0.224 (t)0.255 (Br-+1)2.01 (T)0.480(pH-2.6).719 NR 

(b). BDCM = 4.05(TOC)0.567(UV254)0.567(D-7.6×NH3-N)-0.351 (t)0.366 (Br-)0.291 (T)0.568(pH-2.6)0.568 NR 

(c). CHCl3 = 0.997(TOC)0.580(UV254)0.580(D)0.814 (t)0.278 (Br-+1)-4.27 (T)0.569(pH-2.6)0.759 NR 

(d). DBCM = 22.9(TOC)0.253(UV254)0.253(D-7.6×NH3-N)-0.352 (t)-0.292 (Br-)1.04 (T)0.491 (pH-2.6).0.325 NR 

9. Malcolm Pirnie Inc., 1993 

(e). CHBr3 = 1.28(TOC)-0.167(UV254)-0.167(D-7.6×NH3-N)-2.22 (t)0.294 (Br-)1.48 (T)0.553 (pH-2.6)0.198 NR 

(µg/L) 
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(a). CHCl3 = 0.064(TOC)0.329(UV254)0.874(Br-+0.01)0.404 (pH)1.161 (D)0.561 (t)0.269 (T)1.018 0.88  

(b). BDCM = 0.0098(Br-)0.181(pH)2.55(D)0.497(t)0.256(T)0.519 (for D/Br-<75) 0.8 

(c). BDCM = 1.325(TOC)-0.725(Br-)0.794(D)0.632(t)0.204(T)1.441 (for D/Br->75) 0.92 

(d). DBCM = 14.998(TOC)-1.665(Br-)1.241(D)0.729(t)0.261(T)0.989 (for D/Br-<50) 0.82 

(e). DBCM = 0.028(UV254)-1.175(TOC)-1.078(Br-)1.573(pH)1.956(D)1.072(t)0.2(T)0.596 (for D/Br->50) 083 

(f). CHBr3 = 6.533(TOC)-2.031(Br-)1.388(pH)1.603(D)1.057(t)0.136 0.86 

(g). MCAA =1.634(TOC)0.753(Br-+0.01)-0.085(pH)-1.124(D)0.509(t)0.300 0.82 

(h). DCAA = 0.606(TOC)0.291(UV254)0.726 (Br-+0.01)-0.568(D)0.48(t)0.239(T)0.665 0.97 

(i). TCAA =87.182(TOC)0.355(UV254)0.901(Br-+0.01)0.679(pH)1.732(D)0.881(t)0.264 0.98 

(j). MBAA = 0.176(TOC)1.664(UV254)-0.624(Br-)-0.795(pH)-0.927(t)0.145(T)0.45 0.80 

10.Montgomery Watson, 1993  

(k). DBAA = 84.945(TOC)-0.62(UV254)0.651(Br-)1.073 (D)-0.2(t)0.12(T)0.657 0.95 

(µg/L) 

11.Lou and Chiang, 1994  THMs = THMo + 7.01(pH-2.3)0.11 (NVTOC)1.06 (t)0.748(D)0.764(β) 

[ ]( ) ( )
764.0

0

2
tNVTOC0393.0 θd

Dθ4
θ1exp

Dπθ2

1eβ
⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧
∫

⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡ −
=

∞
−  

NR  (µg/L) 

12. Ibarluzea et al., 1994  CHCl3 = 10.8 + 0.04(Flu) +1.16(pH) + 0.12(T) +1.91 (Co) 0.82  (µg/L) 

13.Ozekin, 1994 
Bromate ( ) ( ) ( ) ( ) ( ) 28.0

m
73.082.5

3
82.5266 tBrOpHDOC1055.1 −−−×= when t < 20°C 

For higher temperature, [ ] [ ] ( ) 20T
C203T3 035.1BROBRO −
°

−− =   

 (µg/L) 

( ) ( ) ( ) ( ) ( ) ( ) 353.0
m

956.055.1742.0
3

31.128.1
3 tTBrOpHDOC68.2CHBr −−=   

0.78 

( ) ( ) ( ) ( ) ( ) ;TBrOpHDOC1.5TOBr 08.0153.1766.0
3

05.107.1 −= time = 24 hours 
0.95 

Bromate = ( ) ( ) ( ) ( ) ( ) 03.2
oz

61.064.0
3

26.274.03 TBrOpHDOC105.1 −−−−×=  
0.88 

Bromate = ( ) ( ) ( ) ( ) 60.031.125.275.0 Br1πpHDOC5.1 −−− +=  
0.64 

14. Siddiqui et al., 1994 

Bromate = ( ) ( ) ( ) ( ) ( ) 67.025.0
m

22.0
3

27.386.0 Br1tDOpHDOC26.0 −+= ; (0 < t < 1 h) 
0.68 

(µg/L) 

15.Song et al., 1996 
Bromate ( ) ( ) ( ) ( ) ( ) ( ) ( ) 27.0

m
18.088.042.1

3
11.518.0

3
18.111.6 tICBrOpHNNHDOC10 −−−− −=  

0.93 (µg/L) 
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CHCl3 = 0.442(pH)2(D)0.229(DOC)0.912(Br-)-0.116 0.97 

BDCM = 17.5(pH)1.01(D)0.0367(DOC)0.228(Br-)0.513 0.86 

DBCM = 26.6(pH)1.80(D)-0.0928(DOC)-0.758(Br-)1.2 0.94 

16.Rathbun, 1996a 

CHBr3 = 0.29(pH)3.51(D)-0.347(DOC)-0.330(Br-)1.84 0.78 

(µg/L) 

THMs = 14.6 (pH-3.8)1.01 (D)0.206 (UV254)0.849 (t)0.306 0.98 17.Rathbun, 1996b  

NPTOX = 42.0(13 - pH)1.07 (D)0.21 (Br-+1)-2.75 (UV254)0.847 (t)0.142 0.96 

(µg/L) 

(a). THMs = 12.72 (TOC) 0.291 (t) 0.271 (D) –0.072 0.94  (µg/L) 

(b). THMs = 108.8(TOC) 0.2466 (t)0.2956(UV254)0.9919 (D) 0.126 0.97 (µg/L) 

18. Chang et al., 1996  

(c). THMs = 131.75(t)0.2931(UV254)1.075 (D) 0.1064 0.95 (µg/L) 

19. G.-Villanova et al., 1997a Ln(CHCl3) = 0.348 + 0.00059(T)3-0.000023(T)4 +0.0237(pH)2 +δ+ε 

 

0.65 (µg/L) 

20. G.-Villanova et al., 1997b Ln(CHCl3) = 0.81Y + 0.162N + 0.00047(T)3 - 0.0000204(T)4 +0.00339(pH)2 + ε  0.86  (µg/L) 

(a). POX = 7.2 t0.008 TOC0.49D0.41 (pH+8.6)exp(-468.5/T) 0.94  21. Huixian et al., 1997**  

(b). NPOX =28.7 t0.02 TOC0.53D0.44 (20.9-pH)exp(-632.4/T) 0.92 

(µg/L) 

22.Clark and Sivaganesan, 1998  

THMs =A
( )

⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛

−

−
−

− mut
oA

oA
Ke1

K1C
C  

u=M(1-K); K = e0.32(CAo)-0.44(TOC)0.63(pH)-0.29(T)0.14; A = e1.49(CAo)-0.48(TOC)0.18(pH)-0.96(T)0.28 

M = e(-2.46 - 0.19TOC – 0.14pH – 0.07T – 0.01pH.T) 

K = 0.71 

A = 0.78 

M = 0.42 

(µg/L) 

23. Golfinopoulos et al.,1998  THMs = 13.5ln(Chla)–14.5(pH)+230(Br-)-140(Br-)2 -25.3(S)+110.6(Sp)-6.6(T.Sp)+1.48(T.D)  0.98  (µg/L) 

24.Amy et al., 1998 THMs = 0.00412(DOC)1.10(D)0.152(Br-)0.068(T)0.61 (pH)1.60 (t)0.260 NR (µg/L) 

25. Nokes et al., 1999 Function of various reaction coefficients of intermediate products, HOBr and HOCl NR (µg/L) 

(a). THMs = 0.044(DOC)1.030 (t)0.262 (pH)1.149 (D)0.277 (T)0.968   0.90 26. Rodriguez et al., 2000 

(b). THMs = 1.392(DOC)1.092(pH)0.531(T)0.255 0.34 

(µg/L) 

27.Milot et al., 2000 ( )
( )esource.dseason.cregion.betemperatur.aexp1

esource.dseason.cregion.btreatment.aexpP
+++++

++++
=  

  

28. Sung et al., 2000 (a). ( ) ( )( )( ) ( )pn
254

kt aelgaUVe1DjOHaTHMs −− −=   (µg/L) 
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(b). ( ) ( )( ) ( ) ( ) 10.057.0
254

56.0kt52.06
3 aelgaUVe1DOH103.2CHCl −−− −×=  

0.93 

(c). ( ) ( )( ) ( ) 34.0
254

43.0kt35.04 UVe1DOH108.45HAA −− −×=  
0.74 

(d). ( ) ( )( ) ( ) 18.0
254

70.0kt41.04 UVe1DOH107.4TCAA −− −×=  
0.87 

29. Westerhoff et al., 2000 THMs = bo+b1(DOC) + b2(D1) +b3(Br- 10 percent) +b4(T) + b5(pH) + b6(t) NR (µg/L) 

30. Elshorbagy et al., 2000 ( )tttttt ClCl582.0THMsTHMs −+= Δ+Δ+  NR (µmol/L) 

31.Clark et al., 2001 

THMs = α
( )

⎟
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⎠

⎞

⎜
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⎝

⎛
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⎟
⎠

⎞
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⎝

⎛

−

−
−

− mut
oA

oA
Ke1

K1C
C ;  

u=M(1-K); ( ) ( ) ( ) 75.0
o

1.013.089.1 Cl.1Br.pHeK −−− +=     

( ) ( ) pH231.0p46.832.2
o

pH.oCl0145.0Br305.096.3 e.e.Cl.e.e.eM −−⎟
⎠
⎞⎜

⎝
⎛ −−

=  

K = 0.95 

M = 0.70 

(µg/L) 

(a). THMs = -0.26chla +1.57pH +28.74Br –66.72Br2  - 43.63S + 1.13Sp +2.62T.S –0.72T.D 0.52 

(b). CHCl3= -0.32chla + 0.68pH + 2.51D + 1.93Sp  -22.07S +1.38T.S – 0.12T.D 0.51 

32.Golfinopoulos and Arhonditsis, 
2002a 

(c). BDCM= - 0.37chla + 0.32pH +1.16Br – 29.82Br2  + 1.88D +5.17S - 0.37T.Sp - 0.12T.D 0.62 

(µg/L) 

33.Golfinopoulos and Arhonditsis, 
2002b 2a1a

3outflow ]enlogHa[TOCkVa]THMs[Q
dt

]THMs[Vd
+=  

 (µg/L) 

34. Korn et al., 2002 Log(Chlorite) = -0.346 – 0.07log(pH) – 0.025log(T) – 0.597log(C+1) – 0.136log(t+1) – 0.0038log(NPOC.UV254) + 
0.293log(T).log(C+1) + 0.393log(pH).log(C+1) + 0.67log(NPOC.UV254).log(C+1) – 0.161log(NPOC.UV254).log(t+1) 

0.95 Mg/L 

(a). ( )( )tsktrk ef1fe1DαTHMs −− −−−=  
NR 35.Gang et al., 2002 

(b). ( )( )tsktrk ef1fe1DβHAAs −− −−−=  
NR 

(µg/L) 

(a). Log(HAAs) = 2.72 + 0.653(TOC) +0.458(D) + 0.295(t) 0.89 

(b). Log(HAAs) = 1.33 + 2.612(TOC) +0.102(D) + 0.255(T) + 0.102(t) 0.80 

(c). HAAs = -8.202 + 4.869(TOC) +1.053(D) + 0.364(t) 0.92 

(d). THMs = 16.9 + 16.0(TOC) +3.319(D) -1.135(T)+ 1.139(t) 0.78 

(e). Log(THMs) = -0.101 + 0.335THMo + 3.914(TOC) + 0.117(t) 0.89 

36. Serodes et al., 2003 

(f). THMs = 21.2 +2.447(D) + 0.499(t) 0.56 

(µg/L) 
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(a). LogTHMs = 0.33pH - 0.02pH2  + 0.12t – 0.004t2 0.53 

(b). LogTHMs = -0.44pH + 7.53logpH -1.10D +0.2D2 0.58 

(c). LogHAAs = 0.33pH - 0.02pH2  + 0.48t – 0.09D 0.28 

37.Nikolaou et al., 2004 

(d) LogTHMs = 0.98log(pH) + 1.1log(t) – 0.01(t).(D) + 1.59log(D) 0.38 

(µg/L) 

38.Al-Omari et al. 2004 [THMs] = 4.527t0.127D0.595 TOC0.596 Br0.103 pH0.66  (µg/L) 

THMs =0.0001D3.14 pH1.56 TOC 0.69 t 0.175 0.77 (µg/L) 

DCAN =3.567D1.03 pH-1.64 R 0.18 t 0.234 0.69  

39.Kolla, 2004 

TCP =0.785D3.474 pH-4.659 t 0.147 0.68  

(a). LogTHMs = 1.546 +0.631pH2  +0.569log(t) + 0.385log(D) 0.87 40. Lekkas and Nikolaou, 2004 

(b). LogHAAs = -0.00189 – 1.7pH2 + 1.5log(pH) -0.9Br- + 0.875(pH)(Br-) + 0.710log(t)  

        – 0.28(pH)(t) + 0.215log(D) 

0.51 

(µg/L) 

(a) THMs = 10-1.385(DOC)1.098(D)0.152 (Br)0.068(T)0.609(pH)1.601(t)0.263 0.90 

(b) THMs= 0.42(UV254)0.482(D)0.339(Br-)0.023 (T)0.617(pH)1.601(t)0.261 0.70 

(c) THMs = 0.283(DOC* UV254)0.421(D)0.145 (Br-)0.041 (T)0.614(pH)1.606(t)0.261 0.81 

(d) THMs = 3.296(DOC)0.801(D)0.261 (Br)0.223(t)0.264 0.87 

(e) THMs = 75.7(UV254)0.593(D)0.332 (Br)0.0603(t)0.264 0.90 

(f) THMs = 23.9(DOC* UV254)0.403(D)0.225 (Br-)0.141(t)0.264 0.92 

(g) ( ) ( ) ( )20T5.7pH
C20T,5.7pH@ 0263.1156.1*THMTHMs −−

===  
0.92 

(h) HAA6 = 9.98(DOC)0.935(D)0.443 (Br)-0.031(T)0.387(pH)-0.655(t)0.178 0.87 

(i) HAA6 = 171.4(UV254)0.584(D)0.398 (Br)-0.091(T)0.396(pH)-0.645(t)0.178 0.80 

(j) HAA6 = 101.2(DOC. UV254)0.452(D)0.194 (Br)-0.0698(T)0.346(pH)-0.6235(t)0.18 0.85 

(k) HAA6 = 5.228(DOC)0.585(D)0.565 (Br)-0.031(t)0.153 0.92 

(l) HAA6 =63.7(UV254)0.419(D)0.640 (Br)-0.066 (t)0.161 0.92 

(m) HAA6 = 30.7(DOC.UV254)0.302(D)0.541 (Br)-0.012(t)0.161 0.94 

(n) ( ) ( ) ( )20T5.7pH
C20T,5.7pH@ 021.1932.0*6HAA6HAA −−

===  
0.85 

(o). ( ) ( ) ( ) 25.2
22

085.0
3

168.062.31.1
3

652.068.1
OH.NNH.TIC.pH.O.DOC.BrTOBr −−−−− −=  0.98 

41.Sohn et al.,2004 

(p). ( ) 927.105.1766.0
3

07.153.1
T.pH.O.DOC.Br9.0TOBr −−−=  0.95 

(µg/L) 

44.Uyak et al., 2005 THMs = 0.0707(TOC + 3.2)1.314(pH-4.0)1.496 (D-2.5) -0.197(T + 10)0.724 0.98 (µg/L) 
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44. Uyak and Toroz, 2005 Log(THMs) = 1.078 + 0.398log(TOC) + 0.158log(T) + 0.702log (D) 0.83 (µg/L) 

44. Tyrovola and Diamadopoulos, 
2005 Bromate ( ) ( ) ( ) ( ) 89.0

m
26.1

3
28.78.04.19 tOpHBre −−=  

0.80 (µg/L) 

THMs = 16.0+1.6FA+0.1D+0.3T-0.8FA×T-1.2FA2-2.8D2 NR 

CHCl3 = 3.5 + 0.8FA + 0.02D + 0.07T - 0.3T2 NR 

BDCM = 4.5 + 0.7FA+ 0.04D -0.8D2 + 0.4T2 NR 

DBCM = 4.0 + 0.4FA+ 0.05D + 0.1T – 1.0D2 - 0.7FA2 NR 

45.Rodrigues et al., 2007 

CHBr3 = 4.0 – 0.2FA + 0.03D +0.09T – 0.6 FA×T – 0.5 FA2 - 0.8D2 NR 

(µg/L) 

46. Uyak and Toroz, 2007 Developed several models as a function of various reaction coefficients and the ratio between HOBr and HOCl NR (µg/L) 

( ) ( ) 218.0507.0695.1194.0258.0375.1 BrTpH.DOC
Dt10THMs −−=

 

0.87 

( ) 371.0414.0878.2297.0201.3 BrTpH.t10BDCM −−=  

0.87 

47. Hong et al., 2007 

( ) ( ) 184.0532.0374.1221.0210.0748.0
3 BrTpH.DOC

Dt10CHCl
−−−=

 

0.86 

(µg/L) 

THMs2 = 17.31+10.52D2 + 259728.60(SUVA)2 0.39 

THMs2 = 42.10 + 29.23D2 + 353375.0(UV254)2 0.33 

48. Semerjian et al., 2008 

THMs2 = −471.11+ 0.48t2 + 1856.07(Br-)2 + 404.38D2 0.31 

(µg/L) 

THMs = total  trihalomethanes;  CHCl3  =chloroform; BDCM = bromodichloromethane; DBCM = dibromochloromethane; CHBr3 = bromoform; HAAs  =haloacetic acids; 
MCAA  =monochloroacetic acid; DCAA  =dichloroacetic acid; TCAA  =trichloroacetic acid; MBAA  =monobromoacetic acid; DBAA  =dibromoacetic acid; BCAA  
=bromochloroacetic acid; HAA5  = (MCAA + DCAA +TCAA +MBAA+DBAA); HAA6  = HAA5+BCAA; POX = purgeable organic halide; NPOX  = nonpurgeable  organic 
halide; NPTOX = nonpurgeable organic halide; BRO3

- = bromate; TOBr = total organic bromide; P = probability of exceedance from the regulatory limit; α = ratio between THMs 
formed (µg/L) and chlorine consumed (mg/L); β = ratio between HAAs formed (µg/L) and chlorine consumed (mg/L); NVTOC  = nonvolatile total organic carbon (mg/L) ; TOC  
= total organic carbon (mg/L); DOC = dissolved organic carbon (mg/L); UV254 = ultraviolet absorption at 254 nm wavelength (cm-1); D = chlorine dose (mg/L); T  = temperature 
(°C); t = reaction time (hour); tm = reaction time in minute; u = rate constant (min-1); CAo = initial concentration of chlorine (mg/L); K = dimensionless constant; Br- = bromide ion 
concentrations (mg/L); NH3-N = ammonia nitrogen (mg/L); θ = dimensionless time; Flu: fluorescence (%); Co = residual chlorine at plant (mg/l); O3 = transferred ozone doses; IC 
= inorganic carbon (mg/L); DO3 = dissolved ozone doses (mg/L); TOBr = total organic bromine (µg/L); NPOC = nonpurgeable organic carbon; S, Sp = dummy variables for 
summer and spring; Chla = chlorophyll-a (mg/m3); OH- = hydroxide concentration; N = dummy variable; k = rate constant; C = chlorine dioxide concentration (mg/L); π = 
peroxone ratio (H2O2/O3); Toz = ozonation temperature (°C); f = fraction of chlorine demand for rapid reactions; kr, ks = rate constants for rapid and slow reactions (/h); Qoutflow = 
outflows in the finished water reservoir; V = volume of the tank; FA = fulvic acid (mg/L); R = residual chlorine (mg/L); DCAN = dichloroacetonitrile (µg/L); TCP = 1,1,1- 
trichloropropanone (µg/L) 
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In terms of the 118 models presented, the greatest area of focus was on THMs formation, 

for which 49 models have been proposed, followed by HAAs, chloroform, 

bromodichloromethane, dibromochloromethane and bromate each with 14, 12, 8, 6 and 6, models 

respectively (Table 2.3). Most of these models have been developed using empirical relationships 

among different parameters and DBPs concentrations, while a limited number of studies (6 

studies) have reported DBPs formation models based on kinetic relationships (Engerholm and 

Amy, 1983; Adin et al., 1991; Clark and Sivaganesan, 1998; Clark et al., 2001; Golfinopoulos and 

Arhonditsis, 2002b; Gang et al., 2002). Only 3 studies employed statistically designed 

experiments (e.g., factorial design) to better determine the effects of the main factors, as well as 

the effects of their interactions through simultaneous variation of a limited number of parameters 

(Clark et al., 2001; Korn et al, 2002; Rodrigues et al., 2007). Other studies employed the variation 

of one factor at-a-time approach by keeping the other parameters constant, or used passively 

collected data from available databases to develop their models. However, use of factorial design 

with replications and center points for each of the parameters in the elaboration of statistical 

design of experiments for determining the significant factors involved in DBPs formation is 

extremely limited in the existing literature. 

A number of parameters have been incorporated in the development of DBPs predictive 

models. The parameters most frequently incorporated include total organic carbon (TOC), 

dissolved organic carbon (DOC), ultraviolet absorbance at 254 nm (UV254), specific ultraviolet 

absorbance, defined as 100UV254/DOC, (SUVA), pH, temperature (T), bromide ion concentrations 

(Br-), chlorine dose (D) and reaction time (t). The TOC, DOC, UV254 and SUVA are often used as 

surrogate measures representing NOM in water. TOC indicates the total mass of organic 

substances (suspended and dissolved fractions), while DOC indicates the mass of the dissolved 

fractions and UV254 represents the specific structure and functional groups of NOM (Edzwald et 

al., 1985; Croue et al., 1998; USEPA, 2001a, b). The SUVA is an indicator of NOM reactivity. A 
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few other studies have incorporated Chlorophyll-a and fluorescence as the surrogates for NOM in 

water (Golfinopoulos et al., 1998; Ibarluzea et al., 1994). A number of these models used more 

than one parameter from TOC, DOC, UV254, SUVA and algae to address the effects of NOM 

(Amy et al., 1987; Malcolm Pirnie Inc, 1992, 1993; Sung et al., 2000; Sohn et al., 2004). In 

addition, a number of studies have reported using NH3-N (Malcolm Pirnie Inc, 1993), seasonal 

variation (Golfinopoulos and Arhonditsis, 2002a), regional effects (Milot et al, 2000) and ratios 

between HOCl and HOBr (Nokes et al., 1999; Uyak and Toroz, 2007) in developing DBPs 

formation models. As shown in Table 2.3, the number of water quality and operational parameters 

used in the reported models ranged from 2 to 8 (G.-Villanova et al., 1997a; Malcolm Pirnie Inc., 

1993).  

In general, models based on field data are more realistic as these data incorporate the 

responses of specific series of water treatment processes and their corresponding distribution 

systems. However, some parameters affecting DBPs formation are difficult to estimate in field-

scale studies. For example, estimating the reaction time within distribution systems requires 

hydraulic simulation models, which are time consuming and not always very accurate. Moreover, 

field-scale models are generally site specific (Rodriguez et al., 2000). Conversely, empirical 

models developed through laboratory experiments have been found to be more reliable than field-

scale studies because they employ controlled conditions, where effects of a particular parameter 

can be determined by keeping the other parameters constants or by performing factorial analyses 

following a statistical design of experiments. However, the DBPs occurrences through reactions 

with residual NOM in distribution systems are not typically included in these laboratory-scale 

models. Table 2.4 briefly describes the water sources, experimental conditions, performances, 

advantages and limitations of the models listed in Table 2.3. From Table 2.3, it can be noted that 

most of the models were developed using multivariate regression techniques. Some studies 

developed first and second order kinetic models and the coefficients were estimated using 
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multivariate regression analyses. A number of studies reported developing DBPs formation 

models using two parallel first order reactions (e.g. fast and slow reactions). As can be seen from 

Table 2.3 and 2.4, laboratory-scale models generally considered a greater number of parameters 

and larger number of data points than models based on field-scaled studies. This may be due to the 

shorter time required to obtain a comprehensive data set, as well as the greater flexibility and 

control over experimental variables and operational conditions possible in a laboratory 

environment compared to a field-scale environment.  
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Table 2.4. Model descriptions, sources, performance, advantages and limitations 
 

No. Model description Advantages Limitations 

1.Minear and 
Morrow, 1983 

This study developed multiple regression models for THMs formation through 
controlled chlorination in the laboratory. Raw water from the Holston river (Knoxville, 
Tennessee) was filtered using 0.45μm filter paper for the experiments. The organic 
content was varied by adding commercially available humic acid. A series of 
experiments was carried out under controlled pH, temperature, bromide ion 
concentrations and chlorine doses at constant reaction time of 96 hours. The study 
varied one factor by keeping the other factors constant. 

The model was verified using 
data developed from field-
sampling program. The model 
has strong predictive ability 

Model does not consider reaction time as 
an explanatory variable.  In waters with 
insignificant bromide ions, the model 
performance may be reduced as the 
formation of brominated THMs depends 
on the fractional characteristics of NOM 
in water. 

2.Urano et al., 
1983  

This study developed empirical model to predict THMs formation.  Aqueous solution of 
humic acid, obtained as a reagent from coal by Wako chemical co. and raw water from 
Sagami river in Japan were used for chlorination experiments in this study. The model’s 
applicability was tested for river and lake waters using historical data and laboratory 
experiments. 

The model was tested using 
river and lake water samples as 
well as historical data and 
found to be efficient. 

Reaction temperature was not considered 
as an explanatory variable. The R2 value 
of the model is unknown. 

3. Engerholm 
and Amy, 
1983 

A kinetic model for predicting chloroform formation was developed as a function of 
reaction time, initial total organic carbon (TOC), initial chlorine-to-TOC ratio, 
temperature, and pH. The laboratory chlorination experiments were conducted on 
synthetic water prepared by adding commercial humic acid to deionized water. This 
study characterized the effects of different factors by varying one- factor- at a time 
keeping the other factors constant.  

The model is effective in 
predicting chloroform 
formation and provide realistic 
framework for predicting 
chloroform formation in 
different source waters 

Temperature and pH were not included as 
the explanatory variables in the model. 
The model may not be efficient to predict 
THMs formation in waters with bromide 
ions. 

4. Morrow 
and Minear, 
1987  

This study was an extended work of Minear and Morrow, (1983). In this study, non-
linear regression analysis was performed to develop THMs formation model using 
Gaussian, DUD and Marquardt methods. The effects of bromide ions on THMs 
formation were characterized in this study. The models were validated using twenty 
Tennessee raw and finished water supply systems data. 

Presented different options and 
methodologies of modeling 
THMs formation. Some of the 
validation data showed 
excellent agreement with the 
model predictions. 

Model did not consider reaction time as 
an explanatory variable. 

5. Amy et al., 
1987 

This study developed linear and non-linear regression models to predict THMs 
formation based on a very robust database from laboratory chlorination experiments on 
raw waters from nine us rivers. Boundary conditions of explanatory variables were 
defined for the model development. Different models were developed for short-term (t 
< 8 hours) and long-term (t > 24 hours) THMs formation. 

The model was based on very 
robust database from several 
water sources with variable 
water quality characteristics. 
The R2 value was excellent. 

The study used UV254 and TOC in the 
model; however, UV254 and TOC are the 
surrogates of NOM. Thus, parameters 
estimation might have suffered from 
confounding effects. Raw water 
characteristics are different from the 
treated water characteristics, which may 
not represent real water supply systems. 

6. Adin et al., 
1991  

Authors developed a mechanistic model for THMs formation based on their formation 
kinetics.  Humic acids were isolated from the sea of Galilee (lake Kinneret) water in 
Israel. This humic acid was used to generate water samples for chlorination experiments 
in laboratory scale. Model showed THMs as a function of TOC, chlorine dose and 

Modeling approach allows 
examining the kinetics of 
THMs formation.  

The model did not consider pH and 
temperature. The source had very high 
bromide ions concentrations (up to 1.9 
mg/l), which might have effects on THMs 
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contact time. formation, while bromide ions were not 
considered in the model. 

7. Harrington 
et al., 1992 

This study developed computer program to simulate THMs formation, removal of TOC 
and ultraviolet absorbance by alum coagulation, and changes in alkalinity and pH. This 
study used the model and databases developed by Amy et al., (1987).  

The model was based on very 
robust database from several 
water sources with variable 
water quality characteristics. 
The R2 value was excellent. 

The study used UV254 and TOC in the 
model. Source waters have variable water 
quality and chlorination characteristics 

8.Malcolm 
Pirnie Inc., 
1992 

This study developed empirical models for CHCl3, BDCM and DBCM formation in 
drinking water from experiments with California state project and Colorado river 
aqueduct waters. The models incorporated TOC, uv254, chlorine dose, pH, reaction time, 
temperature and bromide ion concentrations as explanatory variables. 

This study developed models to 
predict individual THMs 
species. This was an advantage 
over the previous models that 
predicted total THMs 

Models used uv254 and TOC together; 
however, UV254 and TOC are surrogates 
of NOM. R2 values of the models were 
not reported. 

9. Malcolm 
Pirnie inc., 
1993 

This was a follow up study of Malcolm Pirnie Inc. (1992). In this study, THMs as a 
whole and species wise models were developed. This study incorporated ammonia 
nitrogen with the other parameters in modeling THMs formation. 

The effects of ammonia 
nitrogen (NH3-N) were 
incorporated in the models, 
which was a new idea. 

Models used UV254 and TOC together; 
however, UV254 and TOC are surrogates 
of NOM. R2 values of the models were 
not reported. 

10.Montgome
ry Watson, 
1993 

Models for four THMs species and five HAAs were developed in this study. This study 
combined three laboratory scale databases developed in four different studies across 
USA including the works of Amy et al., (1987). Models were developed according to 
the ratio between chlorine dose and bromide ion concentrations in water. Good 
predictive abilities of these models were observed.  

Models were validated using 
independent database. 

Combined TOC with UV254 in the 
models. Raw water characteristics and 
chlorination do not represent treated 
water characteristics and chlorination. 

11.Lou and 
Chiang, 1994 

Water samples from 18 locations of the Taipei river in Taiwan were collected over a 
period of six months. A predictive regression model for THMs in the distribution 
system was developed using THMs in the treatment plants and other factors. The model 
considered the effects of distribution pipes on THMs formation. 

Observed data were within 
10.9% of the simulated results. 
Model includes water 
dispersion in the distribution 
system. 

Model did not consider temperature as an 
explanatory variable. Measuring 
dispersion in a real system distribution 
network is extremely difficult.  

12. Ibarluzea 
et al., 1994  

Authors developed a multiple regression model for predicting chloroform formation 
using monthly samples (during 1 year) from the water treatment plant and the finished 
water of the city of San Sebastian (Spain). In addition to the normal water quality and 
operational parameters, they used fluorescence as an indicator of nom instead of more 
common indicators mentioned in the literature such as TOC and UV254.  

Very simple model with 
relatively good results 

Model does not consider reaction time as 
an explanatory variable. Use of 
fluorescence as an indicator of nom was 
not justified in the previous studies or in 
their study 

13.Ozekin, 
1994 

This study used ten different sources of water to develop bromate formation model as a 
result of Ozonation in laboratory. The initial model was developed at a constant 
temperature of 20°C and a temperature adjustment model was also developed.  

Temperature adjustment had 
flexibility to perform water 
disinfection at variable 
temperature. This was the 
earliest model to predict 
bromate formation in water 

Model validation or R2 value was not 
reported. 

14.Siddiqui et In this work, a series of empirical models for predicting brominated by-products were 
developed. The water samples were collected from three water treatment plants in USA. 

Model allowed to consider 
effects of temperature on 

Model showed moderate performance in 
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al., 1994 Data for modelling works were generated by ozonating water sample in the laboratory.  bromate formation predicting brominated byproducts 

15.Song et al., 
1996 

This study developed a multiple regression model for predicting bromate formation in 
drinking water. Experimental data were generated through batch reactions by varying 
one factor at a time approach. Isolation and fractionation of nom was performed prior to 
ozonation. The model established boundary conditions to obtain the reasonable 
predictions of bromate formation. The model was validated using the laboratory scaled 
data and with data from published literature. 

The model showed very good 
performance in predicting 
bromate in natural waters. The 
model was validated internally 
by using laboratory data and 
externally by using data from 
published literature. 

Variation of water temperature was not 
considered in the experiments. Thus, 
model did not allow predicting seasonal 
variations of bromate. The boundary 
conditions may impose limitations in 
using the model at diverse environmental 
conditions. 

16.Rathbun, 
1996a 

This study developed multiple regression models for predicting CHCl3, BDCM, DBCM 
and CHBr3 formation using water samples from the Mississippi, Missouri and Ohio 
rivers in USA. Water samples were collected during the summer and fall of 1991 and 
spring from 1992 at 12 locations. The models were developed at a constant temperature 
of 25°C and constant reaction time of 7 days. 

Models showed good 
predictability. The root mean 
square of the model predictions 
and experimental data were 
found good. 

Raw waters do not represent 
characteristics and chlorination of the 
treated water. The models did not 
consider reaction time and temperature as 
explanatory variables. 

17.Rathbun, 
1996b  

In this work, multiple regression models for predicting THMs and NPTOX formation 
were developed using water samples from the three rivers as of Rathbun (1996a). 
However, the raw waters were filtered using prewashed 0.45µm low-extractable 
cellulose acetate membranes prior to use. A 3×3 orthogonal experimental design for pH 
and chlorine dose was followed in this study. The regression coefficients for the models 
were found to be comparable to the previously published literature.  

Models based on a very robust 
database representing variable 
water quality of three rivers. 

 

The models did not consider reaction 
temperature as explanatory variable. 
Interaction effects of the factors were not 
identified in this study 

18. Chang et 
al., 1996  

In this work, THMs formation models were developed using raw water chlorination 
experiments in the laboratory following multiple regression technique. The water 
samples were collected from Pen-Hsing river as well as pan-Hsing, Fong-Yuen and 
Chen-Chin-Hu water treatment plants in Taiwan to develop and validate THMs 
formation models. This study varied followed one-factor-at-a-time approach. The 
temperature was kept constant throughout the experiments. 

The models were simple and 
had very good predictive 
ability. 

One of the three models used UV254 and 
TOC, which could result in erroneous 
parameter estimation. The models did not 
consider water temperature as an 
explanatory variable. Raw water and 
treated water characteristics are different. 

19. G.-
Villanova et 
al., 1997a           

In this work, samples were collected from eight different locations of two conventional 
water treatment plants in the city of Salamanca (Spain). The samples were collected on 
11 different dates to represent seasonal variations of chlorinated DBPs and other water 
quality parameters. Using these data, regression model for predicting chloroform 
formation was developed.  

This study developed model 
with reduced number of 
variables. The model 
incorporated spatial and 
temporal variability of 
sampling location and time. 

This model did not consider chlorine 
dose, organic content, reaction time or 
bromide ion concentration. The model 
contained third and higher order 
polynomials of temperature which made 
it highly sensitive to use for the water 
treatment plants 

20. G.-
Villanova et 
al., 1997b 

This is a continuous study of G.-Villanova et al., (1997a). Water samples were collected 
from six locations of the distribution systems of three water supply reservoirs in the city 
of Salamanca (Spain). This study developed regression model for predicting chloroform 
formation in drinking water. This study used dummy variables to consider the 
locational variability within the distribution system and the effect of time of sampling in 
the model development. 

The model incorporated spatial 
and temporal variability of 
sampling location and time. 
Dummy variable was used to 
incorporate the effects of 
distribution systems on 
chloroform formation. 

This model did not consider chlorine 
dose, organic content, reaction time or 
bromide ion concentration. The model 
contained third and higher order 
polynomials of temperature which made 
it highly sensitive to use for the water 
treatment plants 

21. Huixian et In this study, non-linear regression models for predicting the formation of pox and This study characterized the Number of data unknown. THMs, HAAs 
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al., 1997  NPOX were developed using chlorination of water samples that had fulvic acid as the 
nom. The fulvic acid was isolated from the Taiping lake in china, which was used to 
prepare water samples and chlorination was performed in the laboratory. The effects of 
ammonia-nitrogen on pox and NPOX formation were also investigated in this study. 

effects of different factors 
including ammonia-nitrogen. 
The models appeared with very 
accurate predictive abilities 

can not be separated to check the 
regulatory compliance. 

22.Clark and 
Sivaganesan, 
1998  

In this study, a second order kinetic model was developed to predict THMs formation in 
drinking water. This study used synthetic water prepared by adding commercial humic 
acid to super-Q water to perform bench-scale chlorination experiments in the 
laboratory. The THMs formation model was developed using a balanced equation 
between hypochlorous acid and substances responsible for chlorine demand. The model 
was validated using two field studies performed in the past (Clark et al., 1994; 
Vasconcelos et al., 1996).  

The model allows 
characterizing THMs formation 
as a function of chlorine 
consumption and fundamental 
reaction kinetics. 

The R2 values for the model coefficients 
range between fair and good. It is not 
proved that the second-order model 
would give better predictions than first-
order kinetics. Formation of THMs is a 
continuous process; thus, the assumption 
of balanced equation may affect the 
result. 

23. 
Golfinopoulos 
et al.,1998  

This study developed a multiple regression model for predicting THMs formation in the 
finished water leaving the plant using field sampling from the Galatsi treatment plant of 
Athens. A particular feature of this model is that chlorophyll-a was introduced in the 
model as an indicator of nom. This study included seasonal variability of THMs 
formation. Overall 82% of the predicted values were found to be within ±20% of the 
measured values. 

Model represented actual water 
supply system and  seasonal 
variation of THMs formation 

The model did not consider reaction time 
as an explanatory variable. Moreover, 
chlorophyll-a is not a common surrogate 
measure for NOM in water. 

24.Amy et al., 
1998 

This study developed THMs formation models based on data generated from untreated 
river waters in USA. The model used doc instead of both TOC and UV254 as indicators 
of NOM in their original works Amy et al., 1987). 

Empirical based models were 
developed for haloacetic acids, 
chloral hydrate, and bromate. 

Raw water characteristics and 
chlorination do not represent 
characteristics of treated water. 
Chlorination conditions of data from 
different source waters were different. 

25. Nokes et 
al., 1999. 

In this study, kinetic models for predicting THMs formation were developed through 
incorporation of HOBr and HOCl ratio and activated carbon atoms. The water samples 
were collected from drinking water supplies prior to their chlorination points in New 
Zealand. The model constants were estimated using data from experimental 
chlorination of 17 surface and ground waters in New Zealand. 

The models analyzed the effects 
of bromide ions in the THMs 
formation kinetics 

Chlorination conditions for different 
samples were not comparable. The 
models incorporated activated carbon 
atom to determining halogen substitution; 
however, the reaction kinetics for 
halogens substitutions are partially 
known. Models did not consider other 
factors, such as pH, temperature as 
explanatory variables. 

26. Rodriguez 
et al., 2000 

This study developed THMs formation models by combining data from Amy et al. 
(1987), Rathbun (1996a,b), Montgomery (1993) and AWWA (1991). The models were 
validated using field scale database from small water utilities in Quebec (Canada). 
Sensitivity analysis was also performed using field-scaled database. Field-scaled 
models were also developed for the raw waters in southern Quebec. 

A robust database is considered 
to develop simple and accurate 
models.  

 

The field scaled model’s predictability 
was poor. Many assumptions have to be 
made to apply the models to field-scaled 
data. Chlorination conditions for different 
databases were different. Raw waters do 
not represent treated water characteristics. 

27.Milot et 
al., 2000 

This work developed models for predicting probabilities of exceeding specified values 
of THMs using logistic regression analysis. This study was designed to estimate the 
susceptibility of water utilities to human. The data for modeling were collected from 

The probability of exceedance 
can be useful in predicting 
possible carcinogenic and non-

Models do not consider water quality and 
operational characteristics (chlorine dose, 
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several utilities in Quebec, Canada. A sensitivity analysis using this model can identify 
the strategy of reducing THMs formation in the distribution systems. 

carcinogenic effects to human 
as well as to perform 
epidemiological study. 

pH, T, t, TOC, DOC or UV254). 

28. Sung et 
al., 2000 

This study developed semi-mechanistic models for THMs, HAA5, CHCl3 and TCAA 
formation in drinking water using raw waters for the Massachusetts water resources 
authority. This work incorporated hydroxide concentration and chlorine decay kinetics 
in the model development the model coefficients were determined using data from 
October 1997 to July 1999 and the model was validated with data from August 1999 to 
January 2000. 

The model was developed for 
an actual water supply system, 
which represented seasonal 
variability. The models showed 
very good performance with 
the validation data. 

The models did not consider temperature 
as an explanatory variable. The THMs 
and CHCl3 models used UV254 and algae 
together, while UV254 and algae 
represented nom. Use of hydroxide 
concentration as a model explanatory 
variable was not common.  

29. 
Westerhoff et 
al., 2000 

This study developed regression models to predict THMs formation and residual 
chlorine decay for finished water in the treatment plants. The historical data for model 
development were obtained from three water treatment plants in Paris from 1990-1996. 
The plants had variable water quality and operational characteristics. The model 
incorporated chlorine consumption and 10% of the bromide ion concentrations for 
THMs formation model development. 

This model determined the 
percentages of bromide ions 
converted into THMs. 

Model performance was not reported. The 
model was based on raw water data. 
Chlorine consumption in the plants and 
water distribution systems depends on 
pipe walls, biofilms on the pipe walls and 
bulk flow of water in the pipe. 
Conversion of bromide ions into THMs 
depends on temperature and pH. 

30. 
Elshorbagy et 
al., 2000 

This study developed model to characterize kinetics of THMs formation using 
nonlinear optimization in a full dynamic water distribution system. This study 
incorporated the bromine content factor for the model development. The model was 
tested and verified by applying to a portion of the Abu Dhabi water distribution systems 
in the United Arab Emirates.  

The model was able to predict 
differences in THMs formation 
within different nodes of the 
distribution systems. The 
model predicted bromide ions 
decay in the distribution 
systems. 

Model performance was not reported. 
Conventional variables were not 
incorporated in the model development. 

31.Clark et 
al., 2001 

This study developed kinetic models for predicting four THMs and nine HAAs 
formation in drinking waters. The laboratory investigations were performed using 
synthetic water prepared by adding commercial humic acid to Super-Q water. A two 
block, full factorial design was followed to perform the laboratory experiments. Two 
levels of chlorine doses, three levels of pH and reaction time and four levels of bromide 
ion concentrations were investigated in this study.  The authors used a second order rate 
and chlorine decay kinetics to predict DBPs formation in water distribution systems. 
The R2 values for the models were more than 0.95 except for MCAA, which was 0.53. 

The models integrated 
mechanistic and empirical 
methods, which provided 
higher degree of flexibility for 
model applications.   

 

This study conducted experimental 
investigations at constant organic content 
(TOC, DOC, and UV254) and 
temperature. The interaction effects of the 
factors were not characterized. It was not 
proved that this approach gave better 
results than classical regression models.  

32. 
Golfinopoulos 
and 
Arhonditsis, 
2002a 

This study developed multiple regression models for THMs, CHCl3 and BDCM 
formation in finished drinking water using data from the Menidi treatment plant of 
Athens. Raw water samples were collected in duplicates from nine different points over 
the plant throughout June 1995 to November 1998. The models incorporated the effects 
of seasonal variability as one of the explanatory variables. In general, these models 
were found to give acceptable fits over the annual cycle. 

The models were developed 
based on the data from actual 
water treatment plant. Models 
represented seasonal variability 
for THMs, CHCl3 and BDCM 
occurrences. 

Raw water characteristics and 
chlorination do not represent the treated 
water characteristics and chlorination. 
The performance of models was relatively 
low 

33.Golfinopou
los and 

This study developed a modeling procedure with a time discretization of 1 min and 
simulated the kinetics of THMs formation in water treatment plants. The fundamental 

This study presented a 
promising methodological basis 

The model was not validated. This model 
was developed based on raw water 
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Arhonditsis, 
2002b 

concept of the model was based on the representation of the water treatment plant as a 
mixed flow reactor, where the formation of THMs was predicated on a generalized 
reaction of total halogens with an organic precursor. Volatilization, flocculation, 
coagulation and sedimentation processes were also incorporated in the model in order 
to assess their distinct role. All data for this study were obtained from Menidi and 
Galatsi water treatment plants in Athens, Greece throughout 1993 to 1998.  

towards the realistic 
reproduction of the dynamics 
of water treatment plants and 
the development of reliable 
numerical tools for the accurate 
prediction of THMs formation. 

characteristics and chlorination, while 
water is pretreated prior to chlorination in 
most of the water supply systems. The 
conventional water quality and 
operational variables, such as water 
temperature and pH were not considered 
as the explanatory variables. 

34. Korn et 
al., 2002 

This study developed chlorite formation model through bench-scale experiments using 
water from seven drinking water treatment plants in Canada. A two-level full factorial 
design was performed for the experiments instead of using conventional one-factor-at-
a-time approach.  

This model presented the basic 
understanding of chlorine 
dioxide byproducts formation 
in water. Predictive capabilities 
of the model is high 

NPOC and UV254 were simultaneously 
used; however, both characterize NOM in 
water. 

35.Gang et al., 
2002 

This research developed kinetic models to predict THMs and HAAs formation and 
chlorine decay kinetics through chlorination of eight Missouri surface waters (raw and 
alum-treated). Water samples were filtered using membrane ultra filtration prior to 
experiments to determine chlorine demands for different fractions of nom. Two parallel 
first order reactions, based on fast and slow reaction kinetics, were incorporated in these 
models. 

This model used chlorine 
demand other than 
conventional chlorine dose in 
models. Models allowed 
examining the effects of 
molecular weights of NOM 
fractions on DBPs formation.  

Water quality and operational variables 
(chlorine dose, pH, TOC, DOC or UV254, 
temperature) were not incorporated in the 
models. Developed model is usable for 
research but may be difficult to apply to 
the actual water supply systems. 

36. Serodes et 
al., 2003 

This study developed regression models for predicting THMs and HAAs formation 
through bench-scale chlorination experiments using treated waters (prior to final 
chlorination) from three major drinking water utilities in Quebec (Canada). Water 
samples with variable conditions of water quality were collected over six months 
(May–November 2000) period. 

Data from the experimental 
chlorination allowed 
representing the seasonal 
variations of watering quality 
characteristics. 

The models did not consider pH as an 
explanatory variable. Models showed 
variable performance. Models were not 
validated 

37.Nikolaou 
et al., 2004 

This study developed multiple regression models for predicting THMs and HAAs 
formation through chlorination of river waters (with different water quality regarding 
bromide ion concentration and organic matter contents) from Lesvos island, Greece. 
The study concluded that formation of THMs and HAAs in water might have some 
stochastic character, which was difficult to describe by the conventional regression 
techniques. 

The models used minimum 
number of water quality and 
operational variables. These 
models provided satisfactory 
estimations of the THMs and 
HAAs formation 

The models were based on raw water 
samples. Models did not consider nom 
(TOC, DOC or UV254) or reaction 
temperature. The r2 values of the models 
were very low 

38.Al-omari et 
al. 2004 

This study developed a regression model to predict THMs formation in drinking water 
for Zai water treatment plant (that supplied water to Jabal Amman water supply 
systems) in Jordan. The model was developed at 20°C and another temperature 
adjustment model was proposed for higher temperature. The model was tested using 
data from different locations throughout the Jabal Amman water supply systems. Water 
cad software was used to incorporate water age in the distribution pipes. Results 
showed good agreement between measured and predicted THMs concentrations. 

The model showed good 
agreement between measured 
and predicted THMs 
concentrations. Model used 
water cad software to simulate 
the distribution systems using 
water flow characteristics 

Model did not incorporate temperature as 
an explanatory variable. The R2 values of 
the model was not reported 

39.Kolla, 
2004 

This study developed regression models in laboratory to predict THMs, DCAN and 
TCP formation in drinking water through chlorination of raw water samples from five 
water supply systems in Newfoundland, Canada. The samples were collected and 

In addition to THMs, DCAN 
and TCP were also modeled in 
this study. 

Models were developed using unfiltered 
raw water samples. Reaction temperature 
was not incorporated in the models. The 
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analyzed throughout January 2003 to May 2004. models were not validated. 

40. Lekkas 
and Nikolaou, 
2004 

This study characterized the effects of bromide ions on THMs and HAAs formation and 
developed regression models for predicting THMs and HAAs formations through 
bench-scale experiments in the laboratory. Water samples for this study were collected 
from Tsiknias river in Mytilene, Greece in march 2000. These samples were spikes with 
bromide ions at different concentrations. The study performed one-factor-at a time 
experiments. 

The models incorporated the 
effects of bromide ions on 
THMs and HAAs formation. 
Model showed excellent R2 
value for THMs formation 

The models did not consider NOM (TOC, 
DOC or UV254) or reaction temperature. 
The R2 value for HAAs model was low. 
Raw water does not represent treated 
water characteristics. 

41.Sohn et 
al.,2004 

This study developed multiple regression models for predicting THMs, HAAs and 
bromate formation for raw and treated waters. A total of 16 models (THMs: 7 models; 
HAAs: 7 models; bromate: 2 models) were developed for raw and coagulated waters. 
The models were developed and validated using historical data assembled from Amy et 
al., (1987, 1998) and Montgomery (1992), which were obtained from 12 raw and a 
subset of 8 water sources subjected to alum and iron coagulation in USA. Different 
models were based on different water quality parameters, such as, DOC, DOC*UV254, 
as well as raw and treated waters. Boundary conditions for the models were established. 

Models were based on a very 
robust database that was 
developed for variable water 
characteristics. The models 
provided an option of 
comparing and using different 
models at different 
environmental conditions. 

The models often used DOC and UV254 
together as the explanatory variables. 
Raw water characteristics do not 
represent the treated water characteristics. 
Chlorination conditions for different 
source waters were different 

42.Uyak et al., 
2005 

A multiple regression model for predicting THMs formation at finished water of the 
Kagithane water treatment plant in Istanbul city, Turkey was developed in this study. 
The raw water for the treatment plant was obtained from the Alibeykoy reservoir and 
Trkos lake in Istanbul. Data for THMs and other water quality and operational 
parameters were generated through a 12-month sampling program between January and 
December 2003. This model could be used to estimate THMs concentration for 
different water quality and treatment processes with different operational conditions. 

The model has excellent 
predictive ability. The model 
was directly applicable to the 
chlorination of raw waters. 

Raw water characteristics and 
chlorination do not represent treated 
water characteristics and chlorination. 
This model did not consider reaction time 
as an explanatory variable. 

43. Uyak and 
Toroz, 2005 

This study developed regression model to predict THMs formation and characterized 
seasonal variability of THMs formation within distribution systems of the 
Buyukcekmece water treatment plant in Istanbul city Turkey). The investigation was 
based on a 30-week sampling program, undertaken during the spring, summer and fall 
of the year 2003.  THMs and other water quality and operational parameters were 
monitored at points along the distribution system between the treatment plant and the 
system's extremity. The study found that the THMs formation in the distribution 
systems were1.2-1.8 times higher than the THMs formation in the finished water at the 
treatment plants during summer period, while these were much less during spring and 
fall. 

The model characterized effects 
of seasonal variability on 
THMs formation within the 
water distribution systems. 
Model showed good 
predictability 

The model did not characterize the effects 
of pipe walls and biofilms. The model did 
not consider pH and reaction time as 
explanatory variables. 

44. Tyrovola 
and 
Diamadopoul
os, 2005 

This study developed a multiple regression model for predicting bromate formation in 
drinking water during ozonation of groundwater containing elevated bromide ion 
concentrations. The groundwater samples from aquifers in coastal areas (northwestern 
area of Crete, Greece) were ozonated in a semi-batch reactor under typical ozonation 
conditions. This study characterized effects of different parameters, such as ozone dose, 
reaction time, ph and bromide ion concentrations on bromate formation. The model 
simulated the effect of water quality characteristics and treatment processes on bromate 
formation. 

The model was capable of 
estimating the concentration of 
bromate concentration in 
ozonated groundwater, which 
contain low concentrations of 
ammonia and dissolved organic 
carbon. The model had very 
good predictive ability. Model 
was developed by considering 

The model did not consider NOM (TOC, 
DOC or UV254) and temperature as 
explanatory variables.  
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the seasonal variability 

45. Rodrigues 
et al., 2007 

This study developed THMs formation models through laboratory experiments using 
synthetic water, which was prepared by using hydrophobic fraction of fulvic acid. The 
fulvic acid was collected from Caldeirao dam in Guarda, Portugal and the hydrophobic 
fractions were isolated using xad-8 resin. This study performed fractional factorial 
design with center points followed by response surface analysis through Box-Behnken 
design. The models incorporated interactions of different factors. 

This study followed statistical 
design approach to characterize 
the effects of different factors. 
In this study, interaction effects 
of different factors were 
assessed statistically. 

This study did not identify pH and 
reaction time as significant factors. This 
study did not consider any replication to 
consider experimental errors. 

46. Uyak and 
Toroz, 2007 

This study developed four THMs and three HAAs (DBAA, DCAA, and BCAA) 
formation models using chlorination of Buyukcekmece lake water, Istanbul, Turkey. 
The raw water was filtered using 0.45 µm filter paper prior to chlorination. Bromide 
ions were spiked to six different levels ranging from 0.05 to 4.0 mg/l for the 
experiments.  This study incorporated the ratio between HOBr to HOCl in the model 
development. The experiments follow one-factor at a time approach. 

This study characterized the 
effects of the ratio between 
HOBr to HOCl in the 
formation of THMs and HAAs 
species. 

The models did not consider the organic 
contents (TOC, DOC or UV254), pH, 
temperature or reaction time. The models 
were not validated and R2 values were not 
reported. 

47. Hong et 
al., 2007 

This study developed multiple regression models for THMs, BDCM, and CHCl3 
formation in drinking water under different chlorination conditions using samples from 
Dongjiang river in Hong Kong. This study identified the effects of bromide ions on 
THMs formation. This study followed an orthogonal design, which allows the variation 
of only one parameter at a time while other parameters maintain a designated “baseline” 
condition. 

This study characterized the 
effects of bromide ions on 
different species of THMs 
formation. This study included 
variable water characteristics 

Raw water characteristics and 
chlorination do not represent treated 
water characteristics and chlorination. 

48. Semerjian 
et al., 2008 

The study developed predictive models for THMs formation in Lebanon based on field-
scale investigations as well as laboratory controlled experimentations. Predictive 
models showed variable R2 values. The laboratory-scale simulated distribution system 
Trihalomethane (SDSTHMs) tests were conducted on selected public drinking water 
sources; namely the Kfar Helda wtp and Zheyma in Lebanon to predict as well as 
evaluate THMs formations under controlled laboratory conditions. Seasonal variability 
of THMs formation was considered n this study. 

This study developed models 
for both laboratory and field-
scale, which provided 
flexibility in the model 
selection 

Models did not consider pH and 
temperature as the explanatory variables. 
The R2 values of the models were very 
low.  
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To evaluate the performance of different models, it is often required that the models be 

developed under similar water quality and operational conditions. It is often difficult to make 

precise judgments regarding the performance of reported models, as these models were generally 

developed using different modelling approaches, parameters and pre-treatments, as well as 

variable water quality characteristics. A large number of models were evaluated using statistical 

techniques, where coefficients of determination, correlation coefficients, mean absolute errors 

between measured and predicted data, and distributions of residuals are often considered as 

indicators of model performance. However, regression models often have limitations in that these 

models should be used within the experimental conditions for which the models were developed 

(Montgomery and Runger, 2002). Despite the fact that most models presented in Table 2.3 are 

multiple regression models, estimated from field or laboratory data, operating regions in the 

factors over which the models provide reliable predictions were seldom reported. In addition, 

most of the models did not consider actual water supply systems and/or external databases for 

model validation. Natural systems, such as water supply systems are typically associated with 

uncertainty from a number of sources, including model parameter selection, the distributions of 

model parameters, limited data and/or lack of proper knowledge. Most of the models presented 

Table 2.3 do not include discussions on possible uncertainty associated with their respective 

regression coefficients and model parameter values. The model parameters may also vary 

temporally and spatially. As a result, it is recommended that studies also investigate the effects of 

simultaneous variability of different model parameters to assess possible interaction effects. This 

could be performed using factorial analysis for all of the model parameters using replications and 

center points. Only three studies in Table 2.3 conducted factorial analysis; however, 

incorporation of all of the parameters, replications and centre points were not considered in those 

studies. As such, interaction effects for the full set of combinations of the model parameters were 

generally absent in these studies. 
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2.5.2. Potential Application of Models 

 

Predictive models for DBPs formation have a wide range of applications in the design 

and management of drinking water supply systems, for regulatory agencies, in toxicological and 

epidemiological risk assessment studies, as well as in risk-cost trade-off analyses. These models 

can be employed to determine the effects of different water quality and operational parameters on 

DBPs formation. Based on the analyses, different water quality and/or operational parameters 

can be adjusted to control DBPs formation in drinking waters. Managers and operators of 

drinking water supply systems can use these models as decision-making tools to achieve better 

operational control during the treatment process. This can be accomplished in a number of ways: 

(i) DBPs concentrations can be controlled within regulatory limits by adjusting different 

parameters; (ii) operational parameters, such as pH can be controlled to prevent corrosion/scaling 

in water distribution systems; (iii) locations of chlorine boosting stations can be determined to 

ensure that free chlorine residuals are maintained for the protection of drinking water quality 

throughout distribution systems; and (iv) concentrations of DBPs at the extremities of 

distribution systems can be predicted to identify the worst case scenarios in terms of possible 

health risks.  

Regulatory agencies can use the models to verify the status of the water supply systems. 

A significant number of water supply systems in the USA and Canada are more than 50 years 

old. These systems generally involve conventional pretreatment processes, which do not include 

enhanced pretreatments prior to disinfection. A number of these systems often reported relatively 

high concentrations of DBPs in their finished waters (USEPA, 2006; MOE, 2006). To provide 

better control of DBPs formation, many of these water supply systems in USA and Canada may 

require improvements in the near future. Upgrading these systems could reduce the risks 

associated with DBPs exposure; however, the increased cost to the municipalities may not make 

this option feasible. Regulatory agencies evaluate the benefits of risk reduction resulting from 



 

51

upgrading systems and compare these with the associated costs required for such improvements. 

The predictive models can be used to evaluate the required reduction in precursors (in 

combination with available models to determine the organic precursor removal efficiencies of 

different treatment processes), which allow for compliance with DBPs standards, and thus 

estimate the needs for the upgrading of water supply systems.  

In the recent years, there has been an increasing concern over the possible health risks 

associated with DBPs exposure. Regulatory agencies are often guided by the risks predicted 

through toxicological and epidemiological studies, which are generally conducted through 

laboratory investigations. However, these studies are often time consuming, costly and not 

available for all water supply systems. As such, generation of DBPs data through laboratory 

investigations are typically limited. DBPs concentrations at a desired location can be estimated 

using the predictive models. These data can then be useful in estimating human exposure to 

DBPs through drinking water ingestion, as well as inhalation and dermal contacts. As such, 

human health risks can be predicted for different exposure routes. Figure 2.2 presents the 

framework for possible use of DBPs formation models in risk assessment studies. It should be 

noted that water quality and operational parameters can be imprecise and are often associated 

with uncertainty (Figure 2.2).  

 

 

 

 

 

 

 

Figure 2.2. Use of models in risk assessment studies 
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presented using the DOC based THMs formation model for raw waters developed by Sohn et al., 

(2004) (Table 2.3: No. 41a). As input parameters, this model requires DOC, chlorine dose, pH, 

temperature, reaction time and bromide ion concentrations to predict THMs concentrations. For 

this example, values of DOC, chlorine dose, pH, temperature, reaction time and bromide ion 

concentrations are assumed to be imprecise, where the minimum, most likely and maximum 

value are known. The parameter values are assumed to be DOC = 1.9, 3.8, 8.1 mg/L; pH = 5.4, 

6.5, 8.7; chlorine dose (D) = 2.1, 3.5, 7.8 mg/L; water temperature (T) = 9, 15, 21°C; bromide ion 

concentrations (Br-1) = 10, 60, 150 µg/L; and reaction time (t) = 7, 12, 23 hours. Using the 

minimum, most likely and maximum values, random data for each of the parameters have been 

generated following triangular distributions and the THMs concentrations have subsequently 

been predicted using the predictive model for THMs formation by Sohn et al. (2004). The 

frequency distributions and probability density function of the predicted THMs concentrations 

are shown in Figure 2.3.  
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Figure 2.3. Predicted THMs concentrations using Sohn et al., (2004) model 

 

The predicted THMs ranged between 19.5 and 246.6 µg/L with a most likely value of 

78.2µg/L (Figure 2.3). These predicted THMs concentrations can then be used to estimate the 
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human health risks associated with THMs exposure (Figure 2.2). Risk assessment approaches 

addressing exposure to drinking water contaminants have been presented in other studies 

(USEPA, 1998; Jo et al, 1990; Louvar and Louvar, 1998). In addition to risk assessment studies, 

this model can also be used to estimate desired operational parameters, such as pH or reaction 

time by knowing THMs concentrations. In these cases, the THMs concentrations can be 

approximated through statistical distributions and used in the models to predict the desired pH or 

temperature.  

  

2.6. Future Research Needs 

 

Significant research has been conducted to develop predictive models for DBPs 

formation in drinking water. The models can be used to identify factors influencing DBPs 

formation and the decay of disinfectants in water distribution systems. The relative contributions 

of water quality and operational parameters to the formation of DBPs can also be determined 

using these models. The application of a number of these models may be limited as the models 

are often derived from specific data sources and/or source water quality and operational 

parameters. In addition to the knowledge acquired in the last three decades, there is a need for 

investigations that can lead to a better understanding and control DBPs formation in water 

treatment and distribution systems; perform toxicological and epidemiological risk assessments; 

and, will assist in decision-making process and implementation of water treatment and supply 

system upgrades. Some of the existing knowledge gaps, which must be addressed in the near 

future, are outlined below. 

o The organic content, pH, water temperature, reaction time, bromide ion concentrations and 

free residual chlorine generally change continuously in water treatment plants and 

distribution systems. A limited number of studies have determined the interaction effects 

from the simultaneous variability of some of these factors (Rodrigues et al., 2007; Clark et 
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al., 2001; Korn et al., 2002). Korn et al., 2002 developed a chlorite formation model using a 

two-level full factorial design for six factors (chlorine dioxide, pH, temperature, reaction 

time, UV254 and NPOC). However, the authors did not incorporate THMs or HAAs in their 

study. Rodrigues et al. (2007) used fractional factorial experimental designs to investigate 

THMs formation, using five factors (fulvic acid, pH, reaction time, chlorine dose and 

temperature). They did not find pH and reaction time to be statistically significant to THMs 

formation. However, Rodrigues et al. (2007) did not include replicates in their experimental 

design, which could be employed to provide a better estimate of the noise variance for use in 

assessing statistical significance, which might have an impact on their conclusions. Clark et 

al. (2001) performed a three-level full factorial design for three factors (pH, reaction time 

and bromide ion concentration) keeping total organic carbon (TOC) and temperature 

constant. As such, they did not characterize the effects of TOC and temperature throughout 

their study. Other studies did not generally consider interaction effects from the simultaneous 

variability of different factors on DBPs formation. To fill this critical gap, it may be 

beneficial to perform full factorial experimental designs with replications and center points 

including all significant variables in THMs formation (e.g., DOC, chlorine dose, pH, water 

temperature and reaction time) in the assessment and formulation of predictive model. 

o The presence of bromide ions has been demonstrated to have a critical effect on the 

formation of different DBPs species including bromodichloromethane, 

dibromochloromethane, bromate, bromoform, etc (Uyak and Toroz, 2007; Hellur-Grossman 

et al., 2001; Nokes et al., 1999; Liang and singer, 2003). The hydrophobic and hydrophilic 

fractions of NOM typically follow different reaction pathways with bromide ions to form 

DBPs. In general, brominated DBPs are increased and chlorinated DBPs are decreased in the 

presence of bromide ions. In the recent years, regulatory agencies (e.g., Health Canada, 

2007) have imposed limitations on bromodichloromethane concentrations in drinking water 

to address its possible chronic and sub-chronic effects on human health. As such, in addition 
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to total THMs, research should be focused on the prediction of brominated species formation 

in water, which could also be modeled independently. 

o The majority of DBPs predictive models have been developed based on multiple regression 

techniques by varying one factor at a time while keeping other factors constant. Future 

research could incorporate alternative experimental techniques, such as modeling based on 

fundamental reaction kinetics, as well as robust modelling approaches, such as fuzzy rule-

based modeling (Chowdhury et al., 2006) and artificial neural networks (Milot et al., 2002). 

The use of hybrid modelling methodologies could also be investigated, e.g. the use of 

different approaches to establish DBPs kinetic coefficients, followed by the use of these 

coefficients relating them to water quality and operational parameters, thereby reducing 

uncertainty in their prediction. 

o A number of models reported in the literature are intended for the prediction of total THMs 

and HAAs. Despite the fact that other DBPs (e.g. N-Nitrosodimethylamine, chlorite and 

chlorate) have also been identified as having potential chronic effects on human health, 

predictive models for these compounds are very limited. Models to predict other DBPs are 

also required to perform comprehensive investigations on human health effects and 

compliance to regulatory limits. The availability of these models would also permit the 

evaluation of benefit-cost ratios of specific water supply systems, leading to consideration of 

alternatives for possible control of water quality and operational parameters, as well as water 

supply system upgrades should these be necessary. 

o Water supply systems require compliance with regulations regarding the potential presence 

of pathogenic microorganisms and chemical species with effects on human health, which 

often creates a need for trade-off studies. To ensure the safety of the water supply from 

pathogenic microorganisms, water distribution systems must provide adequate disinfection 

and a free residual disinfectant. An initiative to predict free chlorine residuals and DBPs 

formation simultaneously would assist in such trade-off studies. The kinetic models 
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developed by Clark et al (2001, 2002) could be considered as the initial efforts in this 

direction.  

o Large-scale databases of DBPs concentrations considering data from 15 to 30 years are 

generally limited as the recognition of the health effects of these species and their monitoring 

are relatively new. Development of systematic databases for DBPs concentrations would 

accelerate future research to estimate possible effects from DBPs exposure from an 

epidemiological perspective. These types of studies are essential in regulating and 

establishing limits for DBPs formation in drinking water to protect human health. 

 

2.7. Summary and Conclusions 

 

This study performed a review on the available models to predict DBPs formation in 

drinking waters. Forty eight (48) studies addressing 118 models for predicting DBPs formation 

were included in this review. A number of challenges have been identified, which relate to water 

supply systems in controlling DBPs formation under varying water quality and operational 

characteristics, as well as the need to maintain the microbiological safety throughout the water 

distribution systems. Based on the literature reviewed, different modelling approaches have been 

used to relate water quality and operational parameters with DBPs concentrations in water. Most 

of the reported models have used DOC (or TOC), disinfectant dose, pH, temperature, and 

reaction time as the explanatory parameters. The majority of the studies reported empirical 

approaches following multiple linear and non-linear regression techniques in the development of 

their respective models, while a limited number of investigations incorporated kinetics into their 

modelling approaches. The number of the models based on laboratory-scaled studies was the 

highest, while a number of other studies proposed models based on actual water distribution 

systems. DBPs predictive models can be useful for operational purposes during water treatment, 

water quality management for the evaluation water treatment facilities, exposure assessments in 
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epidemiological studies, human health risk assessments, and estimating the benefits and impacts 

of DBP regulations. However, research is necessary to develop models that are more 

representative of real water supply systems by incorporating simultaneous variations of multiple 

parameters. In addition, evaluation of models is also required. Simultaneous predictions of DBPs 

formation and free chlorine residuals could assist in the analysis of tradeoff studies involving 

risks associated with pathogenic microorganisms and chemical exposures, as well as costs 

associated with the upgrading of water supply systems. 
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Chapter 3.0 

 

 

Review on Uncertainty Characterization Approaches 
 

 

 

3.1. Chapter Introduction 
 

Environmental assessments are typically associated with uncertainties from different 

sources. Characterization of uncertainty in environmental assessment is a crucial issue. Many 

approaches are available to address uncertainties associated with models, parameter values and 

natural variability. However, there is no single approach that can be applied to the entire spectrum 

of uncertainties associated with natural systems. The available approaches have certain advantages 

and limitations depending on the nature and sources of data. This chapter reviews the available 

uncertainty characterization approaches and investigates their feasibility and limitations for a 

specific environmental problem. An example is illustrated to determine the relative performances 

of different approaches. 
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3.2. Abstract 

The management of risk from disinfection by-products (DBPs) in drinking water has 

become a critical issue over the last three decades. The areas of concern for risk management 

studies include (i) human health risk from DBPs, (ii) disinfection performance, (iii) technical 

feasibility (maintenance, management and operation) of treatment and disinfection approaches, 

and (iv) cost. Human health risk assessment is typically considered as the most important phase of 

the risk-based decision-making or risk management studies. The factors associated with health risk 

assessment and other attributes are generally prone to considerable uncertainty. Probabilistic and 

non-probabilistic approaches have both been employed to characterize uncertainties associated 

with risk assessment. The probabilistic approaches include sampling-based methods (typically 

Monte Carlo simulation and stratified sampling) and asymptotic (approximate) reliability analysis 

(first- and second-order reliability methods). Non-probabilistic approaches include interval 

analysis, fuzzy set theory and possibility theory. However, it is generally accepted that no single 

method is suitable for the entire spectrum of problems encountered in uncertainty analyses for risk 

assessment. Each method has its own set of advantages and limitations. In this paper, the 

feasibility and limitations of different uncertainty analysis approaches are outlined for risk 

management studies of drinking water supply systems. The findings assist in the selection of 

suitable approaches for uncertainty analysis in risk management studies associated with DBPs and 

human health risk. 

Keywords: Probabilistic and non-probabilistic uncertainty analysis, risk management, disinfection 

by-products (DBPs), drinking water  
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3.3. Introduction 

Disinfection by-products (DBPs) in drinking water have been considered as a serious 

health concern since their discovery in drinking water in 1974. King and Marrett (1996) reported 

that approximately 14-16% of the bladder cancers (232-264 bladder cancer incidents per year) in 

Ontario may be attributed to drinking waters containing relatively high levels of disinfection by-

products (DBPs). The increased risks of colon and rectal cancers as well as adverse reproductive 

and developmental effects (spontaneous abortion, stillbirths, cardiac anomalies, pre-term 

deliveries, low birth weights and fetal anomalies) are also attributable to DBPs (King et al., 2000; 

Waller et al., 1998). Most of the DBPs have been reported to have carcinogenic effects on animals 

and are considered as probable and possible human carcinogens (Bove et al., 1995; Wigle et al., 

1998; IRIS, 2006). Conversely, the International Programme on Chemical Safety (IPCS) reported 

that health risks associated with DBPs in drinking water are extremely small in comparison to the 

risks associated with inadequate disinfection (IPCS, 2000). In April 1993, more than 400,000 

people in Milwaukee (USA) were affected from cryptosporidium infection transmitted through the 

public water supplies, in which approximately 100 people died (MacKenzie et al., 1994). In May 

2000, seven people died and more than 2,300 became ill after E. coli and other bacterial 

contamination reached the water supply in Walkerton, Ontario, Canada (MOE, 2002). The World 

Health Organization (WHO, 2002) reported that approximately 3.4 million people, mostly 

children, die every year from water-related or water-borne diseases; consequently, proper 

disinfection should never be compromised. The best way to minimize health risks associated with 

exposure to DBPs is to minimize DBPs formation. This can be partially achieved by employing 

appropriate disinfection techniques and/or through the removal of precursors prior to treatment 

(USEPA, 2006). However, it is difficult to remove low molecular weight precursors, which are 

responsible for significant portion of DBPs formation (Chang et al., 2001). The details of DBPs 

formation can be found elsewhere (Chowdhury et al., 2007, 2008). 
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The management of risk from DBPs exposure is very important for protecting human 

health. In managing risk from DBPs in drinking water, many factors including DBPs formation, 

human health risk from DBPs exposure, available drinking water treatment and disinfection 

approaches, microbiological inactivation performance and cost must be taken into account. Human 

health risk assessment is generally the most significant component in decision-making processes 

for environmental management; however, since much of the information about risk parameters for 

DBPs comes from toxicological and epidemiological studies, water consumption patterns and 

human characteristics, these parameters are typically not known precisely, and have associated 

uncertainty. The type of uncertainty inherent to risk assessment and risk management processes 

can be divided into two categories: (i) aleatory and (ii) epistemic uncertainty. Aleatory uncertainty 

arises from inherent variability and cannot be reduced, as this type of uncertainty is generally 

associated with the randomness in the data source itself. Epistemic uncertainty results from a 

complete or partial lack of proper knowledge or information about a system and is typically 

associated with model parameters, boundary conditions, different choices of solution approaches, 

and so on (Zimmerman, 2001). Processing of such information requires special efforts and 

considerations to ensure that reliable results are obtained. The primary issues associated with 

different uncertainty analysis approaches are addressed in the following sections. An example is 

presented in this paper to illustrate the probability of exceeding human health risk beyond the 

regulatory limit for different approaches. Human health cancer risk from drinking water is related 

to the chronic daily intake of DBPs and their slope factors, where the slope factor is defined as the 

upper bound lifetime probability of an individual developing cancer (Slope factor = Risk/Dose).  

Example:  

A community drinking water supply system has X mg/L of a particular DBPs compound 

at the user end of the distribution network. Following USEPA methodology (USEPA, 1998), the 

chronic daily intake has been estimated as Y (mg/kg/day). The slope factor of the compound has 
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been obtained as Z (prob/lifetime)([mg/kg/day]-1) from the Integrated Risk Information System 

(IRIS, 2006). The risk is regulated by regulatory agencies through guidelines and a maximum 

allowable limit, which is denoted as M. For this example, it is assumed that the mean values (μ) 

and coefficients of variations (Ω = standard deviation/mean) for Y, Z and M are: μY = 8.0×10-4 

mg/kg/day and ΩY = 0.25; μZ = 1.0×10-2 (prob/lifetime) [mg/kg/day]-1 and ΩZ = 0.05; and μM = 

1.0×10-5 (prob/lifetime) and ΩM = 0.2 respectively. The standard deviations are calculated as 

Ω= μσ  and are found to be σY = 2.0×10-4 mg/kg/day; σZ = 5.0×10-4 (prob/lifetime)[mg/kg/day]-1; 

σM = 2.0×10-6 (prob/lifetime). In this paper, the probability of induced risk exceeding M for this 

example will be predicted using different uncertainty analysis approaches, and will provide a basis 

for comparing the performance of the different approaches, which is one of the factors guiding the 

decision-making process. 

 

3.4 Probabilistic Methods  
 

Probabilistic approaches are flexible and widely used in uncertainty analysis for risk 

assessment studies, such as human health risk from exposure to contaminants (Khadam and 

Kaluarachchi, 2003; USEPA, 1996), structural failure risk (Melchers, 1999), risk of natural 

disasters including floods, rainfalls, and earthquakes (Ang and Tang, 1984). Probability can be 

defined as the relative occurrence of an event in a universal set. The main concept of probability 

theory in risk analysis is to develop probability density functions (PDFs) of the input parameters 

using available data, and to use these PDFs for risk assessment. For example, human health risk 

from DBPs depends on chronic daily intake and corresponding threshold values for humans 

(USEPA, 1998). If the DBPs concentrations in drinking water along with the other parameters 

required to predict the chronic daily intake (such as water ingestion rate, exposure duration, body 

weight, exposure frequency, averaging time and gastrointestinal absorption factor) follow PDFs, 

then these PDFs can be used for health risk assessment following USEPA guidelines (1998). 
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Probabilistic approaches include sampling-based and asymptotic methods. For the sampling-based 

methods, a simulation technique is generally followed and it has been proposed as the method of 

choice for its robustness and flexibility (USEPA, 1996). The following section describes the 

sampling-based methods and asymptotic reliability analysis and their limitations. 

 

3.4.1.  Sampling-based Methods 

Sampling based-methods are possibly the most widely used approaches in the area of 

environmental risk assessment and management (Cullen and Frey, 1999; Ang and Tang, 1984; 

USEPA, 1996). These are generally classified into two major groups based on the sampling 

technique: Monte Carlo (MC) sampling and Stratified sampling. 

(i) Monte Carlo (MC) sampling:  

Monte Carlo sampling is a flexible and powerful technique for analyzing statistical data. 

Monte Carlo (MC) refers to the traditional method of random sampling across the range of a 

distribution for a particular input variable. Figure 3.1 describes the general procedure of the MC 

simulation technique in which samples are taken from independent input variables x1 and x2.  

 

 

 

 

 

Figure 3.1. Random sampling process for simple Monte Carlo simulation 

 

The output z is calculated using user-defined relationships between the input variables, 

where z is a function of x1 and x2 (Figure 3.1). The input parameters in MC methods are not 

necessarily independent from each other and correlation coefficients can be defined to account for 

× 

x1 
z = f(x1, x2) 

 

x2 
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correlations between input parameters. However, the correlated variables can also be transformed 

into uncorrelated variables through a transformation procedure (e.g., using a Rosenblatt 

transformation), following which a simulation for independent parameters can be employed 

(Rosenblatt, 1952; Melchers, 1999).  

To use a MC simulation for the problem defined previously, statistical distributions for the 

parameters need to be defined. Suppose the mean and standard deviations of the input parameters 

are available and the parameter values lie in the interval (μ-σ, μ+σ) following triangular 

distributions leading to the following: Y = (μY-σY, μY, μY+σY) = (6.0×10-4, 8.0×10-4, 1.0×10-3); Z = 

(μZ-σZ, μZ, μZ+σZ) = (9.5×10-3, 1.0×10-2, 1.05×10-2); and M = (μM-σM, μM, μM+σM) = (8×10-6, 

1.0×10-5, 1.2×10-5), where the 1st, 2nd and 3rd values represent the minimum, most likely and 

maximum values respectively. Using these minimum, most likely and maximum values, triangular 

distributions are formed as shown in Figure 3.2.  

The MC simulation was conducted through the generation of 20,000 random data for each 

of the parameters (Y, Z and M) following triangular distributions shown in Figure 3.2 using the 

statistical software (Minitab). The induced risk is determined as the product of Y and Z in the 

range of [5.8×10-6, 1.03×10-5], with a mean of 8.0×10-6, and the predicted risk is compared with 

the regulatory limit (M). The distribution of M-YZ (cancer risk exceedance beyond the regulatory 

limit) is presented in Figure 3.3(a).  
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Figure 3.2. Triangular distributions of Y, Z and M 
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(b) 

 

Figure 3.3. Distribution of cancer risk exceedance (a): MC Simulation; (b) Fuzzy set theory 

 

The probability for which M-YZ is less than zero represents a cancer risk greater than the 

regulatory limit and is thus designated as the ‘unsafe zone’ in Figure 3.3(a). The probability of 

cancer risk exceedance beyond the regulatory limit (M-YZ) was determined to be 0.0465, which 

indicates that there is 4.65% chance that the induced cancer risk (YZ) would be higher than the 

regulatory limit (M). 
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(ii) Stratified sampling:  

Stratified sampling is performed through the Latin Hypercube Sampling (LHS) method. It 

is a technique that reduces the variance in the reconstructed distribution, and is widely used in 

environmental engineering (Cullen and Frey, 1999). The key to LHS sampling is the stratification 

of the sampled distribution into equal intervals, where sampling is then forced to take values 

randomly from each interval to recreate the input probability distribution. The LHS method is 

designed to accurately recreate input distributions with fewer samples when compared to MC 

simulations. Stratified sampling offers a number of benefits in terms of increased sampling 

efficiency and faster run times (USEPA, 1996).  

The above example was solved using the Latin Hypercube Sampling (LHS) method, for 

the same triangular input distributions of Y, Z and M as those used in the MC analysis (Figure 3.2). 

LHS was then used to construct the distribution for the difference between the regulatory limit and 

the induced cancer risk, M-YZ. A total of 20,000 random data points for each of the parameters (Y, 

Z and M) were generated following the triangular distributions (Figure 3.2) and cancer risk 

exceedance was predicted as M-YZ. The exceedance risk beyond the regulatory limit (M-YZ) was 

predicted to be 0.179, indicating a 17.9% chance that the induced risk would be higher than the 

regulatory limit. It can be noted here that the exceedance probability predicted in the MC 

simulation was 0.0465, while it is 0.179 in the LHS approach. Further investigations for the results 

of the MC approach were performed by additional simulations using samples of 10,000, 50,000 

and 100,000 random data points for each of Y, Z and M. The resulting exceedance probabilities 

were 0.0434, 0.044 and 0.0445 respectively. The results indicate that the exceedance probabilities 

predicted by the MC approach are not significantly affected by the number of random data points. 

Similar predictions of the exceedance probabilities by the MC simulations can be found in Ferson 

(1996) and Chowdhury et al., (2006). 
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3.4.2. Asymptotic Reliability Analysis 

 

Asymptotic reliability analysis is the approximation of the failure probability of a system 

described by a joint probability density function ( )xp . For a given set of input 

variables, [ ]nxxx ......., 21=x , the system will either be unsafe under a random loading or it will 

be safe, depending on the safety margin ( )xg , where ( )xg  describes the safety margin or 

performance or limit state function of the system (Langley, 2000; Melchers, 1999; Adhikari, 

2005). For example, health risk depends on chronic daily intake (Y) and slope factors (Z) of the 

DBPs compounds. If the health risk (YZ) is greater than the regulatory limits (in this case, M), then 

the safety margin g(x) = (M-YZ) becomes negative. For the present problem, the variables are Y, Z 

and M, which can be shown as, [ ]TMZY ,,=x . The system will be unsafe if ( ) 0≤xg , and will 

be safe if ( ) 0>xg . The total unsafe probability of the system can then be computed as: 

 

( )( ) dxxx∫= ≤0gf pP          (2.1) 

 

The central theme of reliability analysis is the evaluation of this multidimensional integral 

(Eq. 2.1). The analytical evaluation of Equation (2.1) is generally impossible for most practical 

problems because of its large dimension, because ( )xg  is often a highly nonlinear function of x, 

and because the evaluation of the integral of the joint density function may not be explicitly 

available such as in the case when p(x) is a multivariate Normal distribution (Adhikari, 2005). 

Asymptotic reliability analysis can be approximated using the first/second order reliability 

methods as described below.  

The first-order reliability method (FORM) and second-order reliability method (SORM) 

are generally applied as approximations of Equation (2.1). In both the FORM and SORM, it is 
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assumed that all basic random variables (x) are transformed and scaled so that they are 

independent Standard Normal random variables (each has a mean of zero and a unit standard 

deviation). In real life problems, four types of parametric relationships typically exist: (i) 

independent Normal; (ii) correlated Normal; (iii) correlated non-Normal; and (iv) independent 

non-Normal. The safety margin ( )xg  is also expressed in terms of the new transformed variables. 

In the FORM, the safety margin is approximated by a tangent hyperplane to the surface, 

( ) 0=xg , at the point of closest approach to the origin, and the failure probability is then 

estimated (Adhikari, 2005). By linearizing the performance function g(x) and by transforming the 

input parameters so that they are independent and standard Normal random variables, the integral 

in Equation (2.1) can be simplified to just integrating the density function of a standard Normal 

random variable, i.e., to the evaluation of the cumulative probability density Φ for a standard 

Normal random variable. Using this approach, the approximation of the integral in Equation (2.1), 

and the probability of failure ( )( )0≤= xgPPf  is computed using the FORM as:  

( )β−Φ=fP          (2.2) 

where β represents the reliability index (ratio of the mean to the standard deviation of the function 

( )xg ), and Φ is the cumulative probability distribution function for a single Standard Normal 

random variable. To improve the accuracy of the previous calculations, polynomial or quadratic 

approximations can be used (Fiessler et al., 1979). The second-order reliability method (SORM) 

incorporates curvature of the surface ( ) 0=xg  and a quadratic approximation of the safety 

margin is employed. In SORM, the probability of failure is approximated (Langley, 2000; 

Melchers, 1999) as: 
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where κi is the ith second derivative of the limit state function ( )xg  with respect to the input 

variable 2

2

ix
g

∂

∂
. Detailed formulations of the FORM and SORM are available in the literature (Ang 

and Tang, 1984; Melchers, 1999; Langley, 2000).  

 

The illustrative example described earlier can be evaluated using the FORM approach. 

However, to apply FORM the parameters described in the problem are required to be Normally 

distributed. The mean and standard deviation for each parameter (Y, Z and M) were used to 

characterize the Normal distributions for each parameter. No additional transformations are 

required, as the variables are assumed to be independent. The limit-state function for the 

previously stated problem can be written as: 

 

( ) YZMg −=x           (2.4) 

 

The function ( ) 0≤xg  represents the cases where the induced risk (YZ) is higher than the 

regulatory limit (M). The evaluation of the exceedance probability ( ( ) 0≤xg ) for Equation (2.4) 

can be performed sequentially as follows: 

(i) the random variables ( )x are transformed to a set of independent standard Normal 

random variables ( )'x  (zero mean and unit variance); 

(ii) the partial derivatives 
⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛

∂

∂
'
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g
of the function ( )'xg  are computed; 

(iii) the derivatives 
∗
⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛

∂

∂
'
ix

g
are evaluated. For the first iteration, the mean values of Y, Z 

and M are used as the starting values; 
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(iv) the direction cosines ( '*αi )  of the variables are determined as per: 

∑ ⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛

∂

∂

⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛

∂

∂

=

i i

i
i

x
g

x
g

2

*
'

*
'

'*α  

(v)  the components of the failure point are expressed in terms of the reliability index β 

using βσαμ '**
ixiixix −=  

(vi)  *
ix  is substituted in the limit state function: 0*** =− zym  to obtain the reliability 

index β 

(vii) using the expression for the reliability index β in step (v), *
ix is determined 

(viii) the new values of ( *
ix ) are used to perform next iteration through steps (iii) to (vii) 

(ix) the procedure is repeated until a convergence in *
ix  is obtained 

The results obtained from the 1st iteration were used in the 2nd iteration, and so on. The 

convergence for the above mentioned problem was achieved after 7 iterations at β = 0.69. The 

failure probability (probability that cancer risk will be greater than the regulatory limit, i.e., 

( ) 0≤xg ) using Equation 2.2 can be written as ( )69.0−Φ=fP . Using the Standard Normal 

tables fP  was determined as 0.245, which indicates that there is 24.5% chance of having a cancer 

risk (YZ) greater than the regulatory limit (M). 

3.4.3. Limitations of Probabilistic Methods 

Although probability theory-based approaches have an extensive scope in terms of dealing 

with uncertainty and non-linearity, these approaches (e.g., MC simulation, stratified sampling, 

first/second order approximation) have a number of limitations, which can affect their 
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performance in the context of handling imprecise and subjective information. Some of these 

limitations are as follows. 

• Probabilistic methods need sufficient data to generate probability density functions, which are 

the prerequisites for using probabilistic methods. The validity of the results will depend on the 

amount of empirical information available and/or simplifying assumptions (Ferson, 1996). If 

the data are imprecise or insufficient (e.g., too few observations), the use of probabilistic 

models may be less reliable (Dubois and Prade, 1988). 

• Probability-based approaches typically use a single probability distribution (joint or marginal) 

to represent uncertainty, thus combining inherent or natural variability together with 

uncertainty arising from lack of knowledge about the system. In most practical risk 

assessments, some uncertainty is epistemic rather than aleatory. For example, uncertainty 

regarding the shape of a probability distribution function is epistemic. Representing this lack 

of knowledge about the shape of the probability distribution by choosing some standard 

distribution, such as a Normal distribution with larger variance may misrepresent the actual 

pattern of uncertainty and lead to incorrect conclusions, because of the confounding of 

epistemic and aleatory uncertainty (Neumaier, 2004; Dubois and Prade, 1992). 

• Back calculations are often required to compute cleanup goals, remediation targets and 

performance standards from available knowledge, information and constraints regarding 

uncertain variables, in order to bring risk down to an acceptable level. The necessary 

calculations in probabilistic approaches are generally difficult and cannot be performed with 

simple MC simulations, except through the use of approximate trial-and-error strategies 

(Neumaier, 2004), since the input parameter characteristics being modified are often related to 

risk through complicated expressions.  

• In asymptotic analysis of reliability, the difficulty in computing exceedance probability 

increases rapidly with the number of variables or dimensions. With an increase in dimension, 
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both the FORM and SORM result in significant differences in their probability of failure 

predictions (Adhikari, 2005), which may arise in part due to accumulation of approximation 

errors as the dimension increases.  

 

3.5. Interval Analysis 

 

Interval analysis is essentially a framework developed to handle situations where precise 

information is not available and the uncertainty is represented using inequalities. In interval 

analysis, information about the values of parameters in uncertain environments consists of lower 

and upper bounds for the parameter values. Interval analysis is often applied in structural analyses 

(Moore, 1979; Rao and Berke, 1997), water quality evaluation (Juliang et al., 2004) and has been 

used in controlling wastewater plants (Aschemann et al., 2005). In the case of health risk 

assessment from DBPs in drinking water, if the DBPs concentrations along with the other 

parameters (as mentioned earlier) are available only in ranges, the interval analysis will predict the 

health risk in a range, representing the lowest and highest possible risks.  

In interval analysis, the input parameters (Y, Z and M in the example) are expressed in 

ranges with lower and upper limits, which can be used to predict outputs in ranges. For the 

illustrative example problem, interval analysis was applied using the lower and upper bounds of 

chronic daily intake (Y), slope factor (Z) and regulatory limit (M) quantified earlier in this paper 

(Figure 3.2). The ranges of the input parameter are:  

 

Y = [6.0×10-4     1.0×10-3]; Z = [9.5×10-3     1.05×10-2]; and M = [8×10-6   1.2×10-5].  

In the case of interval analysis, only the ranges of the input parameters are required, while in the 

MC simulation, the ranges as well as the most likely values were required to generate random data 
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points following triangular distributions. In interval analysis, safety margin can be written 

following Equation (2.4) as: 

 

( ) YZMg −=x = [8×10-6   1.2×10-5] - [6.0×10-4  1.0×10-3].[9.5×10-3   1.05×10-2] (2.5) 

The range of ( )xg  for Equation (2.5) can be determined by calculating the lowest and 

highest values using some standard arithmetic operations. For example, if ( )bap ,  means 

bpa ≤≤ and ( )edq ,  means eqd ≤≤ , then intervals of some standard arithmetic operations 

are as follows. 

Addition: ebqpda +≤+≤+  is represented by ( ) ( )ed,  baqp +++     (2.6i) 

Subtraction: dbqpea −≤−≤−  is represented by ( ) ( )de,  baqp −−−     (2.6ii) 

Multiplication: ( ) ( )bebdaeadqpbebdaead ,,,max.,,,min ≤≤  is represented by  

( ) ( ) ( )( )bebdaeadbebdaeadpq ,,,max,,,,min  =    (2.6iii) 

Division: ( ) ( )ebdbeadaqpebdbeada /,/,/,/max//,/,/,/min ≤≤  is represented by 

( ) ( ) ( )( )ebdbeadaebdbeadaqp /,/,/,/max,/,/,/,/min / =  If  d, e ≠ 0(2.6iv) 

Using the rules in Equation (2.6), Equation (2.5) can be solved in two steps: 

(i) ( )YZQ = , the range can be obtained following multiplication rule (2.6iii); and 

(ii) ( ) QMg −=x , which can be obtained following subtraction rule (2.6ii) 

The interval for the safety margin ( )xg  is computed to be: 

( )xg  = [-2.5×10-6      6.3×10-6] 

The above findings show a wide interval of the safety margin ( )xg . The negative value of 

the lower bound of ( )xg  indicates that the induced risks are greater than the regulatory limit (M) 

in some cases, while the positive value is an indicator of lower risk than that of the regulatory 

limit. In some complex cases, the initial ranges of the input parameter values can be subdivided to 
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obtain precise ranges of the safety margin ( )xg . These subdivisions will increase computational 

difficulties depending on the number of dimensions. 

3.5.1 Limitations of Interval Analysis 

Interval analysis has some limitations with respect to environmental assessment. Some of 

these are noted below. 

• In general, environmental risk assessment produces results that are quite variable and can 

vary by several orders of magnitude. The input parameter values can also vary over wide 

ranges (Chowdhury et al., 2006). The ranges can be subdivided to deal with complex 

problem, but that will increase the number of solutions, which may become 

computationally tedious depending on the number of dimensions  

• Interval analysis results in interval-valued outputs showing lower and upper values. 

However, the variability pattern within the ranges is not known, and the computation 

approach does not incorporate any information on the distribution of the input parameter 

values, if known. Moreover, obtaining convergence between two values of the output 

parameters often requires numerical calculations, which can be tedious if the safety margin 

( )xg  is complex (Moore, 1979).  

• Environmental data generally consist of sets of observations, which will lie between upper 

and lower bounds. However, interval analysis does not make use of any of the observations 

between the bounds.  

• Interval analysis generally yields relatively conservative estimates showing the lower and 

upper limits (Rao and Berke, 1997). 

• Risk management is an approach where the trade-offs between various parameters need to 

be considered, which necessitates that the status of intermediate-valued evaluations be 

considered in addition to the extreme values. Management or regulatory agencies require 
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this information to assess and apply best management strategies. However, interval 

analysis is not ideal for this type of analysis or to provide this type of information. 

• Interval analysis implies essentially that the likelihood of parameter values taking specific 

values within the range is uniform. However, the computational approach in interval 

analysis does not take into account any kind of central tendency that might arise when 

variables having uniform distributions are combined in functions (e.g., the Central limit 

Theorem in Statistics) 

 

3.6. Fuzzy Set Theory 

 

Fuzzy set theory provides a language to translate imprecise, qualitative and vague 

information into numerical reasoning, so that the information can be incorporated into a 

mathematical framework. This theory has a broad range of applications including risk-based 

decision-making (Chen and Hwang, 1992; Li et al., 2006; Sadiq et al., 2004; Chowdhury et al., 

2007), structural failure analysis (Klir and Yuan, 1995), geophysical, biological and engineering 

systems analysis (Bardossy and Duckstein, 1995) and computing (Zimmermann, 2001). In 

assessing health risk from DBPs in drinking water, it is possible that the DBPs concentrations in 

drinking water are imprecise. The values of other parameters, such as water ingestion rates, human 

body weights, and exposure duration are also imprecise. In solving problems that have imprecise 

information, linguistic criteria can be set for different levels of parameter values and health risk is 

assessed and presented in terms of linguistic criteria.  

Fuzzy set theory establishes relationships between uncertain parameter values and the membership 

function (μ), which ranges from 0 to 1.  
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Figure 3.4. Construction of fuzzy membership function 

 

The membership function μA (y) is defined as the fuzzy subset A in the universe of discourse y. For 

example, the fuzzy triangular membership functions (TFNs) for Figure 3.4 can be constructed as: 
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The TFNs for the triangular membership function are defined by (a, b, c), where a, b and c 

represent the minimum, most likely and maximum values of the parameter (Figure 3.4). For the 

most likely value of parameter (in this case, y = b), the membership grade is unity and the 

membership grades of the other values of y are obtained proportionately as shown in Equation 

(2.7). Fuzzy set theory can be considered as an extension of traditional set theory, in which an 

element possesses a certain degree of membership between zero (0) and unity (1). In traditional set 

theory, an element is identified as being a member of a set or not. If the element is in that set, the 

membership grade is unity; otherwise it is zero. In fuzzy set theory, triangular and trapezoidal 
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fuzzy numbers are often used to represent imprecise parameter values for simplicity in 

calculations. 

Fuzzy rule-based models are often used to predict environmental risk in the presence of 

imprecise data (Bardossy and Duckstein, 1995; Chowdhury et al., 2006). Fuzzy rules are generally 

formed by means of if-then rules. If is used to represent antecedents, while then is for the 

consequences. The linguistic model combines fuzzy data through if-then as: 

Ri: If x is Pi then y is Qi; i = 1, 2,…..N    (2.8)    

where x is the input variable, Pi  is a qualitatively defined function for x; y is the output variable, 

Qi is the qualitatively- or quantitatively-defined function for y, and Ri is the ith relation for 

parameters x and y.  

The values assigned by Pi and Qi are fuzzy data, selected from the predefined criteria such 

as minimum, most likely and maximum. The linguistic model is constructed with rules Ri and sets 

of functions{ }ii QP , . Each of the rules is regarded as a fuzzy relation (Mamdani, 1977; Bardossy 

and Duckstein, 1995). If there are several input parameters and a single output, the rule-based 

algorithm can be extended to 

Ri: If x1 is P1i and x2   is P2i and x3   is P3i then y is Qi;   (2.9) 

In terms of the previous example, one of the rules can be written as: 

Ri: If Y is minimum and Z   is minimum and M is minimum then g(x) = (M-YZ) is 2.3×10-6 (2.10) 

Fuzzy rule-based models combine the parameter values through different levels of 

gradations, thus, predictions at different levels can be compared, which reflects the real life 

decision-making approach (Guyonnet et al., 1999). The problem outlined previously was 

examined using a fuzzy rule-based modeling approach. Figure 3.2 shows the minimum, most 

likely and maximum values of the parameters, Y, Z and M. The most likely values of Y, Z and M 
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can be assigned unit membership grade and the membership grades for other values can be 

obtained proportionately (Equation 2.7). For the minimum and maximum values of the 

parameters, the membership grades are zero (Equation 2.7). To differentiate the membership 

grades for the minimum, most likely and maximum parameter values, we introduce μmin, μmost and 

μmax to represent the membership grades for the minimum, most likely and maximum parameter 

values respectively. Using these notations, Equation (2.10) can be rewritten as: 

Ri: If μ(Y) is μmin and μ(Z)   is μmin and μ(M) is μmin then g(x) is 2.3×10-6   (2.11) 

Fuzzy rules were set for three levels of parameter values (minimum, most likely and 

maximum) following triangular distributions as shown in Figure 3.2. These three levels of 

parameter values are used in Equation (2.11) to predict the exceedance risk g(x). Three parameters 

with three levels each (minimum, most likely and maximum) result in 33 = 27 rules. The sample 

rules and corresponding g(x) values are shown in Table 3.1.  

Table 3.1. Fuzzy rule-based model for predicting g(x) = M-Y.Z 

Rule (Ri) If Y and Z and M then g(x)=M-Y.Z 
R1 If μmin and μmin and μmin then 0.0000023 
R2 If μmin and μmin and μmost then 0.0000043 
.... .. .... ... ... .. ... ... ... 
R10 If μmost and μmin and μmin then 4E-07 
R11 If μmost and μmin and μmost then 0.0000024 
.... .. .... ... ... .. ... ... ... 
R19 If μmax and μmin and μmin then -1.5E-06 
R20 If μmax and μmin and μmost then 0.0000005 
.... .. .... ... ... .. ... ... ... 
R26 If μmax and μmax and μmost then -5E-07 
R27 If μmax and μmax and μmax then 0.0000015 
 
Values of g(x) associated with each rule were determined from the value of M-YZ under 

the different combinations. For example, in rule 1, Y is at its minimum (6×10-4), Z is at its 

minimum (9.5×10-3), and M is at its minimum (8.0×10-6), which means that M-YZ is equal to 

2.3×10-6. Each of the 27 rules has an associated value of g(x).  The results of g(x) determined by 
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the fuzzy approach can be compared with the results of g(x) obtained earlier in the MC simulation. 

For this purpose, a histogram and probability density function (PDF) was generated using these 27 

outputs (Figure 3.3b). The area to the left of the reference line indicates the unsafe zone (Figure 

3.3b), which means that the cancer risk frequencies in this zone induced higher cancer risk (YZ) 

than the regulatory limit (M). The induced cancer risk (YZ) was predicted in the range of [5.7×10-6 

- 1.05×10-5], with most likely value of 8.0×10-6. The probability of risk exceeding the regulatory 

limit M was predicted to be g(x) = 0.185, indicating 18.5% chance of exceeding the allowable 

cancer risk.  

3.6.1. Limitations of Fuzzy Set Theory 

• Because fuzzy set theory is based on imprecise information, the results of computations 

using these quantities may not be mathematically precise (Zimmermann, 2001). 

• Development of membership functions often considers triangular or trapezoidal 

distributions to make the computation simple, however, if the membership functions 

required are from complex functions (such as quadratic, trigonometric) of the input 

parameters, then the number of gradations to define membership functions needs to be 

increased significantly. For example, the triangular membership function required at least 

3 rules: one for values outside the range of distribution (either above or below the 

distribution limits), one for membership to the left of the most likely point, and one for 

membership to the right of the most likely point. A trapezoidal membership function 

could require at least 4 rules, and more complex nonlinear functions are often 

approximated by piecewise linear functions. As such, computations can become tedious in 

cases of higher dimension.  

• Fuzzy set theory is generally based on ill-defined sets of data where the bounds are not 

precise, in contrast to interval analysis. Evaluation of these sets imparts subjective 
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uncertainties. Thus, fuzzy predictions tend to deviate from exact values (Dubois and 

prade, 1993). 

• Fuzzy management studies require propagation of uncertainties through an analytical 

hierarchy process (Saaty, 1988; Sadiq et al., 2004; Lee, 1996). In order for the study to 

properly reflect the nature of the system being studied, care must be taken in 

characterizing the uncertainty associated with different basic attributes affecting decision-

making choices. This requires experience and reasonable assumptions in applying these 

techniques to a given field.  

• In fuzzy evaluation for risk management, it is important to properly assign the relative 

importance of different attributes (e.g., cancer risk verses, non-cancer risk, 

microbiological risks verses chemical risks) to ensure that the pairwise comparison of 

different level attributes is consistent with how risk is viewed. This requires input from 

experts in the relevant fields (e.g., toxicology, epidemiology, water treatment). In real life 

problems, it may be difficult or costly to select such experts. If two or more experts are 

chosen, they may have differing views of the risks, and the procedure is likely to generate 

an interval other than a single value; consequently, complex mathematical approaches, 

such as gradient eigenvector and/or max-min paired elimination method may be required 

to solve such problems.  

• Interval-valued membership grades are sometimes considered to better reflect the 

uncertainty than the single-valued membership grades. Fuzzy set theory can be extended 

for such interval-valued membership grades, using the concept of a fuzzy interval, 

however this often requires tedious computation for higher dimension problems. 
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3.7. Possibility Theory 

 

Imprecision arises in language and measurements of physical systems. One approach is to 

characterize uncertainty by probability theory – indicating the range of probable values, and more 

specifically, identifying which values or conclusions are most likely to occur. An alternative 

approach is to focus on possibility, which represents the possible outcomes. Possibility theory 

focuses primarily on imprecision, which is intrinsic in natural language and is assumed to be 

possible rather than probable (Dubois and Prade, 1988). One of the central concepts of possibility 

theory is that of a possibility distribution, which can be described by incorporating fuzzy 

membership functions. Fuzzy membership functions can be visualized through the following 

example. Assume that human health risk in the previously outlined problem depends on the 

chronic daily intake of DBPs, which varies with the concentration of DBPs in drinking water. If 

the concentration is fixed, the health risk may be a single number; however, if the concentration 

varies along with the other parameters required to predict the chronic daily intake, such as water 

ingestion rate, exposure duration, and body weight, then the possible health risk depends, to a 

certain degree, on the concentration of DBPs in the drinking water (Zimmermann, 2001). The 

degree of dependence of health risk on DBPs concentrations varies with the other associated 

parameters. If the possible health risk from DBPs and the set (universe) of all possible risks from 

drinking water contaminants are denoted by u and U respectively, then Uu ⊆ . Possibility theory 

explains the degree to which a variable (r) can assume different values of the possible health risk 

(u) through a fuzzy membership function ( )uμF . 

Possibility theory is defined by two measures: possibility and necessity measures. The 

possibility and necessity measures can be quantified in terms of fuzzy measures with respect to set 

unions and intersections. For example, if there are two fuzzy sets A and B, the union and 

intersection of the sets can be performed as BA∪  and BA∩  respectively. For two fuzzy sets A 
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and B, the possibility ( )Π and necessity ( )N  measures are represented by the following (Dubois 

and Prade, 1988):  

 

( ) ( ) ( )( )BΠ,AΠmaxBAΠ   =∪ ;     (2.12); and 

( ) ( ) ( )( )B,  NANminBAN =∩         (2.13) 

 

Equations (2.12) and (2.13) represent the extreme values of fuzzy measures with respect 

to set unions and intersections. Possibility theory can be applied to assess environmental scenarios 

through the use of two thresholds – possibility, and necessity (Chowdhury et al., 2006). Possibility 

indicates values that are possible, while necessity concludes values that are required to be 

satisfied.  

 
 
 
 
 
 
 
 
 

Figure 3.5. Construction of possibility and necessity functions 
 

 

To apply possibility theory in the assessment of environmental scenarios, the possibility 
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For the previously described problem, the cancer risk (YZ) has been estimated to be in the 

range of [5.7×10-6 - 1.05×10-5], with a most likely value of 8.0×10-6 through the fuzzy rule-based 

models (the triangular membership functions in the previous section). The regulatory limit (M) has 

been noted to be in the range of [8×10-6 - 1.2×10-5] with a mean value of 1.0×10-5. The possibility 

of the induced cancer risk (YZ) being lower or equal to the regulatory value (M) can be represented 

by possibility and necessity measures with the help of Figure 3.6. This is an example of comparing 

variable risk to a fixed regulatory limit. Methodologies for comparing variable risk with variable 

regulatory limits have yet to be developed. In such cases, Chowdhury et al., (2006) proposed using 

variable risk and several crisp values within the range of the regulatory limits as shown in Figure 

3.6.  

Using possibility and necessity measures, it is possible to distinguish between various 

scenarios as shown in Figure 3.6 for induced risk (YZ) and a regulatory value M and proposition 

YZ ≤ M (e.g., induced cancer risks ≤ regulatory limit). Following Chowdhury et al., (2006), there 

are various scenarios:  

• Figure 3.6(a): The cancer risks will be less than the regulatory limit in all cases 

(possibility and necessity). This can be considered as the best scenario. In this case, Π  = 1 

and N = 1; the proposition is necessarily true. 
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Figure 3.6. Different situations under possibility and necessity measure 

 

• Figure 3.6(b): In this case, the cancer risks will be less than the regulatory limit in all 

cases (possibility); however, cancer risks will exceed the regulatory limit with a 

probability of α (necessity). As such, Π  = 1 and N = 1- α; the proposition is possibly true 

with a necessity measure of 1-α. 

• Figure 3.6(c): In this case, the cancer risks will be less than the regulatory limit with a 

probability of β (possibility); however, the cancer risks will exceed the regulatory limit in 

all cases (necessity). So, Π = β and N = 0; the proposition is possibly true with a 

possibility measure β and necessity measure of zero. 

• Figure 3.6(d): This situation can be considered as the worst case scenario. This shows that 

the cancer risks exceed the regulatory limit in all cases (possibility and necessity). Π  = 0 

and N = 0; the proposition is necessarily false. 

M 

μ 

1 

0 

M 

μ 

1 

0 
M 

μ 

1 

0 

M 

μ 

1 

0 
6(a) 6(b) 

6(c) 6(d) 

α 

β 

Π = 1 
N = 1 Π = 1 

N = 1-α 

Π = β 

N = 0 

Π = 0 

N = 0 

YZ YZ 

YZ YZ 



 96

 

In determining the possibility and necessity measures for the example problem, the mean 

value of the regulatory limit (M = 1.0×10-5) was considered for illustrative purposes. Figure 3.7 

shows the detailed procedure of determining possibility and necessity.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.7. Determination of possibility and necessity 
 
In Figure 3.7, the triangle shows the induced risk (YZ) with the minimum, most likely and 

maximum values. The risk values are presented in Logarithmic scale as minimum (-5.244), most 

likely (-5.1) and maximum (-4.98) to make the calculation simple. The regulatory limit (M) has 

also been shown in Logarithmic scale (M = -5) as a crisp number. The left limb of the triangle 

exists before the regulatory limit, but the right limb of the triangle intersects the regulatory limit at 

a value of 0.148. This is similar to Figure 3.6(b). Thus, possibility (Π) and necessity (N) measures 

are determined as Π = 1 and N = 1-0.148 = 0.852, respectively, following Figure 3.6(b). A detailed 

procedure for determining possibility and necessity is available from previous studies (Chowdhury 

et al., 2006; Guyonnet et al., 1999; Dubois and Prade, 1988; Sadiq et al., 2004).  
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The results indicate that there is 100% possibility (Π = 1) that the proposition is true, 

implying that the cancer risk lies within the regulatory limit (YZ ≤ M). However, the necessity 

measure (N = 0.852) indicates that the proposition is true for 85.2% cases. When both possibility 

and necessity measures are unity (Π = 1; N = 1), then the situation is assumed to be perfectly safe; 

but that may not be realistic in most situations involving environmental problems due to the high 

costs associated with this condition. In dealing with environmental problems, 90% necessity 

measures are generally assumed (Guyonnet et al., 1999) and deemed to be acceptable. Detailed 

discussions regarding possibility theory and its application in human health risk assessment can be 

found elsewhere (Dubois and Prade, 1988). 

 

3.7.1. Limitations of Possibility Theory 

 

• As shown in Figure 3.6, possibility theory compares variable cancer risks (YZ) with a 

crisp value of the regulatory limit (M). However, the allowable cancer risk varies from 

1.0×10-6 to 1.0×10-4 (USEPA, 1991). It is difficult to determine possibility and necessity 

measures using the variable risks and variable regulatory limits. As such, variable risks 

and single valued regulatory limit are often considered to determine possibility and 

necessity measures. Single valued determination of possibility and necessity may not 

represent the actual variability of the regulatory limits. 

• Determination of possibility and necessity measures are required in the event of predicting 

uncertainty and/or setting regulations for an environmental system (Dubois and Prade, 

1988; Zimmermann, 2001). This determination is often associated with additional 

information (such as permissible exceedance of risk beyond the regulatory limit), which is 

subjective in nature and often imprecise as well as difficult to obtain. 
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• Possibility theory determines extremes in terms of set unions and intersections, which is 

comparable to the lower and upper possibilities; however, the variability within the lower 

and upper possibilities can not be represented by the possibility theory (Dubois and Prade, 

1993). 

• Possibility theory determines the possibility of having some values in a set through fuzzy 

membership functions. Constructing these fuzzy membership functions often requires 

subjective decisions about the shape and limits of the parameter values with non-zero 

membership. This can introduce subjective uncertainty into the analysis.  

 

3.8. Other Approaches 
 

Other approaches that can be used for assessing risk under uncertainty include evidence 

theory (Dempster, 1968; Shafer, 1978), fuzzy stochastic approaches (Li et al., 2006), fuzzy 

probability (Sasikumar and Majumdar, 2000; Moller et al., 2001), interval probability (Phan, 

1990; Atanassov and Gargov, 1989), rough set theory (Pawlak, 1995) and imprecise probability 

(Neumaier, 2004). The approaches are briefly described as follows: 

 

3.8.1. Evidence Theory: 

 

Evidence theory is a generalized form of probability theory where the probabilities are 

presented by a range referred to as belief (bel) and plausibility (pl) measures. The belief measure 

represents the smallest probability based on available evidence, while the plausibility measure 

represents the highest probability. Thus, the plausibility measure is the sum of belief measure and 

uncertainty. The total degree of evidence in a proposition A is expressed within a bound [bel(A), 

pl(A)]. For example, in the previous problem, the total degree of evidence that the values of M are 

in the assumed range [8×10-6 - 1.2×10-5] can be expressed in terms of belief and plausibility 
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measures as [a1, a2], while a1 represents the belief measure and a2 represents the plausibility 

measure. The application of evidence theory requires the specification of basic probability values 

which would need to come from operating personnel and experts in the relevant fields. An 

application procedure of evidence theory can be found in Bae et al. (2003). 

 

3.8.2. Fuzzy Stochastic Approach:  

 

In the fuzzy stochastic approach, both probability and fuzzy set theory are incorporated to 

predict environmental scenarios. In the context of the DBPs example in this paper, sampling-based 

simulation (e.g., MC simulation) can be performed to predict the distribution of the risk function 

g(x) and then g(x) can be evaluated through fuzzy risk characterization criteria. Li et al. (2006) 

described a stochastic modeling system that used Monte Carlo simulations to predict human health 

risks from contaminated groundwater. This study characterized the predicted health risks using 

fuzzy criteria and evaluated human health risk status through a guideline-based comparison.  

 

3.8.3. Rough Sets:  

 

The concept of a rough set is a non-deterministic, machine learning method which 

generates rule-based models to evaluate environmental scenarios. The rough sets approximate 

lower and upper boundaries. The main difference between rough sets and fuzzy rule-based 

modeling is that the rough sets have precise boundaries, while fuzzy sets have imprecise 

boundaries. Warren et al., (2004) used rough sets to investigate and evaluate a solid waste 

management program for the Hamilton-Wentworth region in Canada. 
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3.8.4. Fuzzy Probability:  

 

This approach incorporates fuzziness in probability through the lower and upper bounds 

of probability. The lower and upper bounds of probability are determined using the fuzzy α-cut 

(gradations through different levels of membership functions) technique. The fuzzy α-cut 

technique provides confidence intervals by considering membership grade for the increasing and 

decreasing limbs (e.g., for triangular fuzzy numbers). Sasikumar and Majumdar, (2000) presented 

fuzzy probability approaches for the water quality management of a river. A joint density function 

using fuzzy membership functions and probability density functions was developed following 

Zadeh (1968).  Moller et al. (2001) presented a fuzzy probabilistic approach for evaluating the 

safety of structures through the construction of joint density functions using fuzzy data and 

probability density functions. To apply fuzzy probability, some input parameters must follow 

probability density functions, while the others need to be characterized using fuzzy membership 

functions.  

 

3.8.5. Interval Probability:  

 

In interval probability, the standard point-valued probability is substituted by an interval-

valued probability, which is described by lower and upper bounds of probability (Phan, 1990; 

Atanassov and Gargov, 1989; Weichselberger and Augustin, 2003). However, the interval-valued 

probability often requires optimization, which can only be achieved through the solution of a set 

of linear equations. This may require large computational efforts depending on the discretization 

used (Ben-Haim and Elishakoff, 1990; Langley, 2000).  
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3.8.6. Imprecise probability:  

 

Imprecise probability is a generic type of approach, which refers to the prediction of 

uncertainty beyond single-point probability. Imprecise probability models are useful in analyzing 

environmental situations described by imprecise, variable and conflicting data, as well as in 

decision-making problems. The simplest imprecise probability uses the idea of interval 

probability, in which the probability of an event can be specified as an interval of possible values. 

The theory of imprecise probabilities represents uncertainty by closed, convex sets of probability 

distributions. Imprecise probability makes backcalculations possible, which is required to compute 

cleanup goals, remediation targets and performance standards from available knowledge and 

constraints about uncertain variables. There is a wide scope of imprecise probability applications 

in the field of environmental management. However, to date, no application of imprecise 

probability for environmental management studies has been reported.  

 

The evidence theory, fuzzy probability, interval probability and imprecise probability 

represent probabilities in lower and upper bounds. As such, uncertainties associated with single 

point probabilities are captured in these approaches. The fuzzy stochastic approach captures 

uncertainties through probability density functions for the precise data and fuzzy criteria for the 

imprecise and/or linguistic information. The rough sets establish rules to approximate lower and 

upper bounds, which have some similarity with the fuzzy rule-based models. As such, 

uncertainties associated with imprecise or linguistic information are captured in the rough sets 

approach. 
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3.9. Summary and Discussions 

 

The determination of health risks associated with DBPs exposure has been a serious issue 

in the research community since the discovery of DBPs in drinking water in 1974. Adequate 

disinfection is required to protect humans from microbiological contamination; however human 

health also needs protection from effects resulting from DBPs exposure. Disinfection and the 

minimization of health risks from DBPs ingestion require trade-off studies. Often, the information 

available for the various components necessary for these trade-off studies in DBPs management is 

not precise. Hence, precision-based mathematical approaches become infeasible for such studies. 

Although, numerous approaches are available to characterize uncertainties, it is difficult to select 

an appropriate uncertainty analysis approach in risk management studies where there can be 

several conflicting criteria, such as human health risk, technical feasibility, performance and cost. 

These components are generally prone to considerable uncertainty because of simplifications, 

unavailability of data and the imprecise nature of the available information. When the available 

data are uncertain or not available as numerical quantities, then approximations are generally 

made using quantitative or qualitative information.  

In this study, a hypothetical problem was formulated to predict health risk exceedance 

beyond the regulatory limit using different approaches. Health risk assessment is generally 

considered as the most important phase of an environmental risk management study. The cancer 

risk exceedance probabilities from different approaches are shown in Table 3.2.  
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Table 3.2. Risk exceedance probability predicted by different approaches 
 

Approach Risk Exceedance probability /(M-YZ) 
Monte Carlo Simulation 0.0465 
Latin Hypercube Sampling 0.179 
First Order Reliability Method 0.245 
Interval Analysis -2.5×10-6 to 6.3×10-6 
Fuzzy Set theory 0.185 
Possibility Theory 0.148 (exceedance through necessity) 

 
The cancer risk exceedance probability was predicted by MC simulation as 0.0465, while 

the LHS prediction was 0.179. The FORM determined the exceedance probability as 0.245. The 

fuzzy approach determined the exceedance probability as 0.185. The interval analysis determined 

the ranges for the exceedance risks, indicating that a fraction of induced risk exceeded the 

regulatory limit and the possibility theory showed a possibility measure of 1.0 and necessity 

measure if 0.852, indicating that the cancer risks necessarily fell within the regulatory limit for 

85.2% cases. Consequently, there was a chance that the cancer risks may be exceeded in 14.8% 

cases. By observing the distributions of cancer risk exceedance (M-YZ) for the MC simulation and 

fuzzy approach in Figure 3.3, it can be stated that the unsafe zone in fuzzy approach was much 

larger than that of the MC approach. Moreover, most of the observations of (M-YZ) in the MC 

simulation were concentrated in the center.  In addition to that, the range of cancer risk 

exceedance (M-YZ) was much smaller in the MC simulation than in that of the fuzzy approach 

(Figure 3.3). The FORM predicted a risk exceedance probability of 0.245 on the basis of a single 

value failure criterion. The single value failure criterion may not represent the actual variability of 

cancer risk exceedance. The prediction of cancer risk exceedance by the MC simulation is much 

lower than the other approaches. It is expected that human health be protected in environmental 

risk management studies; however, the MC simulation may not provide adequate protection as it 

identified the cancer risk exceedance as being much lower than the cancer risk exceedance 

predicted by the other approaches. Based on these findings, the cancer risk exceedance probability 

from LHS, possibility theory and fuzzy set theory were fairly consistent (Table 3.2).  
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The uncertainty modeling approaches have similarities and differences with each other. 

The probability theory presents likelihood of occurrences of an event through a single number, 

while the possibility theory represents the lowest and highest possibility of occurrences through 

possibility and necessity measures. These two approaches are in some ways complements of each 

other. Possibility theory is related to fuzzy set theory; however, the main difference is that in fuzzy 

set theory, the elements of the fuzzy set have various membership grades within the universal set, 

while possibility theory represents the degree to which a variable can assume different values of 

the membership grades. Interval analysis has sharp boundaries, while the fuzzy set considers ill-

defined boundaries. Fuzzy set theory can incorporate several intervals (gradations) by adopting an 

α-cut technique, which is advantageous over interval analysis. Fuzzy set theory reflects the choice 

of the decision-makers by using different values within a prescribed range. This theory can 

incorporate subjective uncertainties where data are limited or sparse, while the probability theory 

requires a sufficient amount of observed data. Finally, probability theory can be combined with a 

statistical framework to account for uncertainty in the knowledge of probability values arising 

from estimation. 

 

3.10. Conclusions 

Although there are many methods for characterizing uncertainty, no method can offer 

characterization of uncertainty without limitations. Based on the example outlined in this paper, 

different probabilistic approaches were found to offer different results using the same problem. 

Probability based approaches require knowledge of input probability distributions, while it is 

possible to decide on these distributions using limited knowledge and/or observations, the 

reliability of the results depends on the extent and quality of information available. In order to 

apply these techniques, extensive data is usually required. On the other hand, techniques, such as 

fuzzy set theory are better suited for dealing with limited and subjective knowledge. Thus, in the 
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context of DBPs management, the use of probabilistic approaches has limitations in terms of data 

availability in numerical forms, imprecision in data and computational capability. An interval of 

imprecise evaluation may be desirable in some cases of environmental analysis; however, 

gradations are often preferred by the decision-makers, managers and stakeholders, which can not 

be incorporated in the interval analysis. In possibility theory, single value (mean) regulatory limits 

were compared with the induced cancer risk. The approach to compare variable risk with variable 

regulatory limits in possibility theory has yet to be developed. Moreover, possibility theory 

requires much more information on possibility mass (in contrast to probability theory) to construct 

possibility and necessity functions, which may not be easily obtainable. In fuzzy set theory, the 

imprecision is interpreted as the decision-maker’s choice to use a particular value or range of 

values for an uncertain parameter. Moreover, incorporation of gradations is very important in 

conducting trade-off studies for management purpose, which can be efficiently performed in fuzzy 

set theory. Fuzzy set theory incorporates subjective information; thus biases are likely to be 

inherently incorporated in the predictions. By varying the subjective information, trade-offs can be 

performed in fuzzy set theory. Fuzzy set theory can provide greater degree of flexibility and 

robustness in terms of predictions using diverse and linguistic information. 
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Chapter 4.0 

 

 

Investigation on Parameters Affecting Trihalomethanes (THMs) 

Formation 

 

 

4.1. Chapter Introduction 
 

A number of past studies have determined the significant factors for predicting 

trihalomethanes (THMs) formation in drinking water based on laboratory and field scale 

experiments. Analyses of data from a small number of water supply systems have also been 

performed in the past. To date, limited studies have been carried out to assess the effects of 

different parameters on THMs formation through the analysis of large scale datasets, where all the 

parameters vary temporarily and spatially. In order to understand the effects of different 

parameters on THMs formation in a natural environment, this chapter describes a multivariate 

statistical analysis for a large dataset (Ontario Drinking Water Surveillance Program (DWSP) 

data, which was developed from 162 water supply systems throughout 2000 to 2004 across 

Ontario). 
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4.2. Abstract 
 

The presence of trihalomethanes (THMs) in drinking water is an important issue in the 

context of their potential health effects. Numerous studies have developed models in the past three 

decades relating THMs concentrations to different factors (e.g., DOC, chlorine dose, pH, etc.). 

Previous studies characterized the importance of specific factors through controlled studies using 

synthetic water or source waters from a small number of water treatment plants. Few studies 

reported looking for factors related to THMs formation “systems wide” - across many different 

water supply systems and in environments where many factors vary simultaneously. This study 

presents the results of a multivariate statistical analysis for 162 water supply systems in Ontario, 

Canada for 2000-2004. Principal component analysis (PCA) was applied to determine important 

factors and possible clusters of variation. PCA identified DOC, chlorine dose, pH, temperature and 

reaction time as significant factors for THMs formation. Separate clusters were observed for 

DOC-color; chlorine dose-total/free residual chlorine; and hardness-alkalinity. Each cluster 

indicated factors varying together and representing significant variation. Temperature and pH 

were found significant and uncorrelated throughout the analysis. The multivariate analysis is the 

first phase of a continuing investigation into THMs formation with the ultimate goal of developing 

a predictive model, which can be used to perform human health risk-cost balance studies for 

drinking water quality management. 

 

Key words: Factors for Trihalomethanes formation, multivariate statistical analysis, principal 

component analysis, simultaneous variation 
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4.3. Introduction 

 

The Drinking Water Surveillance Program (DWSP) of the Ministry of the Environment 

(MOE) for the Province of Ontario monitors drinking water quality throughout Ontario, Canada. 

For the period of 2000-2004, DWSP measured different water quality factors from 179 municipal 

drinking water supply systems (MWSS) throughout Ontario (MOE, 2006). More than 90% of 

these MWSS use chlorine as their primary disinfectant. The reactions between natural organic 

matter (NOM) and chlorine form disinfection by-products (DBPs) in drinking water, which have 

several groups, including: trihalomethanes (THMs), haloacetic acids (HAAs), haloacetonitriles 

(HANs) and haloketones (HKs). Epidemiological studies show that increased bladder, colon and 

rectal cancers, as well as acute and chronic effects, such as cardiac anomalies, stillbirths, 

miscarriages, low birth weights and pre-term deliveries, are associated with waters containing 

higher levels of DBPs (King et al. 2000; Mills et al. 1998; Cantor et al. 1998). King and Marrett 

(1996) reported that 14-16% of bladder cancers in Ontario, corresponding to approximately 230 to 

260 bladder cancer incidents per year, can be attributed to drinking waters containing relatively 

high levels of DBPs. In Canada, THMs are the only DBPs group which is currently regulated; 

other individual DBPs regulated are bromodichloromethane, bromate and chlorite (Health Canada 

2007). Regulations for HAAs are being developed (Health Canada, 2007). In order to improve the 

understanding of human health risk from finished drinking waters, THMs formation has been 

extensively investigated since being discovered in 1974.  

Rodrigues et al. (2007) used fractional factorial experimental designs to investigate THMs 

formation, assessing NOM as one of the factors, using NOM collected from the Caldeirao dam in 

Guarda, Portugal. While previously reported investigations have identified pH and reaction time 

as significant for THMs formation, pH and reaction time were not statistically significant in the 
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Rodrigues et al. study. The experimental design used by Rodrigues et al. (2007) did not include 

replicates, which could be employed to provide a better estimate of the noise variance for use in 

assessing statistical significance, and this might have an impact on their conclusions. Rodriguez et 

al. (2003) predicted THMs formation using multivariate regression models and neural networks 

for two databases, which were developed from raw waters in nine utilities during 1982-1984 and 

14 locations of the Mississippi river and its tributaries during 1991-1992. The results of Rodriguez 

et al. (2003) shed light on characteristics of raw water that might have had an influence on THMs 

formation. However, most of the MWSS currently apply pre-treatment prior to chlorination, which 

substantially changes THMs formation potentials (MOE 2006). Thus, results for raw water 

characteristics may not entirely reflect the factors influencing THMs formation after pre-

treatment. Clark et al. (2001) developed kinetic models for THMs formation using synthetic water. 

This study performed full three-level factorial designs for three factors (pH, reaction time and 

bromide ion concentration) keeping total organic carbon (TOC) and temperature constant - the 

effects of TOC and temperature were not characterized in their study. Significant numbers of other 

studies developed models for THMs formation in the past (Amy et al. 1987; Gang et al. 2002; 

Sohn et al. 2004; Rathbun 1996; Clark and Sivaganesan 1998). However, these studies did not 

characterize the effects of individual factors, focusing instead on developing a predictive model 

using the characteristics of the water samples without employing any planned perturbations to 

consider simultaneous variation of the factors. A number of other studies characterized the effects 

of different factors on THMs formation (Engerholm and Amy 1983; Summer et al. 1996; Stevens 

et al. 1976; White et al. 2003; Singer et al. 1995). However, these studies mostly varied one factor 

by keeping the others constant.  

A survey of the reported studies indicates that 22 different variables have been considered 

for implication in THMs formation: TOC, DOC, pH, UV254, chlorine demand, chlorine dose, free 

residual chlorine, temperature, reaction time, bromide ion concentration, chlorophyll, THMs 
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formation rate constants, ratio between THMs and chlorine consumed, NVTOC (Non-volatile total 

organic carbon), dimensionless time in treatment plants and distribution systems, dispersion 

parameter, ammonia nitrogen, summer/spring seasons, algae, rapid/slow reaction rate constants 

(Chowdhury and Champagne 2008). One of the complicating factors in determining significant 

factors is that some of the factors in this list have been found to be strongly correlated, and some 

represent similar water characteristics (Chowdhury and Champagne 2008), e.g., TOC, DOC and 

UV absorbance at 254nm wavelengths (UV254). These three factors are surrogate measures of 

NOM in water. Simultaneous use of more than one of these three variables may introduce 

confounding effects in models, in which several variables or terms are performing the same role, 

and can lead to ill-conditioned parameter estimation problems (Montgomery and Runger 2007).  

A complementary perspective can be gained, however, by examining how various factors 

characterizing water quality vary together naturally (e.g., NOM, pH, temperature) and in the 

MWSS (e.g., chlorine dose, reaction time), and by examining THMs formation in light of 

simultaneous variation. Natural water characteristics typically follow a pattern that reflects aspects 

of the water source and natural surroundings. THMs formation is influenced by this natural 

variation and the subsequent steps taken in the MWSS for treatment. In particular, correlation is 

likely to exist between chlorine dose and NOM, as operators adjust chlorine dose to account for 

changes in the characteristics of the natural water. Understanding the variation patterns between 

water characteristics, treatment and THMs formation on a large scale is the goal of the study. The 

Ontario DWSP database provides measurements for a number of the factors in the set of 22 

identified above, along with measurements of THMs concentrations and measurements of other 

factors that might be associated with THMs formation. These measurements are provided over a 

five year period (2000-2004) for 179 MWSS in Ontario. The database contains representative 

numbers of groundwater- and surface-water-sourced MWSS.  
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The properties of source waters in the Ontario DWSP database before and after pre-

treatment are shown in Table 4.1. Pre-treatment reduces NOM (measured as DOC), which 

substantially reduces THMs formation. In treatment plants, a portion of chlorine reacts with 

reduced substances in the water, such as Fe2+, Mn2+ and S2- (Gang et al. 2002), while NOM 

consumes most of the chlorine (Rodriguez et al. 2002).  

Table 4.1. Physical properties of raw and pre-treated water in Ontario 
 Data Raw water Treated water in the plants  

Parameter  Range MLV MEAN STD Range MLV MEAN STD Reg. Limits 

pH 1381 6-9.75 7.6 7.62 0.533 5.74-9.4 7.4 7.4 0.48 6.5-8.5 

Alkalinity 1423 5.5-592 95.6 128.86 89.3 10-590 86.3 115.7 82.3 30-500 mg/L 

Hardness 1392 9-1230 119 161 127.3 8-1250 119 157.8 125.8 100 mg/L 

Color 1267 0.2-150 9 16.3 19.6 0.2-75 1.8 3.6 6.24 5 TCU 

Temperature 1383 0-28.5 9.4 10.4 6.7 0-29.5 10 10.8 6.72 15 C 

DOC 1427 0.2-32.8 2.7 4.12 3.9 0.5-20.4 2.1 2.6 2.1 5 mg/L 

Turbidity 1351 0.02-189 1.08 4.79 12.5 0.02-12.25 0.11 0.24 0.49 1 Formazin TU 

 STD: Standard deviation; MLV: Most likely value 

 
The reactions are further complicated by the presence of ammonia, which can form 

combined chlorine (e.g., monochloramine, dichloramine) for chlorine to ammonia mole ratios <1 

(Connell 1997; MWH 2005). With further addition of chlorine, a fraction of the chloramines is 

converted into nitrogen trichloride and the remaining chloramines are oxidized to nitrous oxide 

and nitrogen, with the chlorine reduced to chloride ions (White 1999; MWH 2005). The chlorine 

utilized by the reduced substances is typically small and not associated with THMs formation 

(Rodriguez et al. 2002). In this study, correlations among factors and THMs formation were 

analyzed for the pre-treated samples from the Ontario DWSP database using graphical and 

quantitative (Principal Components Analysis) techniques. The paper begins by describing the 

DWSP and the characteristics of the water. Correlations and matrix Scatterplots are then used to 

provide a preliminary indication of correlation patterns, and to determine whether some of the co-

dependencies are nonlinear (these might not be detected by correlation which identifies systematic 

linear relationships). The results of the Principal Components Analysis (PCA) are then 
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summarized, and the conclusions drawn are compared to results from previous controlled studies. 

Finally, a similar investigation to identify the most important factors for HAAs formation is 

provided.  

 

4.4 Sampling and Data Statistics 
 
The Ontario Ministry of the Environment (MOE) has developed sample collection and 

handling guidelines which were followed by the DWSP to collect and preserve water samples 

(MOE 2003). Grab sampling methods were used by the DWSP in accordance with the Drinking 

Water System Regulation (DWSR 2003). The samples from raw/treated water and distribution 

systems were collected on regular basis and analyzed in laboratories of the Ministry of the 

Environment and the Ministry of Labour in Ontario. The raw water samples were collected prior 

to the treatment, typically from the intake points. The raw waters are generally pre-treated using 

one or more of the following physical/chemical treatment processes (screening, coagulation/ 

flocculation, mixing, settling and filtration) to reduce DBPs precursors, turbidity and pathogens 

(Edzwald 1993; Chowdhury et al. 2007). For treated waters, samples were collected from 

treatment plants after pre-treatment and for the groundwater-sourced plants, raw water samples 

were collected from individual wells, while the treated water samples were collected from 

reservoirs. The samples from the distribution systems were collected to account for elevated 

storage tanks, dead ends, ageing water mains, distribution loops, cross connections/back flows, 

chlorine booster stations and extremities of the distribution systems. The samples were collected 

headspace free using 40 mL EPA type glass vials or 250 mL glass bottles in duplicate and 

preserved in refrigerators in the dark at 5° ± 3°C before analyses. Sodium thiosulphate was used to 

preserve the samples. The samples were analyzed within 14 days of collection following standard 

analytical protocols (APHA 1995; MOE 2001, 2003; DWSR 2003). The methods, which are used 

by the Ontario Safe Drinking Water Act following regulation 169/170, were followed in the 



 118

laboratory analyses (LSB 2003; DWSR 2003). In determining the THMs and DOC, the LSB 

followed OPOV-E3144 and ROM-E3370 methods, respectively.  

The DWSP survey included factors that might be associated with THMs formation and 

provided an indication of THMs variability for 179 municipal water supply systems (MWSS). A 

number of MWSS (Ear Falls, Fauquier, Smith Falls, Bourget Well Supply, Clarence Creek Well 

Supply, Norwich, Dunnville, Bayside, Innisfil and Walpole Island) reported high levels of 

chlorine doses (10.2-53.7 mg/L), while the chlorine doses for the bulk of the treatment plants were 

much less (less than 10.1 mg/L). The high chlorine levels could be due to specific needs of those 

MWSS to produce the required free residual chlorine. In addition, some MWSS (St. Pascal, 

Ottawa Britannia, Hearst, Ottawa Lemieux Island, Bourget, Clarence Creek, Chapleu, Mattice and 

Sault Ste. Marie) use post-chloramination. The other MWSS use chlorine (chlorine gas, liquid 

sodium/calcium hypochloride) to disinfect water prior to distribution. The formation of THMs in 

the plants and distribution systems using chloramine may be different than the others using 

chlorine. The remaining 162 MWSS were analyzed in this study.  

The chlorine dose, total chlorine, combined chlorine and free residual chlorine, as well as 

THMs concentrations for the 162 MWSS are shown in Table 4.2.  

Table 4.2. Statistics of chlorinated products in Ontario drinking water supply systems 
Parameter Location MIN MLV MAX MEAN STD 

Chlorine dose TP 0.14 2.25 10.1 2.64 1.73 

TP 0.06 1.23 5.31 1.32 0.64 
Total chlorine (mg/L) 

DS 0.01 0.73 3.43 0.81 0.5 

TP 0.03 0.97 3.05 0.98 0.49 
Free residual chlorine (mg/L) 

DS 0.0 0.5 2.4 0.54 0.37 

TP 0.5 23 273 31.6 32.4 
THMs (μg/L) 

DS 0.5 29.5 289 40.2 39.1 

TP 0.01 0.2 3.95 0.38 0.2 
Combined chlorine (mg/L) 

DS 0.01 0.18 2..3 0.31 0.41 

                           TP: Treatment plant; DS: Distribution system; MIN: Minimum 
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The mean chlorine dose for 162 MWSS was calculated to be 2.64 mg/L with a range of 

0.14-10.1 mg/L. The THMs concentrations varied between 0.5-273 μg/L with a mean of 31.6 μg/L 

in the water treatment plants, while the mean THMs concentration was observed higher in the 

water distribution systems (40.2 μg/L) with a range of 0.5-289 μg/L. The data show that 80-90% 

of THMs were formed in the treatment plants (TP), while 10-20% was formed in distribution 

systems (DS). The averages of total chlorine were 1.32 and 0.81 mg/L in the TP and DS, 

respectively. The free residual chlorine had a mean of 0.98 mg/L in the TP and 0.54 mg/L in the 

DS, while the combined chlorine had a mean of 0.38 mg/L in the TP and 0.31 mg/L in the DS 

(Table 4.2). The dissolved organic carbon (DOC) in the raw water had a mean value of 4.1 mg/L, 

while it was 2.6 mg/L for treated waters, while DOC has been noted as the main precursor of 

THMs and HAAs formation (Sohn et al. 2004; Rodriguez et al. 2003). The statistical distributions 

of THMs, DOC, chlorine dose, pH, total chlorine and temperature are shown in Figure 4.1.  

 

Figure 4.1. Possible outlier’s for treatment plant data by Box-plots (surface water) 
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The distributions for pH and total chlorine were found to be relatively symmetric, while 

those of the remaining variables were generally asymmetric with long upper and lower tails. The 

outliers in Figure 4.1 were excluded from the analyses to avoid possible biasing effects. 

 

4.5. Multivariate Analysis 

 
4.5.1. Pairwise Correlations and Scatterplots 

Although subsets of the 22 different variables listed earlier have been previously used in 

the modelling of THMs formation, the DWSP database did not include each of these 22 variables. 

After careful review of previous models, correlation patterns and available measurements, the 

following twelve variables were identified as having possible influence on THMs formation: 

chlorine dose, total chlorine, combined chlorine, free residual chlorine, pH, temperature, turbidity, 

alkalinity, color, hardness, DOC and dissolved inorganic carbon (DIC). The combined chlorine is 

the difference between total chlorine and free residual chlorine and alkalinity in natural water is 

mostly contributed by the bicarbonates, which is essentially the amount of total DIC (APHA 

1995). Consequently, combined chlorine and DIC were omitted from the analyses. In this study, 

correlation analyses for the ten remaining variables (DOC, color, pH, alkalinity, hardness, 

turbidity, temperature, chlorine dose, total chlorine and free residual chlorine) were performed 

using data from the water treatment plants. The data were analyzed in two groups: (1) surface-

water-sourced plants, and (2) groundwater-sourced plants. All computations were performed using 

the JMPTM statistical package.  

4.5.1.1. Correlation analysis – surface-water-sourced plants 

The correlations amongst the variables are summarized in Table 4.3. The chlorine dose 

had a weak correlation with total chlorine and strong correlation with free residual chlorine (r = 
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0.31 and 0.78, respectively). The DOC had moderate correlation with color (r = 0.55) and 

alkalinity had strong correlation with hardness (r = 0.84). The formation of THMs had statistically 

significant correlations with DOC, color, pH, temperature, total chlorine and chlorine dose (Table 

4.3).  

Table 4.3. Multivariate correlations for surface water sourced data in treatment plants 

  
Cl2 

dose 

Cl2-

total 

Cl2 

Free 
pH Temp. Turb. Alk. Color Hard. DOC THMs 

Cl2 dose 1 0.31 0.78 -0.11 0.25 -0.04 0.06 -0.11 0.14 0.13 0.36 

Cl2 total 0.31 1 0.16 -0.09 0.06 -0.06 0.11 0.07 0.06 0.16 0.27 

Cl2 free 0.78 0.16 1 -0.14 0.26 -0.08 -0.02 -0.18 0.01 0.1 0.08 

pH -0.11 -0.09 -0.14 1 -0.02 0.06 -0.14 0.18 -0.16 0.08 0.16 

Temp. 0.25 0.25 0.26 -0.02 1 0 0 -0.05 0.05 0 0.16 

Turb. -0.04 -0.04 -0.08 0.06 0 1 -0.08 0.42 0.01 0.2 0.09 

Alk. 0.06 0.06 -0.02 -0.14 0 -0.08 1 0.04 0.84 0.01 -0.03 

Color -0.11 0.07 -0.18 0.18 -0.05 0.42 0.04 1 0.08 0.55 0.39 

Hard. 0.14 0.14 0.01 -0.16 0.05 0.01 0.84 0.08 1 0.02 -0.07 

DOC 0.13 0.13 0.1 0.08 0 0.2 0.01 0.55 0.02 1 0.74 

THMs 0.36 0.27 0.08 0.16 0.16 0.09 -0.03 0.39 -0.07 0.74 1 

 
However, chlorine dose, total chlorine and free residual chlorine arise from the same 

phenomenon, namely chlorination. As such, it is important to identify the most representative 

variable and its correlation with the other variables of this group. Some variables in this group 

were correlated – for instance, chlorine dose and free residual chlorine (Table 4.3). The 

correlations of THMs with turbidity, alkalinity and hardness were not statistically significant 

(Table 4.3). Considering chlorine dose from the chlorine group and DOC, color, pH and 

temperature, the pairwise comparison is summarized in Table 4.4, indicating strong to modest 

correlations between THMs-DOC (r = 0.78), THMs-chlorine dose (r = 0.59), and THMs-color (r = 

0.48). Relatively, weaker correlations were observed between THMs-pH (r = 0.24) and THMs-

temperature (r = 0.16).  
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Table 4.4. Pairwise correlations for six variables in treatment plant (surface water sourced data) 

Variable by Variable Correlation Signif Prob Plot Corr 

pH Cl2 dose  -0.0857 0.0824  
Temp Cl2 dose 0.1276 0.0095  
Temp pH -0.0497 0.2994  
Color Cl2 dose 0.2850 0.0000  
Color pH 0.0858 0.1743  
Color Temp 0.0298 0.6404  
DOC Cl2 dose 0.6637 0.0000  
DOC pH -0.0516 0.3096  
DOC Temp 0.0212 0.6770  
DOC Color 0.5619 0.0000  
THMs Cl2 dose  0.5853 0.0000  
THMs pH 0.2409 0.0000  
THMs Temp 0.1554 0.0030  
THMs Color 0.4768 0.0000  
THMs DOC 0.7819 0.0000  

 

From these data, DOC was found to be correlated with chlorine dose (r = 0.66) and color 

(r = 0.56). Figure 4.2 depict correlations through Scatterplots matrix, which assisted in the 

identification of nonlinear co-dependencies.  

Plots of THMs-DOC; DOC-chlorine dose; and DOC-color were found to have a 

systematic linear trend in Figure 4.2. The correlation between DOC and chlorine dose likely 

reflects the operating policies of the MWSS. As DOC increases, operators are likely to add more 

chlorine to ensure disinfection and appropriate free residual chlorine. This correlation reflects the 

“feedback” present in the operating data. 
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Figure 4.2. Scatter plot matrix for parameters (surface water sourced data) 
 

4.5.1.2. Correlation analysis – groundwater-sourced plants 

The groundwater correlation analysis presented slightly different correlations than those 

of the surface-water-sourced plants. Chlorine dose was found to be moderately correlated with 

total chlorine (r = 0.43) and strongly correlated with free residual chlorine (r = 0.91), while 

hardness was well correlated with alkalinity (r = 0.7) and DOC and color were moderately 

correlated (r = 0.63). The correlation pattern between the factors and THMs were: DOC (r = 0.57), 

chlorine dose (r = 0.55), pH (r = 0.31), temperature (r = 0.2) and color (r = 0.13). In groundwater 

data, the correlation of DOC with THMs (r = 0.57) was smaller than that of the surface water data 

(r = 0.78). The pH was been found to have slightly higher correlation with THMs in groundwater 

(r = 0.31) than that of the surface water data. However, the correlation between DOC and color 

was found to be fairly consistent in all cases (groundwater (r = 0.63) and surface water data (r = 

0.56)). Chlorine dose was selected for further analysis. The correlation analysis for THMs is 

summarized in Table 4.5.  
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Table 4.5. Pairwise correlations for groundwater sourced data in treatment plant 

Variable by Variable Correlation Signif Prob Plot Corr 

pH Cl2 dose 0.0597 0.4791 

Temp Cl2 dose 0.1579 0.0536 

Temp pH 0.0045 0.9545 

Color Cl2 dose 0.3408 0.0001 

Color pH -0.1623 0.0651 

Color Temp 0.1626 0.0595 

DOC Cl2 dose 0.4022 0.0000 

DOC pH -0.0956 0.2416 

DOC Temp 0.2539 0.0013 

DOC Color 0.6335 0.0000 

THMs Cl2-dose 0.5489 0.0000 

THMs pH 0.3099 0.0017 

THMs Temp 0.2005 0.0349 

THMs Color 0.1281 0.1822 

THMs DOC 0.5655 0.0000 

 
The Scatterplot matrix for these variables is shown in Figure 4.3. The DOC-color and 

THMs-DOC pairs were found to exhibit similar trends as found in surface water data (Figure 4.3). 

Moderate to weak correlations were noted for THMs-DOC, THMs-chlorine dose, DOC-color, 

color- chlorine dose and DOC- chlorine dose (Table 4.5). The results obtained from repeating the 

pairwise comparison with the inclusion of possible outliers indicated that DOC was correlated 

with THMs (r = 0.61) and chlorine dose (r = 0.4). The correlation for the groundwater data were 

fairly similar to those obtained for the same pairs in the analysis of the surface water data. The 

temperature and pH had positive effects on THMs formation in both cases, which was in 

agreement with the previous studies.  
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Figure 4.3. Scatter plot matrix for parameters (groundwater data analysis) 
 

4.5.2. Principal Component Analysis (PCA) 

Principal component analysis (PCA) is a multivariate statistical technique, which 

decomposes the correlation structure of the data, leading to the identification of patterns and 

contrasts in datasets (Jackson, 1991). PCA transforms correlated variables into new uncorrelated 

variables by defining principal components. By examining the original variables associated with a 

principal component, patterns of variation in which a subset of the original variables take values in 

a systematic pattern can be identified. PCA also helps to reduce dimensionality of data, allowing 

the bulk of the variation in the data to be represented using a smaller number of transformed 

variables (Jackson 1991; Wold et al. 1987). In recent years, PCA has been applied in water quality 

data analyses, bioremediation and environmental monitoring (Praus 2005; Rao et al. 2006; Hon et 

al. 2006; Mrklas et al. 2006; Bengrane and Marhaba, 2003). PCA is usually applied by first mean-

centering the data and scaling each variable by its standard deviation (Wold et al. 1987; Smith 

2002). The PCA calculation itself can be considered as either computing singular value 

decomposition (SVD) on the scaled and centered data matrix, or computing eigenvector 

decomposition on the XTX matrix, where X is the data matrix (Jackson 1991). When the scaling 



 126

has been performed, the eigenvalues represent the fraction of total variation explained by the 

principal component (Jackson 1991). Intuitively, the PCA algorithm can be considered as follows: 

for n original variables, n principal components are formed by: (i) finding the linear combination 

(principal component) of the original variables explaining the greatest possible variance; and (ii) 

successively, finding each principal component having the greatest possible variance that is 

uncorrelated (orthogonal) with all previously defined components. This restriction on correlation 

with the previous components ensures that each new component will have a lower variance than 

its predecessor. The linear combinations that make up a principal component are found from the 

elements of the eigenvectors from the eigenvector decomposition.  

The loadings in PCA represent the extent to which each original variable contributes to 

the principal component. The loading values themselves correspond to the elements in the 

eigenvectors from the eigenvector decomposition. The correlation structure in the data can be 

analyzed by examining the patterns of the loadings, identifying clusters of the original variables 

that contribute to specific principal components. The loadings can be summarized graphically by 

using bar charts to represent the loading values for a single principal component (Figure 4.4), and 

by plotting pairs of principal component loadings against each other (Figure 4.5).  
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Figure 4.4. Loading charts for (a) surface water data; and (b) groundwater data; (1. chlorine dose; 
2. total chlorine; 3. free residual chlorine; 4. pH; 5. temperature; 6. turbidity; 7. alkalinity; 8. color; 

9. hardness; 10. DOC) 
 

 
 

Figure 4.5. Loadings plot on PCs (a) surface water data; and (b) groundwater data;  (1. chlorine 
dose; 2. total chlorine; 3. free residual chlorine; 4. pH; 5. temperature; 6. turbidity; 7. alkalinity; 8. 

color; 9. hardness; 10. DOC) 
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The bars in Figure 4.4 identify the original variables that contribute significantly to the 

given principal component, while the Scatterplots (Figure 4.5) identify clustering of the original 

variables in the principal components. A threshold value of 0.4 was used to judge whether a 

principal component loading was large or not. This threshold is somewhat arbitrary; more rigorous 

thresholds could be developed using statistical arguments, but the threshold of 0.4 suffices to 

distinguish between larger smaller loading magnitudes. In this study, PCA was applied to the 

surface water and groundwater data separately. For each set of data, ten variables: (1) chlorine 

dose; (2) total chlorine; (3) free residual chlorine; (4) pH; (5) temperature; (6) turbidity; (7) 

alkalinity; (8) color; (9) hardness; and (10) dissolved organic carbon (DOC), were analyzed. The 

variables were scaled and mean-centered prior to the application of PCA. The statistical package 

JMPTM was used to perform the PCA computations.  

 

4.5.2.1. Loadings of variables: surface-water-sourced plants 

 

From Figure 4.4a(i), it can be noted that chlorine dose (1), total chlorine (2), free residual 

chlorine (3), color (8), and DOC (10) contributed significantly to the first principal component 

(PC1). Since these variables were associated with color/DOC and chlorine dose, PC1 was related 

to the organic contents of the water. Principal component 2 (PC2) was primarily associated with 

chlorine dose (Figure 4.4a(ii)). Principal component 3 (PC3) had significant loadings for pH (4) 

and alkalinity (7), while temperature (5) and hardness (9) also had loadings close to 0.4 (Figure 

4.4a(iii)). Thus, PC3 is associated with the inorganic characteristics of the water 

(acidity/alkalinity, hardness and inorganic carbon), as well as temperature. Pairwise Scatterplots of 

the loadings can be examined to identify clusters of variables explaining significant components of 

variability. The plot of PC1 vs. PC2 loadings in Figure 4.5a(i) confirmed that chlorine dose (1) 
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was significantly associated with both PC1 and PC2. On the other hand, total chlorine (2), free 

residual chlorine (3), color (8) and DOC (10) were associated with PC1 only. Because of this 

clustering, it can be concluded that PC1 was associated with chlorination and organic contents, 

while PC2 was associated with chlorine dose only. This suggested that chlorination varied 

significantly in MWSS across Ontario, associated in part with organic contents in the water. The 

plot of PC1 vs. PC3 (Figure 4.5a(ii)) indicated clear distinction between variables associated with 

PC1 and PC3. PC1 was associated with chlorine dose (1), total chlorine (2), free residual chlorine 

(3), color (8), and DOC (10). Conversely, PC3 was associated with pH (4), temperature (5), 

alkalinity (7) and hardness (9). The plot of PC2 vs. PC3 (Figure 4.5a(iii)) also depicted distinction 

between clusters associated with PC2 and PC3. Again, PC2 was associated with chlorine dose (1), 

while PC3 was associated with pH (4), temperature (5), alkalinity (7) and hardness 

(9). Summarizing, PC1 represented chlorination and organic contents in the water, PC2 

represented chlorination, and PC3 represented inorganic properties (acidity, alkalinity, hardness) 

and temperature of water. It is anticipated that one or two variables from each cluster may be 

required for modelling THMs formation.  

 

4.5.2.2. Loadings of variables: groundwater-sourced plants  

 

Figures 4.4b and 4.5b summarize the PC loadings for the groundwater data. As shown in 

Figure 4.4b(i), the significant loadings for PC1 were chlorine dose (1), free residual chlorine (3) 

and DOC (10), with loadings for total chlorine (2) and color (8) lying very close to the threshold 

value of 0.4. Consequently, PC1 for groundwater-sourced data was comparable to PC1 for 

surface-water-sourced data, and it can be concluded that PC1 for each case corresponds to organic 

content and chlorination.  PC2 for the groundwater case differed from PC2 for the surface water 

case with significant loadings identified for chlorine dose (1), free residual chlorine (3), pH (4), 

temperature (5) and DOC (10) for groundwater, compared to chlorine dose (1) only for surface 



 130

water (Figures 4.4b(ii), 4.4a(ii)). Hence, for groundwater sources PC2 was associated with 

chlorination, acidity, temperature and organic contents of the water. PC3 for groundwater also 

differed from its counterpart for surface water, with significant loading for temperature (5), and 

loadings for pH (4) and color (8) close to the threshold value (Figure 4.4b(iii)). The types of 

significant loadings for PC3 in the groundwater case were still associated with inorganic 

properties (acidity) and temperature, however, color was also a significant factor. This raised the 

question of whether color was also associated with the inorganic properties of the water (e.g., 

mineral content), or whether organic contents was also associated PC3 for groundwater. Given 

that other factors associated with organic contents (in particular, chlorination-related variables) 

were not significant, it was possible that color in groundwater could be associated with inorganic 

contents.  

The clustering of loadings between PC1 and PC2 for groundwater (Figure 4.5b(i)) was 

much looser than the corresponding clustering for surface water (Figure 4.5a(i)). This could be 

partly due to the fewer observations available for groundwater MWSS compared to surface-water 

observations, which constitute the largest part of the DWSP database. However, there were also 

distinct differences in the loading pattern for PC2 between the surface and groundwater cases. In 

groundwater, chlorine dose (1), total chlorine (2), free residual chlorine (3), color (8), and DOC 

(10) contribute significantly to PC1 and, as noted above, PC1 was associated with organic 

contents and chlorination. Chlorination also appeared with a significant loading in PC2, through 

loadings for chlorine dose (1) and free residual chlorine (3), along with pH (4), temperature (5), 

and DOC (10). In the groundwater case, PC1 was associated with organic contents and 

chlorination, while PC2 was associated with organic content, chlorination, acidity and 

temperature. In particular, free residual chlorine (3) and DOC (10) stood out in Figure 4.5b(i) as 

having significant loadings for both PC1 and PC2.  

The loadings plot of PC1 vs. PC3 (Figure 4.5b(ii)) indicates that PC1 was associated with 

chlorine dose (1), total chlorine (2), free residual chlorine (3), color (8) and DOC (10). PC3 was 
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associated with temperature (5), pH (4) and color (8). The plot of PC2 vs. PC3 (Figure 4.5b(iii)) 

shows that pH (4) and temperature (5) played significant roles in both PC2 and PC3, in contrast to 

the clear separation of loadings observed between PC2 and PC3 for the surface water case. PC2 

was associated with chlorine dose (1), free residual chlorine (3), pH (4), temperature (5) and DOC 

(10), while PC3 was associated with pH (4), temperature (5) and color (8). Summarizing, for the 

groundwater-sourced MWSS, PC1 represented organic contents and chlorination, PC2 represented 

organic contents, acidity, chlorination and temperature, while PC3 represented temperature and 

inorganic properties of the water. The primary difference between the correlation patterns for 

surface-water and groundwater-sourced MWSS was in PC2, which for surface water was 

associated with chlorination, while in the groundwater case was associated with chlorination, 

organic content, acidity and temperature. The analyses of the DWSP data sets by PCA showed that 

approximately 80% of the total variability of data was represented by the first three principal 

components. 

 
4.6. Discussion 

 

The DWSP data were reported from regular monitoring for five years (2000-2004) of 179 

MWSS in Ontario (Canada). The variability in the DWSP data has made it difficult to identify 

patterns through a simple examination of individual constituent values and locations. To obtain a 

more definitive picture of the significant variables in a MWSS that might have an effect on THMs 

formation, it was necessary to perform a multivariate statistical investigation of these data. 

Although ten variables were analyzed from the DWSP dataset, only a few of these variables were 

found to be significant, and not all of the variables were found to be independent. Insights 

regarding how physical characteristics occur together were obtained by analyzing the correlation 

structure in the DWSP dataset using pairwise correlations, Scatterplots and PCA. The DOC was 

found to have a strong correlation with THMs concentrations, with correlation coefficients of 0.78 



 132

and 0.57 respectively for surface water and groundwater data. This was in agreement with results 

obtained in previous studies (Singer and Chang 1989). Color and DOC were found to be 

correlated (r = 0.56-0.63) and clustered throughout the analyses. The correlation between chlorine 

dose and free residual chlorine varied throughout the analyses but found to be strong (0.78-0.91). 

The THMs concentrations were found to have significant correlations with chlorine dose (0.55-

0.59). For waters that are pre-treated, the concentrations of reduced substances are generally 

insignificant, and thus chlorine dose can be a significant factor for THMs formation. Free residual 

chlorine generally varied in the range of 0.03 – 3.05 mg/L in Ontario (MOE 2006) and this free 

residual chlorine was found to have an insignificant effect on THMs formation (Table 4.3).  

Temperature had significant loading for PC3 in surface water data and for PC2 and PC3 in 

groundwater data, and was found to be correlated with THMs throughout the analyses. The 

correlations of temperature with THMs were weak (r = 0.12-0.2) but statistically significant (Table 

4.4 and Table 4.5, p < 0.05).  The pH was found to have significant loading on PC3 of the surface 

water and groundwater data and on PC2 for the groundwater data. The pH was found to be 

correlated with THMs (r = 0.21 – 0.31) throughout the analyses (Tables 4.4 -4.5), which was also 

statistically significant (Table 4.4 and Table 4.5, p < 0.05). Stevens et al. (1976) performed bench-

scale experiments on Ohio River water at the Cincinnati treatment plant by varying temperature 

and pH respectively. The formation of THMs was found to be 1.5–2 times higher at each stage of 

temperature change (3 to 25 and 25 to 40°C). Similar findings were noted for pH change (30-50% 

increase of THMs while pH was changed from 7 to 11. However, Stevens et al. (1976) did not 

incorporate simultaneous variability of the other factors during their experiments, for example, as 

to whether the impact of pH on THMs formation would be different at different values of 

temperature or DOC. 

In the natural systems, factors such as DOC and chlorine content vary temporarily and 

spatially in addition to pH and temperature. The analyses summarized in this paper have 



 133

investigated correlation patterns amongst many factors that might influence THMs formation in a 

natural environment. In the multivariate analyses presented here, the effects of DOC, chlorine 

dose, pH, temperature and color were simultaneously determined. It is likely that DOC and 

chlorine dose have the highest effects on THMs formation. The pH and temperature are the next 

important factors as determined throughout the analyses. The concentrations of bromide ion were 

not available in the DWSP data and, thus, an analysis of the effect of bromide ion concentrations 

could not be presented here. The presence of bromide ions in chlorinated water typically leads to 

the increased formation of brominated THMs (Nokes et al. 1999).  Due to the potential concerns 

of brominated THMs on human health, it would be important to study the effects of bromide ions 

on brominated THMs. In this study, similar investigations were reported considering these factors 

and HAAs as response. With the exception of pH, all other factors have similar effects on HAAs 

formation. At higher pH, HAAs shows decreasing trend, which may be attributed to hydrolysis of 

many halogenated DBPs at higher pH (Singer 1994; Krasner et al. 1989).  

 
4.7. Conclusions 

 
Disinfection for drinking water is a requirement for MWSS in Ontario. However, the 

formation of DBPs is of concern because of their possible effects on human health. The Ontario 

DWSP data, collected over a period of five years (2000-2004), were analyzed in this study using 

pairwise correlations, matrix Scatterplots, and Principal Components Analysis. Important 

variables were identified, and the sensitivity of the results to possible outliers has been 

investigated. The DWSP data analyses identified DOC and chlorine dose as the factors having the 

strongest association with THMs formation, with pH and temperature having significant but 

relatively less association with THMs formation. The THMs in the distribution systems were 

found to be higher than those of the treatment plants, as anticipated, indicating possible effects of 

reaction time on THMs formation through slow reactions with the residual organics in the water 
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distribution pipes. For the surface water data, the three largest principal components, accounting 

for 80% of the variability in the dataset, were associated with a) chlorination and organic content, 

b) chlorination, and c) inorganic properties (acidity/alkalinity, hardness) and temperature. For the 

groundwater data, the three largest principal components, accounting for 76% of the variability in 

the dataset, were associated with a) chlorination and organic content, b) organic content, acidity, 

chlorination and temperature, and c) inorganic properties (acidity/alkalinity and hardness) and 

temperature. The insight gained in this analysis has formed the basis for an experimental 

investigation of factors influencing THMs formation using statistical design of experiments 

approach.  
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Chapter 5.0 

 

 

Influence of Bromide Ions on Trihalomethanes Formation 

 

 
5.1. Chapter Introduction 

 
The concern over the formation of bromodichloromethane (BDCM) in drinking water has 

been increasing in the recent years. Health Canada has set a regulatory limit on the concentration 

of BDCM to 16 parts per billion (ppb) in drinking waters. Chlorination of bromine rich water can 

cause the formation of a significant amount of BDCM. During chlorination of bromide containing 

water, reaction patterns change and fractions of brominated THMs increases. This chapter 

describes a controlled laboratory investigation to determine the effects of bromide ions on specific 

trihalomethanes formation. Following the characterization of key factors, a second-order model to 

predict formation of BDCM in drinking water was developed and validated using external data. 
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5.2. Abstract 

 

Chlorination for drinking water can form brominated trihalomethanes (THMs) in the 

presence of bromide ions. Recent studies have reported that bromodichloromethane (BDCM) has a 

stronger association with stillbirths and neural tube defects than other THMs species. In this paper, 

the results of an experimental investigation into the factors forming THMs in the presence of 

bromide ions are presented. The experiments were conducted using synthetic water samples with 

different characteristics (e.g., pH, temperature, dissolve organic content). Different combinations 

of these characteristics were considered in the experimental program. The results showed that 

increased bromide ion concentrations led to increases in the formation of total THMs, with higher 

BDCM and dibromochloromethane (DBCM), and lower chloroform formation. By increasing the 

pH from 6 to 8.5, increased chloroform and decreased BDCM and DBCM formation were 

observed. Higher bromide ions to chlorine ratios increased BDCM and DBCM and decreased 

chloroform formation, while higher temperatures increased BDCM, DBCM and chloroform 

formation. In most cases, bromoform (CHBr3) concentrations were found to be below the 

detection limit. Significant factors influencing BDCM formation were identified using a statistical 

analysis. A second-order BDCM formation model was estimated from 44 experiments and 

statistical adequacy was assessed using appropriate diagnostics, including residual plots and an R2 

of 0.97. The model was validated using external data from 17 water supply systems in 

Newfoundland, Canada. The predictive performance of the model was found to be excellent, and 

the resulting model could be used to predict BDCM formation in drinking water and to perform 

risk-cost balance analyses for best management practices. 

 

Keywords: Brominated trihalomethanes, bromide ions effects, bromodichloromethane formation 

model, design of experiments (DOE), statistical model 

 



 142

5.3. Introduction 

 

Chlorine is widely used in the municipal water supply systems in Canada and the USA 

due to its excellent disinfection performance and low cost (Clark et al., 1994, 1998; Reiff, 1995; 

USEPA, 2006; Chowdhury and Husain, 2006; Chowdhury et al., 2007; Health Canada, 2007). 

However, natural organic matter (NOM) in the water can react with chlorine during disinfection, 

forming disinfection by-products (DBPs), such as trihalomethanes (THMs), haloacetic acids 

(HAAs), haloacetonitriles (HANs), haloketones (HKs), as well as other known and unknown 

compounds (Richardson, 2005). The possible effects of THMs on animal and human health have 

been extensively studied from toxicological and epidemiological perspectives since their 

discovery in 1974 (King and Marrett 1996; Wigle 1998; Mills et al., 1998; Waller et al., 1998; 

King et al., 2000; Richardson et al., 2002; Dodds et al., 2004; Villanueva et al., 2004). More than 

90% of the THMs in drinking water supplies across the Canadian provinces typically consist of 

CHCl3 and BDCM, while BDCM alone contributes 2.1 to 14% of the THMs. The occurrences of 

BDCM often exceed the Canadian regulatory limit of 16 ppb (Health Canada, 2007). It has been 

reported that BDCM in drinking waters has a much stronger association with stillbirths and low 

birth weights than the other THMs species (King et al., 2000). The BDCM targets human 

placental trophoblasts that produce a hormone which is required during pregnancy. A decrease in 

bioactive levels of this hormone can lead to adverse effects during pregnancy (Health Canada, 

2007). Dodds and King (2001) reported an increased risk of neural tube defects from BDCM at 

exposure concentrations of 20 ppb or higher. Toxicological studies have characterized BDCM as a 

probable human carcinogen with a slope factor (upper bound lifetime probability of an individual 

developing cancer) of 0.062 (mg/kg/day)-1 and a reference dose (maximum safe dose to human) of 

0.02 mg/kg/day (IRIS, 2006).  

The reaction pathways and factors influencing THMs formation are well established in the 

existing literature (Stevens et al., 1976; Minear and Morrow, 1983; Clark et al., 2001; Rodrigues 
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et al., 2007; Chowdhury et al, 2008a, Chowdhury et al, 2008b). To address the effects of bromide 

ion (Br-) concentrations in waters, a number of previous studies incorporated bromide ion in 

THMs formation model development (Minear and Morrow, 1983; Amy et al., 1987; 

Golfinopoulos et al., 1998; Westerhoff et al., 2000; Elshorbagy et al., 2000; Rodriguez et al., 

2003; Lekkas and Nikolaou, 2004). Bromide ions form brominated THMs following complex 

reaction pathways during the chlorination of drinking water (Liang and Singer, 2003). Uyak and 

Toroz (2007) reported that Br- produces hypobromous acid (HOBr) in chlorinated water, which is 

approximately 20 times more reactive with NOM than hypochlorous acid (HOCl). Increases in 

bromide ion concentrations gradually shift chlorinated THMs to mixed bromochloro THMs. As 

such, the bromide ion to chlorine ratio in water may be an important factor, which may describe 

the relative distributions of brominated and chlorinated THMs (Uyak and Toroz, 2007; Hellur-

Grossman et al., 2001; Nokes et al., 1999). Further complexity arises due to the partial conversion 

of Br- into brominated THMs (18 to 28%), which also depends on water pH, temperature and 

relative distributions of hydrophobic and hydrophilic fractions of NOM in water (Sohn et al., 

2006; Liang and Singer, 2003). As such, assumptions of complete conversion of Br- into 

brominated THMs may not reflect the actual observed conversion products.  

The aquatic NOM, which is the main precursor of THMs formation, contains both 

hydrophobic and hydrophilic fractions. The hydrophobic fractions generally represent the higher 

molecular weight NOM with activated aromatic rings, phenolic hydroxyl groups and conjugated 

double bonds, while the hydrophilic fractions are typically lower molecular weight NOM with 

aliphatic ketones and alcohols (Liang and Singer, 2003). The hydrophobic fractions of NOM 

exhibit higher UV254 and SUVA (specific ultraviolet absorbance, which is defined 

as 100/DOCUV254 × ), values and are more reactive with HOCl than HOBr, while the 

hydrophilic fractions have lower UV254 and SUVA values and are more reactive with HOBr than 
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HOCl (Liang and Singer, 2003). The formation pathways for the brominated THMs can be 

hypothesized following Figure 5.1.  

 

Figure 5.1. Possible formation pathways for brominated THMs in drinking water 

 

Either or both of the reaction pathways can be significant for the brominated THMs 

formation depending on the types of NOM, concentrations of bromide ions and chlorine doses. 

Waters without bromide ions form chlorinated THMs (CHCl3), possibly due to reactions between 

HOCl and the hydrophobic fractions of NOM; thus, a significant portion of the hydrophilic 

fractions of NOM may be left unreacted in these waters. Conversely, waters with bromide ions 

may form brominated THMs through reactions between the hydrophilic fractions of NOM and 

HOBr, as well as a result of a shift from chlorinated THMs to brominated THMs. However, these 

brominated THMs may not be adequately characterized by the corresponding low SUVA or UV254 

measurements. For example, Hellur-Grossman et al., (2001) noted that the Sea of Galilee (Lake 

Kinneret) in Israel has TOC concentrations ranging between 4 to 6 mg/L and uniquely high 

bromide ion concentrations (up to 1.9 mg/L). This water is composed of mostly hydrophilic NOM. 

The hydrophilic NOM favored brominated THMs formation resulting in more than 96% of total 

THMs in Lake Kinneret water (summer: brominated THMs = 595.5 ppb and total THMs = 606 

ppb; winter: brominated THMs = 487 ppb and total THMs = 507 ppb). They reported that the 

measured UV254 and SUVA values could not effectively be employed to characterize THMs 

formation for this source water, possibly due to the fact that the hydrophilic fractions of NOM 
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could not be adequately represented by the corresponding low SUVA or UV254 values (Hellur-

Grossman et al., 2001).  

To date, investigations into the effects of bromide ion specific THMs are limited in the 

existing literature. Previous studies mostly focused on the effects of bromide ion concentrations on 

total THMs formation (Minear and Morrow, 1983; Amy et al., 1987; Clark et al., 2001; Gang et 

al., 2002; Serodes et al., 2003; MWH, 2005). In the present paper, effects of bromide ion and 

other factors (DOC, chlorine dose, pH, temperature, reaction time and ratio of bromide ion to 

chlorine) on THMs species were investigated under controlled laboratory conditions using 

synthetic water. The synthetic water samples with different characteristics were prepared using a 

factorial design approach. The formation of THMs with and without bromide ion was compared 

statistically and significant factors for BDCM formation were identified. Using the significant 

factors, a second-order model for the prediction of BDCM formation was developed. Model 

adequacy was tested statistically using graphical and numerical diagnostics and the model was 

validated by using external data from 17 water supply systems in Newfoundland. 

 

5.4. Experimental Methods 

 
The experiments conducted consisted of synthetic water samples of differing 

characteristics. Commercial humic acid (Sigma Aldrich Humic Acid) was used to generate water 

samples with different DOC concentrations, using a concentrated stock solution prepared by 

dissolving humic acid (HA) into 0.1 N NaOH solutions. The stock solution was used at varying 

concentrations in deionized water and the corresponding DOC concentrations were determined 

using Standard Method 5310B (APHA, 1995) in the Analytical Services Unit (ASU) at Queen’s 

University, Kingston, Ontario. Different levels of DOC were adjusted using HA and confirmed by 

laboratory analyses. The UV254 (cm-1) of each DOC concentration was measured using Biochrom 

Ultrospec 1000 UV/Visible Spectrophotometer and the corresponding SUVA was calculated. A 

chlorine stock solution of 5mg Cl2/mL was prepared using a 5% aqueous sodium hypochlorite 



 146

solution following Standard Method 5710B (APHA, 1995). A bromide ion stock solution of 

100µg/mL was prepared by diluting Sigma-Aldrich bromide standard (Catalog no. 17355) with 

deionized water. The stock solutions were stored in a refrigerator at 2 ± 0.1°C and discarded after 

7 days.  

Two different DOC concentrations (3 and 5.25 mg/L, with corresponding SUVA of 6.338 

and 7.122 L/mg-m), were investigated with multiple levels of Br- concentrations (0, 40, 80, 120 

ppb), chlorine doses (4.05, 5.1 mg/L), pH (6, 8.5), temperatures (8, 16, 25 °C) and reaction times 

(3, 8, 28, 48 hours). While the experimental combinations do not conform to a formal factorial 

experimental design (e.g., Montgomery, 1984), the combinations of experimental runs in the 

experimental design do support the estimation of higher-order models having interaction (product) 

terms, as will be shown later in the paper. There are some correlations between the characteristics, 

as shown in Table 5.1, which will translate into correlations between the parameter estimates.  

 

Table 5.1. Correlation analysis for the factors of BDCM formation 

 DOC Cl2 dose Temperature Time pH Bromide ion BDCM 

DOC 1.0000 0.1296 0.8755 -0.0652 0.0071 0.5203 0.3462 

Cl2 dose 0.1296 1.0000 0.3263 0.1282 -0.0587 0.3768 0.7210 

Temperature 0.8755 0.3263 1.0000 0.0381 0.0842 0.6234 0.5867 

Time -0.0652 0.1282 0.0381 1.0000 0.0024 0.0782 0.4439 

pH 0.0071 -0.0587 0.0842 0.0024 1.0000 -0.2082 -0.2042 

Bromide ion 0.5203 0.3768 0.6234 0.0782 -0.2082 1.0000 0.7790 

BDCM 0.3462 0.7210 0.5867 0.4439 -0.2042 0.7790 1.0000 

 

For each level of DOC, a chlorine dose-chlorine residual curve was established to 

determine the breakpoint chlorine concentration. Measurements of total and free residual chlorines 

were performed following Standard Methods 4500-Cl F (APHA, 1995). A free residual chlorine 

concentration of 2.0 mg/L was added to the breakpoint chlorine concentrations throughout the 

experiments to provide adequate free chlorine residuals. The pH of the samples was adjusted by 



 147

adding 2 N HCl or 2 N NaOH and measured using a 3000 VWR scientific pH meter. The pH 

meter was calibrated daily using standard buffer solutions (pH = 4, 7, 10) covering the 

experimental range. Temperature was controlled by performing the reactions in a water bath and 

the reaction time was controlled using timer.  

For each experiment, 1 L of water sample was prepared by mixing the required amount of 

stock HA solution to deionized water. The desired amount of chlorine stock solution was added 

and mixing was performed mechanically using a magnetic stirrer. Immediately after mixing, 100 

mL samples were placed in amber glass bottles and sealed, headspace free, with polyseal lined 

caps. The reactions were suspended by adding 10 mg sodium thiosulphate to prevent further 

formation of THMs after the designated reaction time. The samples were preserved in a 

refrigerator at 2 ± 0.1°C for analysis. The analyses for THMs were performed within two weeks. 

The ASU-0 method, which is a selective ion monitoring (SIM) approach, was applied for the 

determination of chloroform, bromodichloromethane, dibromochloromethane and bromoform in a 

liquid matrix (CAEAL, 2007). For this method, a 35 mL sample was placed in a tube containing 8 

g of sodium chloride. Two milliliters of tert-methyl butyl ether (MTBE) was added as the 

extraction solvent to the sample and fluorobenzene was used as an internal standard (IS) to verify 

the efficiency of extraction. The extracted sample aliquots were analyzed by gas chromatography 

with mass spectrometry (GC/MS) using a VOCOL column. An autosampler was used to ensure 

precise injections into the GC/MS. Prior to use, the GC/MS was calibrated for CHCl3, BDCM, 

DBCM and CHBr3 using calibration standards. The calibration standards, quality control samples 

and MTBE were used in each group of samples to confirm the analytical results. The detection 

limit of the approach was 2 ppb at 95% probability of detection.  

 

 

 
 



 148

5.5. Results 

 

5.5.1. Effects Characterization  

A systematic investigation to determine the effects of bromide ion and other factors on 

CHCl3, BDCM and DBCM formation in drinking waters was performed. The formation of CHBr3 

was found to be below the detection limit in most cases throughout the experiments and as such 

was not included in the investigation. The effects of different factors are presented below.  

 

5.5.1.1. Effects of bromide ions 

The formation of THMs was investigated using different levels of bromide ion 

concentrations (0, 40, 80, 120 ppb). These reactions were performed at constant pH (6), 

temperature (8°C), DOC (3.0 mg/L) and chlorine dose (4.05 mg/L). Increases in bromide ion 

concentrations resulted in increased THMs formation during each reaction period (3, 8, 28, 48 

hours). The graph in Figure 5.2 shows the THMs concentrations after a 48 hour reaction period for 

bromide ion concentrations of 0, 40, 80 and 120 ppb.  
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Figure 5.2. Effects of bromide ion on THMs formation (Temperature =8°C, pH = 6, DOC = 3.0 
mg/L; [SUVA = 6.34 L/mg-m], chlorine dose = 4.05 mg/L, reaction time = 48 hours) 
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Repeated measurements of THMs were made for a run at a given bromide ion 

concentration. Note that these are not replicate runs, but are instead repeated measurements 

(Figure 5.2). The mean concentrations of THMs obtained from these repeated measurements (as 

shown in Figure 5.2) were found to be 75.7, 84.4, 91.2 and 97.1 ppb for bromide ion 

concentrations of 0, 40, 80 and 120 ppb respectively. The Kruskal-Wallis (K-W) test showed that 

the THMs concentrations for 0, 40, 80 and 120 ppb bromide ion were statistically different with a 

p-value of 0.0001 (Minitab, 2004). The increase in THMs may be attributed to reactions between 

the hydrophilic fractions of NOM and HOBr as well as shifts in chlorinated THMs to brominated 

THMs as hypothesized in Figure 5.1. The effects of bromide ion concentrations on specific THMs 

showed variable patterns for CHCl3, BDCM and DBCM formation. Increase in bromide ion 

concentration from 40 to 120 ppb decreased CHCl3 formation from 68 to 60.1 ppb during the 48 

hour reaction period (Figure 5.3a).  

During the same reaction period, BDCM formation was increased from 13.5 to 29.2 ppb 

when bromide ion was increased from 40 to 120 ppb (Figure 5.3b). A similar increase in the 

formation of DBCM (2.7 to 7.5 ppb) was observed during this reaction period (Figure 5.3c). 

However, the decrease in chlorinated THMs (CHCl3) and the increase in brominated THMs 

(BDCM, DBCM, CHBr3) were not balanced (weight and molecular basis). For example, 

0.07µmol/L CHCl3 was reduced during this 48 hour reaction period, while BDCM and DBCM 

were increased by 0.1µmol/L and 0.02µmol/L respectively. It can be noted that the hydrophilic 

NOM might have reacted with HOBr to form the additional brominated THMs (Figure 5.1). 

 

5.5.1.2. Effects of ratio between bromide ions and chlorine dose 

The effects of bromide ion concentration to chlorine concentration ratio on CHCl3, BDCM 

and DBCM are shown in Figure 5.4. Increasing the bromide ion to chlorine ratio decreased CHCl3 

formation during each reaction period (Figure 5.4a). Increasing the bromide ion to chlorine ratio 

from 9.88 to 29.6 decreased CHCl3 formation from 68 to 60.1 ppb over the 48 hour reaction 
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period. Similar trends were observed for the other reaction periods (3, 8 and 28 hours). The 

formation of BDCM was increased for each of these reaction periods (Figure 5.4b).  
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Figure 5.3. Effects of Br- on CHCl3, BDCM and DBCM (Cl2 dose = 4.05 mg/L; pH = 6, DOC = 
3.0 mg/L; [SUVA = 6.34 L/mg-m], Temperature=8°C) 
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Figure 5.4. Effects of Br-/chlorine on CHCl3, BDCM and DBCM formation (pH = 6, DOC  =3.0 
mg/L; [SUVA = 6.34 L/mg-m], Temperature=8°C) 

 
For example, an increase of bromide ion to chlorine ratio from 9.88 to 29.6 increased 

BDCM from 13.5 to 29.2 ppb over the 48 hour reaction period. For similar conditions, DBCM 

formation increased from 2.7 to 7.5 ppb (Figure 5.4c). Increasing the bromide ion to chlorine ratio 
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gradually shifted the chlorinated THMs into mixed brominated THMs (Uyak and Toroz, 2007; 

Nokes et al., 1999). However, the conversion of bromide ion to brominated THMs also depends 

on pH and temperature (Sohn et al., 2006; Liang and Singer, 2003). Consequently, conversion of 

chlorinated THMs to brominated THMs may not be well represented by the ratio of total bromide 

ion to chlorine, but may be better represented by the ratio of the absolute amount of converted 

bromide ion to chlorine.  

 
5.5.1.3. Effects of pH 

The effects of pH on CHCl3, BDCM and DBCM formation were investigated using 

various reaction times and bromide ion concentrations. Figure 5.5 shows the effects of pH at 

different bromide ion concentrations. At an 80 ppb bromide ion concentration, the formation of 

CHCl3 increased from 63 to 87.6 ppb during the 48 hour reaction period when pH was increased 

from 6 to 8.5 (Figure 5.5a). When pH was increased from 6 to 8.5, BDCM formation decreased 

from 22.8 to 17.5 ppb over 48 hour reaction period (Figure 5.5b) and DBCM formation decreased 

from 5.4 to 3.1 ppb (Figure 5.5c). Similar patterns were also observed for 40 ppb bromide ion 

concentrations (Figure 5.5). In addition, at 25°C and 120 ppb bromide ion concentration, CHCl3 

formation was increased from 104.6 to 118.9 ppb when pH was increased from 6 to 8.5. Under the 

same condition, BDCM formation was decreased from 34.4 to 32.3 ppb and DBCM was found 

unchanged to 6 ppb. 

5.5.1.4. Effects of temperature 

The effects of temperature on CHCl3, BDCM and DBCM formation are shown in Figure 

5.6. For samples with 120 ppb bromide ion concentration and 48 hour reaction period, CHCl3 

concentration increased from 89.6 ppb to 104.6 ppb when temperature was increased from 16°C to 

25°C (Figure 5.6a). The formation of BDCM increased from 27.4 ppb to 34.4 ppb (Figure 5.6b) 

and DBCM increased from 3.9 ppb to 6.1 ppb under the same conditions (Figure 5.6c). Reaction 
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rates appeared to increase with increasing temperature, leading to the increase in CHCl3, BDCM 

and DBCM formation.  
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Figure 5.5. Effects of pH on CHCl3, BDCM and DBCM formation (DOC = 3.0 mg/L; [SUVA = 
6.34 L/mg-m], chlorine dose = 4.05 mg/L; Temperature=8°C) 
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Figure 5.6. Effects of temperature on CHCl3, BDCM and DBCM formation (DOC = 5.25 mg/L; 
[SUVA = 7.122 L/mg-m], chlorine dose = 5.1 mg/L; pH = 6; Br- = 120 ppb) 
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5.5.1.5. Overall correlations 

The correlation analysis in Table 5.1 shows the overall correlation structure of different 

factors with BDCM formation. The BDCM concentrations had higher correlations with chlorine 

dose (0.72), bromide ions (0.78) and temperature (0.59), while reaction time and DOC had 

relatively smaller correlations (Table 5.1). The pH had negative effect (correlation coefficient = -

0.2) on BDCM formation. However, the negative effect of pH on BDCM formation has not been 

well described in the existing literature. The correlations among the factors can also be found in 

Table 5.1. 

5.5.2. Model Development 

A full first-order plus interaction terms model for BDCM formation including six factors 

(DOC, chlorine dose, pH, temperature, reaction time and bromide ion concentration) was 

developed using an ordinary least squares regression applied to the data from the experiments. The 

calculations were conducted using the JMPTM statistical package (SAS Inc., 2007). The significant 

factors for the BDCM formation model were determined through graphical and quantitative 

diagnostics. The results for the regression analysis are summarized in Table 5.2, which presents 

the estimated parameter values, their standard errors, and summarizes the hypothesis test results 

for the significance of each parameter.  

Table 5.2.  Screening effects of the factors for BDCM formation 

Factor Estimate Std Error t Ratio Prob>|t| Comments 
DOC -2.44548 0.561029 -4.36 0.0001 Significant 
Cl2 dose 3.8096204 0.336371 11.33 <.0001 Significant 
pH -0.77774 0.269842 -2.88 0.0074 Significant 
Temperature 0.561138 0.121796 4.61 <.0001 Significant 
Time 0.1539077 0.015112 10.18 <.0001 Significant 
Bromide ion 0.1423195 0.017353 8.20 <.0001 Significant 
(DOC-4.18)*(pH-7.08) 0.6005004 0.36193 1.66 0.1079  
(DOC-4.18)*(Time-19.93) -0.05808 0.03202 -1.81 0.0801  
(DOC-4.18)*(Bromide ion-88.18) -0.001694 0.015377 -0.11 0.9130  
(Cl2 dose-4.19)*(Time-19.93) 0.0183346 0.022383 0.82 0.4194  
(pH-7.08)*(Time-19.93) -0.001997 0.013195 -0.15 0.8808  
(pH-7.08)*(Bromide ion-88.18) -0.00337 0.011741 -0.29 0.7761  
(Temperature-14.02)*(Time-19.93) 0.0021513 0.005561 0.39 0.7017  
(Time-19.93)*(Bromide ion-88.18) 0.001874 0.000649 2.89 0.0073 Significant 
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From Table 5.2, it can be seen that DOC, chlorine dose, pH, temperature, reaction time, 

bromide ion concentration and the interaction between reaction time and bromide ion 

concentration are statistically significant at the 5% significance (95% confidence) level. The 

statistical significance of the parameters can also be assessed graphically using a half-Normal 

probability plot shown in Figure 5.7.  

 

 
Figure 5.7. Half- normal plot for the factors effects on BDCM formation 

 

From Figure 5.7, the largest effect is seen to be associated with chlorine dose, while DOC, 

bromide ion concentration, temperature, reaction time and pH have shown moderate effects on 

BDCM formation (Figure 5.7). The interaction between reaction time and bromide ion 

concentration has a comparatively less, but still statistically significant effect on BDCM formation 

(Figure 5.7, Table 5.2).  

The contour plots in Figure 5.8 show the effects of simultaneous variability of chlorine 

dose, DOC, temperature, reaction time, pH and bromide ion on BDCM formation. For example, 

by adjusting chlorine dose and bromide ion simultaneously, the same concentration of BDCM is 

obtained (Figure 5.8a). By varying the other factors simultaneously, such as chlorine dose and 

reaction time (Figure 5.8b), reaction time and bromide ion (Figure 5.8d) and chlorine dose and 

DOC (Figure 5.8e), similar results can be found. Curvature in the contour indicates the presence of 
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two-factor interactions. Contour plots in Figure 5.8d indicate that reaction time and bromide ion 

have an interaction effect (presence of curvature), which is consistent with the results presented in 

Table 5.1.  
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Figure 5.8. Effects of simultaneous variability of factors on BDCM formation 

 

Figure 5.9 is an interaction plot for all factors that can be used to visually assess 

interaction effects between factors (SAS Inc., 2007). An interaction effect exists when the impact 

of one factor on the response depends on the level of another factor. Such an effect shows up in an 

interaction plot when the lines of perturbation in one factor with the other held constant are not 

parallel.  
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Figure 5.9. Interaction of reaction time and Br- concentration on BDCM formation 

 

From Figure 5.9, it can be seen that reaction time and bromide ion concentration have 

interaction effects. At higher bromide ion concentration, increasing reaction time increased 

BDCM formation (Figure 5.9). The parameter estimates for the final model are summarized in 

Table 5.3. The predictive model for BDCM formation can be represented as: 
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βββββββο     (5.1) 

 

where BDCM is the concentration of bromodichloromethane in water (µg/L), DOC is the 

dissolved organic carbon (mg/L), Cl2 is the administered chlorine dose (mg/L), T is the reaction 
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temperature (°C), t is the reaction time (hour), Br - is the concentration of bromide ion in water 

(µg/L), and  β  are the model parameters (regression coefficients).  

 

Table 5.3.  Parameter Estimates for BDCM formation model 

 Parameter Estimate Std Error t Ratio Prob>|t| 

Intercept βo -3.6 2.99 -1.20 0.2372 

DOC β1 -2.43 0.54 -4.53 <.0001 

Cl2 dose β2 3.47 0.3 11.66 <.0001 

pH β3 -1 0.26 -3.79 0.0006 

Temperature β4 0.58 0.1 5.62 <.0001 

Time β5 0.167 0.016 10.49 <.0001 

Br- β6 0.144 0.013 11.36 <.0001 

(Time-19.93)*(Br- -88.18) β7 0.0012 0.00051 2.36 0.0239 

 

The analysis of variance of the model and model lack of fit (LOF) test are shown in Table 

5.4. Tables 5.3 and 5.4 indicate that the model is statistically significant and the lack of fit is 

statistically insignificant. The coefficient of determination (R2) for the model was found to be 

0.97, which represents strong linear trend among the model predictions and experimental data. 

The lack of fit test decomposes the residual sum of squares into two parts – one associated strictly 

with noise in the data that is seen in the replicate runs (known as the “pure error”), and the other 

containing the effects of noise along with possible model mis-specification error (known as the 

“mean square lack of fit”). The pure error mean square provides a good estimate of the noise 

variance. If the mean square lack of fit is larger than the pure error variance in a statistical sense, 

this indicates a lack of fit. In Table 5.4, the lack of fit test shows that the mean square lack of fit is 

not significantly different from the pure error variance, providing additional evidence that the 

model provides an adequate fit to the data.  Additional statistical diagnostics, including the 

coefficient of determination and MSR/MSE ratio are available elsewhere (Montgomery, 1984; 

Montgomery and Runger, 2007).  
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Table 5.4.  Quantitative Diagnostics for Final Second-order Model for BDCM formation 

 

Source DF Sum of Squares Mean Square F Ratio R2 

Model 7 3458.9307 494.133 161.0003 

Error 36 110.4892 3.069 

C. Total 43 3569.4199  

Prob > F 

<.0001 

Lack Of Fit 33 104.51982 3.16727 1.5918 

Pure Error 3 5.96935 1.98978 

Total Error 36 110.48917  

Prob > F 

0.3981 

0.97 

 

The plot of observations versus model predictions in Figure 5.10 indicates a very good fit 

to the data, with modest variability but strong agreement in trend. The plot of residuals versus 

predictions shown in Figure 5.11 indicates no discernable trends, again suggesting that the model 

is providing an adequate fit to the data. The residuals were confirmed to be normally distributed, 

and additional plots of residuals versus factors indicated no discernable trends.  
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Figure 5.10. Model trend plot for BDCM formation model 
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Figure 5.11. Residuals vs. predicted plot for BDCM formation model 

 

The experimental data and model predictions are shown in increasing order of THMs 

concentrations in Figure 5.12 in order to verify the model performance throughout the range of 

THMs concentrations. The predictions of the model are consistent with the experimental data 

throughout the full range of THMs concentrations (Figure 5.12), which indicates negligible 

systematic under/over predictions. On the basis of the graphical and quantitative diagnostics, the 

final model was confirmed to provide an adequate fit to the data. 
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Figure 5.12. Laboratory experimental data and predicted data of BDCM formation 

 

5.5.3. Model Validation 

The model was validated by using the data from 17 water supply systems across 

Newfoundland, Canada. The Department of Environment (DOE) collected these data throughout 
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2004 to 2007 (DOE, 2007). Newfoundland is located in the Eastern part of Canada and surrounded 

by the Atlantic Ocean. Most part of Newfoundland is situated in the coastal region. Approximately 

75 percentage of population in Newfoundland are served with more than 500 water supply 

systems throughout the province (DOE, 2007). More than 90 percent of the water supply systems 

in the province use chlorine as the primary disinfectant. Many of these water supply systems have 

reported bromide ions in their source waters (DOE, 2007). The presence of bromide ions in the 

source waters ranges between 7.6 to 550 ppb. The variability of bromide ions can be attributed to 

the inorganic compounds, bio-geochemical processes and environmental conditions. The wide 

ranges of bromide ions as well as other water quality and operational parameters produce variable 

concentrations of BDCM in drinking waters. The Department of Environment (DOE) in 

Newfoundland has also reported variable concentrations of BDCM (0-176 ppb) across the 

province (DOE, 2007). Application of the developed model to these water supply systems for 

validation will assist in understanding the model’s performance under such a wide range of 

bromide ions. The summary of the values for the model parameters of the selected 17 water supply 

systems are shown in Table 5.5.  

Table 5.5.  Parameter values for the model validation study 

Parameter Minimum Most Likely Maximum 

DOC (mg/L) 1.3 3.7 8 

Cl2 dose (mg/L) 2.4 5.1 8.9 

pH 5.4 7.1 8.5 

Temperature (°C) 5.9 15.1 25.7 

Time (Hour) 10.7 16.1 22.4 

Br- (μg/L) 7.6 100.2 550 

 

The model predictions and the measured values of BDCM concentrations are shown in 

Figure 5.13. The correlation coefficient (r) for the predicted and measured values of BDCM was 
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found to be 0.93. Almost all of the data points were found to be fairly consistent with the line of 

equal concentration in the graph (Figure 5.13).  
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Figure 5.13. Model predictions and measured concentrations of BDCM in 17 water supply 

systems in Newfoundland 

The data orders and respective measured and predicted concentrations of BDCM are 

plotted in Figure 5.14. From Figure 5.14, it can be seen that the model predictions follow the 

similar trend to the measured data for the whole range of concentrations.  
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Figure 5.14. Model predictions and measured BDCM concentrations (Data order) 
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To check the possible systematic under or over predictions, the model predictions were 

plotted in the increasing order of the modeled data in Figure 5.15. The model predictions were 

found to be fairly consistent to the measured data (Figure 5.15). As such, no systematic under or 

over predictions was associated with this model. 
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Figure 5.15. Model predictions and increasing order of modeled BDCM concentrations 

 

5.6. Summary and Conclusions 
 

Chlorinated waters produce known and unknown disinfection byproducts, some of which 

are often characterized as human health concerns. Recent epidemiological studies on specific 

THMs show stronger association of BDCM with still births, low birth weights and neural tube 

defects, which prompted the Health Canada to limit BDCM at 16 ppb in drinking water. This 

study has presented the results of a bench-scale investigation using synthetic waters to determine 

the effects of chlorine dose, humic substances (DOC), pH, temperature, reaction time and bromide 

ion concentrations on THMs species formation, from which a model to predict BDCM formation 

in the chlorinated supply waters was developed.  
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The formation of THMs in the presence of bromide ions is complex. HOCl mostly reacts 

with the hydrophobic fractions of NOM while HOBr reacts with the hydrophilic fractions of 

NOM. Consequently, in waters without bromide ions, a fraction of hydrophilic NOM may be left 

unreacted. Conversely, in the presence of bromide ions, hydrophilic NOM produces brominated 

THMs. The hydrophilic NOM have lower molecular weights, which makes their removal through 

coagulations less effective. As such, hydrophilic NOM tends to remain in finished waters; thus, 

there exists increased possibility of higher BDCM formation in drinking water. In this study, the 

formation of THMs was increased with increases in bromide ions, possibly due to reactions of 

HOBr with the hydrophilic fractions of NOM and shifting of chlorinated THMs into the 

brominated THMs. CHCl3 was observed to decrease and BDCM and DBCM were observed to 

increase with increasing bromide ion concentrations. As the bromide ion to chlorine ratio 

increased, chlorinated THMs gradually shifted to brominated THMs. The effects of pH on the 

formation of CHCl3, BDCM and DBCM were variable. CHCl3 formation increased with pH while 

BDCM and DBCM formation decreased. CHCl3 formation can be reduced by lowering pH, which 

is the total THMs for waters having insignificant bromide ion concentration. However, lowering 

the pH for waters with significant bromide ion concentrations needs to be carefully monitored as 

this action could lead to an increase in BDCM formation. Thus, the possibility of regulatory non-

compliance of BDCM concentration increases. The kinetics and mechanisms for reduction of 

brominated THMs at increased pH are not well documented in the literature and should be the 

focus of future research.  

The control of THMs and BDCM in drinking water is important from a regulatory 

perspective. Despite the availability of a number of models for predicting total THMs formation, 

models which predict BDCM are limited in the existing literature. Moreover, THMs formation 

models for source waters, which do not have significant bromide ion concentrations, may not be 

efficiently applicable to waters having significant bromide ion concentrations. In this study, 

following the characterization of the effects of different factors, a model for predicting BDCM 
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formation was developed. The model adequacy was tested statistically using numerical and 

graphical diagnostics including residual plots and the determination of a corresponding coefficient 

of determination, for which R2 value of 0.97 was obtained. The model was found to be statistically 

significant and the lack of fit was insignificant. The residuals plot demonstrated no visible trend. 

The predicted and experimental BDCM graph showed no systematic deviation, indicating that the 

model served well throughout the entire range of experiment conditions. This model was then 

validated using external data from 17 water supply systems in Newfoundland, Canada. The 

correlation coefficient for the measured and predicted values was found to be 0.93. The model 

performance was found to be excellent under a wide range of bromide ions and BDCM 

concentrations and no systematic under or over prediction was noticed throughout the whole range 

of BDCM concentrations. This model could be used in predicting BDCM formation, performing 

complex risk-cost tradeoff studies and maintaining regulatory compliance. 

 

5.7. Acknowledgement 

 

Financial support from Natural Sciences and Engineering Research Council of Canada 

(NSERC) in the form of Canada Graduate Scholarship (CGS) and Queen’s University in the form 

of a Queen’s Graduate Award (QGA) is gratefully acknowledged. 

 

 

 

 

 

 

 

 

 

 



 167

5.8. References 

 

APHA (American Public Health Association), AWWA (American Water Works Association), and 
WEF (Water Environment Federation) (1995) Standard methods for the examination of water and 
wastewater, 19th edition, Washington DC, USA 
 
Amy, G.L, Chadik, P.A. and Chowdhury, Z.K. (1987) Developing models for predicting 
trihalomethane formation potential kinetics. J. Am. Water Works Assoc. 79(7), 89-96.  
 
CAEAL (Canadian Association For Environmental Analytical Laboratories) (2007) 
http://69.20.236.164/welcome2.lasso?s=city&-session=caeal:820F70B7169bf1FC36jlSl2402ED 
 
Chowdhury, S. and Husain, T. (2006) Evaluation of drinking water treatment technology: An 
entropy-based fuzzy application. Journal of Environmental Engineering 132(10), 1264-1271. 
 
Chowdhury, S., Champagne, P. and Husain, T. (2007) Fuzzy approach for selection of drinking 
water disinfectants. Journal of Water Supply: Research and Technology (Aqua) 56(2), 75-93 
 
Chowdhury, S., Champagne, P. and McLellan, J. (2008a) Factors influencing formation of 
trihalomethanes in drinking water: Results from a multivariate statistical investigation of the 
Ontario Drinking Water Surveillance Program database. Water Qual. Res. J. of Canada (Accepted 
on July 09, 2008) 
 
Chowdhury, S., Champagne, P. and McLellan, J. (2008b) Models for predicting disinfection 
byproducts (DBPs) formation in drinking waters: A chronological review. Sci. of the Total 
Environment (Under Review: Submitted for publication in Oct. 2008) 
 
Clark, R.M., Adams, J.Q. and Lykins, B.W. Jr. (1994) DBP control in drinking water: cost and 
performance. Journal of Environmental Engineering 120(4), 759-781. 
 
Clark, R.M., Adams, J.Q., Sethi, V. and Sivaganesan, M. (1998) Control of microbial 
contaminants and disinfect ion by-products for drinking water in the US: cost and performance. J 
Water SRT-Aqua 47(6), 255-265. 
 
Clark, R.M., Thurnau, R.C., Sivaganesan, M. and Ringhand, P. (2001) Predicting the formation of 
chlorinated and brominated by-products. Journal of Environmental Engineering 127(6), 493-501. 
 
Dodds, L. and King, W.D. 2001. Relation between trihalomethane compounds and birth defects 
Occup Environ Med 58:443-446 
 
Dodds, L., King, W., Allen, A.C, Armson, B.A., Fell, D.B and Nimrod, C. (2004) 
Trihalomethanes in Public Water Supplies and Risk of Stillbirth. Epidemiology 15, 179-186. 
 
DOE (Department of Environment). Personal communication with Department of Environment: 
Municipal Water Supply, St. John’s, Newfoundland, Canada. This communication was made 
during October 2007. Partial information is also available at   
(http://www.env.gov.nl.ca/env/SourceToTap/THMReport/THMReport.asp) 

 

http://69.20.236.164/welcome2.lasso?s=city&-session=caeal:820F70B7169bf1FC36jlSl2402ED
http://www.env.gov.nl.ca/env/SourceToTap/THMReport/THMReport.asp


 168

Elshorbagy, W.E., Abu-Qdais, H. and Elsheamy, M.K. (2000) Simulation of THMs species in 
water distribution systems. Water Research 34(13), 3431-3439 
 
Gang, D.D., Segar, R. L. Jr., Clevenger, T. E. and Banerji, S.K. (2002) Using chlorine demand to 
predict THM and HAA9 formation. J. Am. Water Works Assoc. 94(10), 76-86 
 
Golfinopoulos, S.K., Xilourgidis, N.K., Kostopoulou, M.N. and Lekkas, T.D. (1998) Use of a 
multiple regression for predicting trihalomethane formation. Water research 32(9), 2821-2829.  
 
Health Canada (2007) Guidelines for Canadian Drinking Water Quality. Prepared by the Federal-
Provincial-Territorial Committee on Health and the Environment: March 
 
Hellur-Grossman, L., Manka, J., Lamoni-Relis, B. and Rebhun, M. (2001), THM, haloacetic acids 
and other organic DBPs formation in disinfect ion of bromide rich Sea of Galilee (Lake Kinneret) 
water. Water Science and Technology: Water Supply 1(2), 259-266 
 
IRIS (2006) The Integrated Risk Information System online database; Website: 
http://www.epa.gov/iris/subst/index.html; US Environmental Protection Agency, Washington 
D.C. 
 
King, W.D. and Marrett, L.D. (1996) Case-control study of bladder cancer and chlorination by 
products in treated water (Ontario, Canada). Cancer Causes and Controls 7, 596-604. 
 
King, W.D. Dodds, L. and Allen, A.C. (2000) Relation between stillbirths and specific chlorinated 
byproducts in public water supplies. Environmental Health Perspectives 108(9), 883-886 
 
Lekkas, T.D. and Nikolaou, A.D. (2004) Development of predictive models for the formation of 
trihalomethanes and haloacetic acids during chlorination of bromide ion rich water. Water Qual. 
Res. J. Canada 39(2), 149-159. 
 
Liang, L. and Singer, P.C. (2003) Factors influencing the formation and relative distribution of 
haloacetic acids and trihalomethanes in drinking waters. Environmental Science and Technology 
37, 2920-2928 
 
Mills, C.J., Bull, R.J., Cantor, K.P., Reif, J., Hrudey, S.E., Huston, P. and an Expert Working 
Group (1998) Health Risks of Drinking Water Chlorination By-products. Chronic Dis. in Canada 
19(3), 91-102. 
 
Minear, R. and Morrow, C. (1983) Raw water bromide: levels and relationship to distribution of 
trihalomethanes in finished drinking water. Research Report No. 91, Water Resources Research 
Center, University of Tennessee. 
 
Minitab Inc. (2004) Minitab Statistical Software. http://www.minitab.com 
 
MOE (Ministry of Environment, Ontario, Canada). (2006) Drinking Water Surveillance Program 
(DWSP) monitoring data for 2000-2004 on 179 municipal water supply systems (MWSS) in 
Ontario. (Personal communication with Dave Fellowes, MOE, Ontario, Canada and website 
http://www.ene.gov.on.ca/envision/water/dwsp/0002/index.htm) 
 
Montgomery, D.C. (1984) Design and analysis of experiments, 2nd edition, John Wiley and Sons 
Inc., NY, USA 

http://www.epa.gov/iris/subst/index.html
http://www.minitab.com/


 169

 
MWH (Montgomery Watson Harza). (2005) Water Treatment: Principles and Design, John Wiley 
& Sons, NJ, USA 
 
Nokes, C.J., Fenton, E. and Randall, C.J. (1999) Modeling the formation of brominated 
trihalomethanes in chlorinated drinking waters. Water Research 33(17), 3557-3568 
 
Reiff, F.M. (1995) Balancing the chemical and microbial risks in the disinfection of drinking 
water supplies in developing countries. In: Assessing and Managing Health Risks from Drinking 
Water Contamination: Approaches and Applications. IAHS Pub. No. 233.  
 
Richardson, S.D. (2005) New disinfection by-product issues: emerging DBPs and alternative 
routes of exposure. Global Nest Journal 7 (1), 43-60. 
 
Richardson, S.D., Simmons, J.E. and Rice, G. (2002) Disinfection byproducts: the next 
generation, Environ. Sci. Technol. 36 (9), 198A-205A. 
 
Rodrigues, M.S.M., Silva, J.C.G. and Antunes, M.C.G. (2007) Factorial analysis of the 
trihalomethane formation in water disinfection using chlorine. Analytica Chemica Acta 595, 266-
274 
 
Rodriguez, M, Milot, J. and Serodes, J.B. (2003) Predicting trihalomethane formation in 
chlorinated waters using multivariate regression and neural network. Journal of Water Supply: 
Research and Technology (Aqua) 52(3), 199-215 
 
SAS Inc. (2007) Statistical discovery software. SAS Institute Inc. (http://www.jmp.com/), NC, 
USA 
 
Serodes, J.B., Rodriguez,  M.J., Li, H. and Bouchard, C. (2003) Occurrence of THMs and HAAs 
in experimental chlorinated waters of the Quebec City area (Canada). Chemosphere 51, 253–263. 
 
Sohn, J., Amy, G., Cho, J. and Yoon, Y. (2006) Bromide ion incorporation into brominated 
disinfection by-products. Water, Air, and Soil Pollution 174, 265–277 
 
Stevens, A.A., Slocum, C.J., Seeger, D.R. and Robeck, C.B. (1976) Measurement of THM and 
precursor concentration changes. J. Am. Water Works Assoc. 68, 546-554  
 
USEPA (2006) National Primary Drinking Water Regulations: Stage 2 Disinfectants and 
Disinfection By products Rule: Final Rule.  Federal Register 71(2), January 4.  
 
Uyak, V and Toroz, I. (2007) Investigation of bromide ion effects on disinfection by-products 
formation and speciation in an Istanbul water supply. Journal of Hazardous Materials 149, 445–
451 
 
Villanueva, C.M., Cantor, K.P., Cordier, S., Jaakkola, J.J.K., King, W.D., Lynch, C.F., Porru, S. 
and Kogevinas, M. (2004) Disinfection Byproducts and Bladder Cancer: a Pooled Analysis. 
Epidemiology 15 (3), 357-367. 
 
Waller, K., Swan, S.H., DeLorenze, G. and Hopkins, B. (1998) Trihalomethanes in drinking water 
and spontaneous abortion. Epidemiology 9 (2), 134-140. 
 



 170

Westerhoff, P., Debroux, J., Amy, G.L. Gatel, D., Mary, V. and Cavard, J. (2000) Applying DBP 
models to full-scale plants. J. Am. Water Works Assoc. 92(3), 89-102 
 
Wigle, D.T. (1998) Safe Drinking Water: A Public Health Challenge. Chronic Dis. in Canada 
19(3), 103-107.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 171

 

Chapter 6.0 

 

Modeling Trihalomethanes Formation in Drinking Water 

 

 
6.1. Chapter Introduction 

 
The formation of trihalomethanes (THMs) in drinking water is a concern as the 

compounds in THMs are possible and probable human carcinogens. During chlorination of 

drinking water during treatment and in the water distribution systems, the reactions between 

natural organic matter (NOM) and chlorine produce THMs. Exposure to THMs can occur  through 

ingestion of drinking water, inhalation as well as dermal contacts during regular indoor activities, 

such as, showering, bathing and cooking. Chronic exposures to THMs can pose threats to human 

health. In Canada, the total THMs allowable in water supplies is regulated to 100 parts per billion 

(ppb). This chapter describes development of a model for predicting THMs formation in drinking 

water based on controlled laboratory investigations using synthetic water samples. Fractional 

factorial design with replications and center points was followed in this study. This model was 

validated by using external dataset and applying to Smiths Falls water supply system. 
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6.2. Abstract 

 

Disinfection for drinking water reduces pathogenic infection but may pose risks to human 

health through formation of disinfection byproducts. The effects of different factors on 

trihalomethanes formation were investigated using a statistically-designed experimental program, 

and a predictive model for trihalomethanes formation was developed. Synthetic water samples 

with different factor levels were produced and trihalomethanes concentrations were measured. A 

replicated fractional factorial design with center points was performed, and significant factors 

were identified through statistical analysis. A second-order trihalomethanes formation model was 

developed from 92 experiments and the statistical adequacy was assessed through appropriate 

diagnostics. This model was validated using additional data from Drinking Water Surveillance 

Program database and Smiths Falls water supply system in Ontario. The model predictions were 

strongly correlated to the measured trihalomethanes with correlations of 0.95 and 0.91 

respectively. The resulting model can assist in analyzing risk-cost tradeoffs in the design and 

operation of water supply systems. 

 

Keywords: Trihalomethanes formation model, design of experiments, fractional factorial design. 
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6.3. Introduction 

 

Chlorine is the widely used disinfectant in the municipal water supply systems in Canada 

and USA, possibly due to its excellent disinfection performance and low cost (Health Canada, 

2006; Clark et al., 1994, 1998; Reiff, 1995; USEPA, 2006; Chowdhury and Husain, 2006; 

Chowdhury et al., 2007). The natural organic matter (NOM) in water reacts with chlorine during 

the disinfection process, which forms disinfection byproducts (DBPs). The DBPs have several 

groups, such as trihalomethanes (THMs), haloacetic acids (HAAs), haloacetonitriles (HANs), 

haloketones (HKs) and other known and unknown compounds, some of which are possible human 

carcinogen and have chronic as well as sub-chronic effects to human health (King et al., 2000a,b; 

Mills et al., 1998; Health Canada, 1996; IPCS, 2000). Recent studies show that approximately 14-

16% of bladder cancers in Ontario (Canada), corresponding to 230 to 260 bladder cancer incidents 

per year, may be due to high concentrations of DBPs in drinking water (King and Marrett, 1996). 

Additional medical expenses associated with the bladder and/or colorectal cancer incidents from 

exposure to THMs in drinking waters can be very high (Chowdhury, 2008). In addition, increased 

risks of adverse reproductive and developmental effects including increased spontaneous abortion 

rates, stillbirths, cardiac anomalies, pre-term deliveries, low birth weights and fetal anomalies are 

also attributable to DBPs (Mills et al., 1998; Waller et al., 1998; King et al., 2000a,b; Richardson 

et al., 2002; Villanueva et al., 2004; Dodds et al., 2004). In recent years, concern has also arisen 

over the formation of bromodichloromethane (BDCM) in drinking waters. King et al., (2000a) 

reported that the association of BDCM with stillbirths is much stronger than the other THMs 

compounds. Dodds and King (2001) reported increased risk of neural tube defects from BDCM at 

exposure concentrations of 20 µg/l or higher. The presence of bromide ion increases brominated 

THMs through reactions with hydrophilic fractions of NOM and shifting chlorinated THMs to 

mixed brominated THMs (Liang and Singer, 2003). The conversion of bromide ions into mixed 

brominated THMs also depends on pH and temperature of water (Sohn et al., 2006). The presence 
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of bromide ions in water, fractions of hydrophilic NOM, and variation in pH as well as 

temperature impose complexity in assessing brominated THMs formation.  

Approximately 24 million people in Canada are exposed to THMs and other DBPs from 

municipal supply waters through drinking water ingestion, inhalation and dermal contacts during 

regular indoor activities, such as showering, bathing, and cooking (Xu et al., 2002; Xu and Weisel, 

2005). It is important to assess the formation of THMs as accurately as possible to protect human 

health. Formation of THMs varies spatially and temporally within water treatment plants and 

distribution systems. The variability may be attributed to the source water quality, variation in the 

pretreatments, local environmental conditions and dynamic nature of DBPs formation in the 

treatment plants and distribution systems. In order to better understand THMs formation in 

drinking waters, numerous studies have developed THMs predictive models since their discovery 

in 1974 (Sadiq and Rodriguez, 2004). These predictive models have established empirical and 

mechanistic relationships between water quality and operating parameters and the observed 

concentrations of THMs. These models were based on historical data and field and laboratory-

scale studies. The studies for model developments and characterizing the effects of different 

factors often performed controlled investigations on water from rivers, lakes, water treatment 

plants and synthetic water generated in the laboratory (Amy et al., 1987; Summers et al., 1996; 

Clark and Sivaganesan, 1998, 2002; Golfinopoulos and Arhonditsis, 2002; Lekkas and Nikolaou, 

2004; Sohn et al. 2004; Serodes et al., 2003; Stevens et al., 1976; White et al., 2003; Chang et al., 

1996; Singer et al., 1995; Liang and Singer, 2003; Hellur-Grossman et al., 2001).  

A limited number of laboratory-scale studies have used statistically-designed experiments, 

and more specifically factorial analysis, to develop empirical and mechanistic models for 

predicting THMs formation (Clark et al., 2001, 2002; Rodrigues et al., 2007). Rodrigues et al. 

(2007) used fractional factorial experimental designs to investigate THMs formation using NOM 

as one of the factors. While previously reported investigations (Stevens et al., 1976; Engerholm 

and Amy, 1983; Chowdhury et al., 2007) have identified pH and reaction time as significant for 
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THMs formation, pH and reaction time were not found to be statistically significant in the 

Rodrigues et al. study. The experimental design used by Rodrigues et al. (2007) did not include 

replicates, which could be employed to provide a better estimate of the noise variance for use in 

assessing statistical significance, and this might have an impact on their conclusions. Clark et al. 

(2001) and Clark and Sivaganesan (2002) developed kinetic models for THMs formation and 

residual chlorine decay using synthetic water, in which samples having different characteristics 

were prepared and monitored for THMs formation. The authors performed full three-level 

factorial designs for three factors (pH, reaction time and bromide ion concentration) keeping total 

organic carbon (TOC) and temperature constant - the effects of TOC and temperature were not 

characterized in their study. As a result, possible interaction effects between the factors 

investigated (pH, reaction time and bromide ion concentrations) and TOC and temperature were 

not determined in this study.  

Other empirical and mechanistic models for THMs formation have been reported in many 

previous studies. Sohn et al. (2004) proposed and evaluated a series of empirical models for 

THMs formation using 12 raw and a subset of 8 coagulated water sources. Rodriguez et al. (2003) 

predicted THMs formation using multivariate regression models and neural networks for two 

databases, which were developed from raw waters in nine utilities during 1982-1984 and 14 

locations of the Mississippi river and its tributaries during 1991-1992. Golfinopoulos and 

Arhonditsis (2002) assessed THMs formation using kinetic relationships from two water treatment 

plants in Athens. This model was based on generalized reactions of total halogen with organic 

precursors. Gang et al. (2002) used eight Missouri surface waters (raw and alum treated), keeping 

pH constant, to develop a THMs formation model. Engerholm and Amy (1983) used synthetic 

water to develop a chloroform formation model by analyzing the effects of TOC, chlorine dose, 

reaction time and temperature, while Amy et al. (1987) developed regression models using nine 

raw source waters. Rathbun (1996) presented an empirical model for THMs formation based on 

pH, chlorine dose, UV254 and reaction time using Mississippi and Missouri river waters.  
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In this paper, the effects of five factors on THMs formation are investigated using an 

experimental program based on replicated fractional factorial experimental designs. The five 

factors studied are dissolved organic carbon (DOC), chlorine dose, pH, temperature and reaction 

time. All factors are found to have statistically significant effects on THMs formation. The 

interaction effects of chlorine dose and temperature also have statistically significant effect on 

THMs formation. A second-order predictive model for THMs formation is estimated and validated 

through appropriate numerical and graphical diagnostics, and by validation on new datasets (data 

from the Ontario Drinking Water Surveillance Program (DWSP), and the Smiths Falls water 

supply system in Ontario, Canada). The second-order model contains main effect terms from the 

five factors, and two-factor interaction for chlorine dose and temperature. 

 

6.4. Methodology 
 

Synthetic water samples of different dissolved organic carbon (DOC) concentrations were 

generated using commercial humic acid (Sigma Aldrich Humic Acid). A concentrated stock 

solution was prepared by dissolving humic acid (HA) in 0.1N sodium hydroxide solution. The 

stock solution was mixed with deionized water to simulate natural water with various 

concentrations of HA. In this way, different DOC levels were produced and measured in the 

Analytical Services Unit (ASU) at Queen’s University, which is a Canadian Association for 

Environmental Analytical Laboratories-accredited analytical service provider (CAEAL, 2007). 

The measurements of DOC were performed using a Shimadzu TOC 5000A analyzer following 

standard method 5310B (APHA, 1995). The samples were filtered using 0.45 μm membrane 

filters prior to injection to determine DOC. A strong linear relationship between HA and DOC was 

found (R2 > 0.99), and was used to guide the adjustment of HA levels to produce the desired DOC 

levels. A chlorine stock solution of 5mg Cl2 /mL was prepared using 5% aqueous sodium 
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hypochlorite solution following standard method 5710 B (APHA, 1995). The stock solutions were 

stored in refrigerator at 2 ± 0.1°C and discarded after 7 days. 

The initial experimental investigation was a fully replicated 25-1 with resolution V (e.g., 

determines all main factors and two-factor interaction effects) fractional factorial design with 5 

centre points having a total of 42 runs. The design was augmented with an additional 50 runs 

designed to elucidate the impact of adjusting chlorine dose relative to chlorine breakpoint (BP). 

The extra runs were added in a factorial arrangement, with additional levels of chlorine doses (BP; 

BP–10%; and BP-20%) for each level of DOC, and were replicated. The approach used to 

determine chlorine dose is described in more detail below. The ranges of the factors used in the 

experiments are shown in Table 6.1, and were obtained by reviewing the ranges over which 

drinking water characteristics vary in the Ontario Drinking Water Surveillance Program (DWSP) 

dataset measured for 179 municipal water supply systems (MWSS) from 2000 to 2004 

(Chowdhury et al., 2008). 

 

Table 6.1. Ranges of factors used in the experimental design 

Factor Low level High level 
Chlorine dose (mg/L) 0.8 10.3 
DOC (mg/L) 1.5 9.0 
pH 6.0 8.5 
Temperature (°C) 4 25 
Reaction time (h) 8 48 

 
The chlorine doses were determined based on DOC. For each DOC level, a chlorine dose-

chlorine residual curve was established to determine breakpoint chlorine. The measurements of 

total and free residual chlorines were performed following standard methods 4500-Cl F (APHA, 

1995). Free residual chlorine was maintained following guidelines to simulate the water 

distribution systems (USEPA, 2006; MOE, 2006). The free residual chlorine protects the water 

throughout the distribution systems. The pH of the samples was adjusted by adding 2N HCl or 2N 
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NaOH solutions. Temperature was controlled using a temperature adjustable water bath and the 

reaction time was controlled using a timer.  

For each experiment, 1L of water sample was prepared by adding the required amount of 

stock HA solution to deionized water in a beaker. The appropriate amount of chlorine stock 

solution was then added and mixing was performed mechanically by a magnetic stirrer. 

Immediately after mixing, 100mL of sample was taken in an amber glass bottle and sealed without 

any headspace using polyseal lined solid caps. The chlorination reactions were then performed in 

the water bath at controlled temperature for designated period. The reactions were suspended by 

adding 10mg ammonium chloride to prevent further formation of THMs. The samples were then 

stored in a temperature adjustable refrigerator at 2 ± 0.1°C and analyzed within two weeks of the 

experiment being conducted. Before analyzing, the samples were taken out from the refrigerator 

and allowed to reach room temperature. The THMs measurements were performed at the ASU 

following the ASU-0 method, which is a selective ion monitoring (SIM) method. This method 

measures chloroform, bromodichloromethane, dibromochloromethane and bromoform in a liquid 

matrix (CAEAL, 2007). The extracted sample aliquot was run through gas chromatography with 

mass spectrometry (GC/MS). In this method, 35 mL samples were placed in a tube containing 

8gm of sodium chloride. Fluorobenzene was used as an internal standard (IS) to check the 

efficiency of extraction. Two mL of methyl-tert butyl ether (MTBE) was added as the extraction 

solvent to the sample. The extracts were placed directly into the GC vials and run by GC/MS 

using a VOCOL column. An auto sampler was used to ensure precise injections into the GC/MS. 

The GC/MS was calibrated using the calibration standards of THMs concentrations prior to 

analysis. Calibration standards and quality control standards were used for each run to obtain the 

best results. The MTBE and blanks were run before and after each set of run. In addition to the 

replicated experiments, laboratory duplicates were analyzed for 15% of the total samples to 

confirm the efficiency of the GC/MS. The detection limit for this method was 2 ppb (parts per 

billion), which was set on 95% probability of detection. The pH was measured with a Model 3000 
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VWR Scientific pH meter, which meter was calibrated daily before use by standard buffer 

solutions at three levels (pH = 4, 7, 10) covering the experimental range.  

 
6.5. Results 

 

6.5.1. Model Development  
 

The earliest models for predicting THMs and chloroform formation in drinking water 

were reported in 1983 (Minear and Morrow, 1983; Engerholm and Amy, 1983). Minear and 

Morrow (1983) performed controlled laboratory investigations at constant reaction time (96 hours) 

using raw water from Holston River (Knoxville, Tennessee), while Engerholm and Amy (1983) 

used synthetic water using commercial humic acid to develop chloroform formation model. Since 

then, numerous THMs predictive models using raw waters, pretreated waters and synthetic waters 

have been presented in the literature. However, factorial analyses through simultaneous variation 

of five factors, such as NOM (characterized by TOC, DOC, UV254 or SUVA), pH, temperature, 

reaction time and chlorine dose, are rare in the literature.  

A full first-order plus interaction terms model for THMs formation in the five factors 

(DOC, chlorine dose, pH, temperature and reaction time) was estimated using ordinary least 

squares regression applied to the data from the designed experiments. The calculations were 

conducted using the JMPTM statistical package (SAS Inc., 2007). The significant factors for the 

THMs formation model were determined through graphical and quantitative diagnostics. The 

results for the regression analysis are summarized in Table 6.2, which presents the estimated 

parameter values, their standard errors, and summarizes the hypothesis test results for significance 

of each parameter. From Table 6.2, it can be seen that DOC, chlorine dose, pH, temperature, 

reaction time and the interaction between chlorine dose and temperature are statistically 

significant at the 5% significance (95% confidence) level. The statistical significance of the 

parameters can also be assessed graphically using a half-Normal probability plot shown in Figure 
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6.1. From Figure 6.1, the largest effects are seen to be associated with DOC and chlorine dose, 

which is consistent with previous studies (Chowdhury et al., 2008; Rodrigues et al., 2007). The 

other factors have comparatively less but still statistically significant effects on THMs formation 

(Figure 6.1, Table 6.2).  

Table 6.2.  Screening effects of the factors for THMs formation 

Factor Estimate Std Error t Ratio Prob>|t| Comments 
DOC 8.2765113 0.660098 12.54 <.0001 Significant 
Cl2dose 13.5204 0.778209 17.37 <.0001 Significant 
pH 3.1344643 1.128998 2.78 0.0063 Significant 
Temp 0.8275548 0.145827 5.67 <.0001 Significant 
Time 0.4979956 0.069532 7.16 <.0001 Significant 
(DOC-4.98)*(Cl2dose-4.47) 0.1338685 0.18607 0.72 0.4731  
(DOC-4.98)*(pH-7.21) 0.7191256 0.585068 1.23 0.2212  
(DOC-4.98)*(Temp-15.03) -0.035973 0.071869 -0.50 0.6175  
(DOC-4.98)*(Time-25.94) 0.0290981 0.034955 0.83 0.4067  
(Cl2dose-4.47)*(pH-7.21) -0.384541 0.729288 -0.53 0.5989  
(Cl2dose-4.47)*(Temp-15.03) 0.1844682 0.087763 2.10 0.0375 Significant 
(Cl2dose-4.47)*(Time-25.94) -0.020419 0.042293 -0.48 0.6300  
(pH-7.21)*(Temp-15.03) 0.0924586 0.116099 0.80 0.4272  
(pH-7.21)*(Time-25.94) -0.042656 0.057219 -0.75 0.4573  
(Temp-15.03)*(Time-25.94) -0.014185 0.007341 -1.21 0.2206  

 

 
Figure 6.1. Half-Normal plot for the significant factors of THMs formation 

 

The contour plots in Figure 6.2 show the effects of simultaneous variability of chlorine 

dose, DOC, temperature, reaction time and pH on THMs formation. For example, by adjusting 

chlorine dose and DOC simultaneously, the same concentration of THMs is obtained (Figure 
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6.2a). By varying the other factors simultaneously, such as, chlorine dose-temperature (Figure 2b), 

DOC and reaction time (6.2c) and chlorine dose-reaction time (Figure 6.2e), similar results can be 

found. As such, factorial analysis by varying all factors through experimental design is more 

meaningful in modeling THMs formation, which is comparatively new approach for modeling 

THMs formation in drinking waters (Rodrigues et al., 2007; Clark et al., 2001). Curvature in the 

contour indicates the presence of two-factor interactions. Contour plots in Figure 6.2b indicate that 

chlorine dose and temperature have an interaction effect (presence of curvature), which is 

consistent to the Table 6.2. Figure 6.3 is an interaction plot for all factors that can be used to 

visually assess interaction effects between factors. An interaction effect exists when the impact of 

one factor on the response depends on the level of another factor. 
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Figure 6.2. Effects of simultaneous variability of factors on THMs formation 
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Figure 6.3. Interaction plot for the factors 

 
Such an effect shows up in an interaction plot when the lines of perturbation in one factor 

with the other held constant are not parallel. From Figure 6.3, it can be seen that chlorine dose and 

temperature have interaction effects. At higher chlorine dose, increase in temperature increases 

THMs formation (Figure 6.3). Additional statistical diagnostics, including the coefficient of 

determination and MSR/MSE ratio are available elsewhere (Montgomery, 1984; Montgomery and 

Runger, 2007). The parameter estimates for the final model are summarized in Table 6.3. The 

predictive model for THMs formation can be shown as: 

 

( )( )03.1547.426
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β
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where, THMs = trihalomethanes in water (µg/L); DOC = dissolved organic carbon (mg/L); Cl2 =  

chlorine dose (mg/L) ; T = reaction temperature (°C); t = reaction time (h); and β = model 

parameters (regression coefficients).  

 

Table 6.3.  Coefficient of THMs formation model 

 Parameter Estimate Std Error t Ratio Prob>|t|

Intercept βo -51.408 8.692 -5.91 <.0001 
DOC β1 8.449 0.650 12.99 <.0001 
Cl2dose (Cl2) β2 13.529 0.753 17.97 <.0001 
pH β3 2.997 1.110 2.70 0.0078 
Temp (T) β4 0.803 0.144 5.58 <.0001 
Time (t) β5 0.504 0.069 7.35 <.0001 
(Cl2dose-4.47)*(Temp-15.03) β6 0.141 0.053 2.69 0.0081 

 
The analysis of variance of the models and model lack of fit (LOF) tests are shown in Table 6.4. 

Tables 6.3 and 6.4 indicate that the model is statistically significant and the lack of fits is 

insignificant. The coefficient of determination (R2) for the model was found to be 0.94, which 

represents strong linear trend among the model predictions and experimental data. The lack of fit 

tests decomposes the residual sum of squares into two parts – one associated strictly with noise in 

the data that is seen in the replicate runs (known as the “pure error”), and the other containing the 

effects of noise along with possible model mis-specification error (known as the “mean square 

lack of fit”). The pure error mean square provides a good estimate of the noise variance. If the 

mean square lack of fit is larger than the pure error variance in a statistical sense, this indicates 

lack of fit.  
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Table 6.4 Analysis of variance for models 

Source DF Sum of Squares Mean Square F Ratio R2 

Model 6 375376.4 62562.7 255.7 

Error 85 20800.9 244.7 

C. Total 91 484183.28  

Prob > F 

<.0001 

Lack Of Fit 38 10372.2 272.9 1.23 

Pure Error 47 10428.7 221.9 

Total Error 85 30842.616  

Prob > F 

0.2498 

0.94 

 

In Table 6.4, the lack of fit test shows that the mean square lack of fit is not significantly different 

from the pure error variance, providing additional evidence that the model provides an adequate fit 

to the data.   
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Figure 6.4. Model trend plots for THMs formation 

 

The plot of observations versus model predictions in Figure 6.4 indicates a very good fit to the 

data, with modest variability but strong agreement in trend.  
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Figure 6.5. Laboratory experimental and predicted data of THMs formation model 

 

 
Figure 6.6. Residuals vs. predicted plots 

 

The experimental data and model predictions are shown in increasing order of THMs 

concentrations in Figure 6.5 in order to check the model performance throughout the range of 

THMs concentrations. The predictions of the model are consistent with the experimental data 

throughout the full range of THMs concentrations (Figure 6.5), which indicates negligible 

systematic under/over predictions. The plot of residuals versus predictions shown in Figure 6 

indicates no discernable trends, again suggesting that the model is providing an adequate fit to the 

data. The residuals were confirmed to be Normally distributed, and additional plots of residuals 

versus factors indicated no discernable trends. On the basis of the graphical and quantitative 

diagnostics, the final model was confirmed to provide an adequate fit to the data. 
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6.5.2. Model Validation Using Ontario DWSP Data 

 

The model for THMs formation in drinking waters was estimated using data obtained 

through controlled experimentation using synthetic water samples with differing levels of DOC, 

chlorine dose, pH, temperature and residence time. In order to validate the model, the prediction 

performance was assessed using data from the Ontario DWSP database, and using data obtained 

from the Smiths Falls, Ontario water supply system (WSS). As noted earlier, the DWSP database 

contains observations for the period 2000-2004 from 179 water supply systems across Ontario. 

The database contains measurements of a number of water quality/operational variables, including 

DOC, chlorine dose, pH and temperature, as well as THMs concentrations in treatment plants and 

distribution systems. The data in the DWSP were collected under specified sampling and handling 

guidelines from the Ontario Ministry of the Environment (MOE), and the samples were analyzed 

in the laboratories of the MOE and the Ontario Ministry of Labour (MOE, 2003). MOE approved 

methods were used  for the examination of water and wastewater, in accordance with the Ontario 

Safe Drinking Water Act following regulation 169/170 (LSB, 2003; DWSR, 2003). In determining 

the THMs and DOC, the LSB followed the OPOV-E3144 and ROM-E3370 methods respectively. 

The data for DOC, chlorine dose, pH and temperature came from samples taken at treatment 

plants after necessary pretreatments to the source waters (typically screening, coagulation/ 

flocculation, mixing, settling and filtration). The THMs samples were collected from the clear 

wells in the treatment plants (prior to the distribution) and various points of the distribution 

systems including elevated storage tanks, dead ends, ageing water mains, distribution loops, cross 

connection/back flow and chlorine booster stations. Further details on the quality control and 

monitoring procedure followed by the DWSP can be found elsewhere (Chowdhury et al., 2008; 

MOE, 2006).  

The data from fourteen municipal water supply systems including surface and 

groundwater sourced-plants (Smith Falls, Lindsey, Beardmore, Innisfil, Walkerton, Kirkland, 
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Kenora, Amhersburg, Casselman, Atikokan, Belleville, Hanover, Paisley and Hawkesbury water 

supply systems) were selected throughout Ontario for model validation. These water supply 

systems were selected based on the THMs concentration ranges – the data used for validation 

included sites with low, moderate and high THMs concentrations. For example, Walkerton and 

Amherstburg have low concentrations of THMs, Belleville and Hanover have moderate range of 

THMs and Paisley and Atikokan have relatively high concentrations of THMs (MOE, 2006). The 

model estimated from the experimental data was used to predict THMs formation for the fourteen 

water supply systems from the DWSP. Figure 6.7 shows a plot of the observed THMs 

concentrations against the values predicted using the model. The plot shows strong correlation 

between the observed and predicted THMs values, with no evidence of systematic bias. The 

correlation (Pearson’s r) between the predicted and observed values is 0.95.  The THMs 

observations were also sorted in ascending order, and plotted together with the respective 

predictions of these values. 
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Figure 6.7. Predicted THMs vs. actual THMs in the DWSP database 

The resulting plot is shown in Figure 6.8. There is no evidence of systematic over/under 

prediction by the model. The predictions are consistent with the measured values throughout the 

full range of the validation data. The validation analysis using selected data from the Ontario 
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DWSP database indicates that the model estimated from the experimental program has good 

predictive power for data not used for estimation, and data taken from a wide range of locations.  
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Figure 6.8. Trend of predicted and measured THMs of the DWSP database 

 

One of the challenges in applying the predictive model estimated from the experimental program 

is to know the residence time in the water treatment plants and distribution systems. The residence 

time can be determined from knowledge of the volumetric capacity and flow rates through the 

treatment plants and distribution networks or through tracer experiment. However, in the case of 

the validation data from the Ontario DWSP dataset, the residence times were unknown. Effective 

residence times were "back-estimated" for each WSS site in order to predict the THMs 

concentrations for validation, using the following procedure. First, for a given WSS site, the 

THMs concentration was predicted using the estimated model (Eq. 1), without the residence time 

term, and this prediction was then subtracted from the observed THMs concentration, producing 

what will be termed a "residence time residual" in THMs. These residuals contain the effect of 

noise, and the unpredicted component due to residence time. The residence time residuals were 

then gathered as observations, and an effective residence time was estimated for the site by 

regressing time on the time residuals, taking into account the previous slope parameter for 
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residence time in the model (Eq. 1). This procedure was repeated for each of the 14 sites 

considered in the validation analysis. By using this regression approach, an average, or effective, 

residence time was determined for each site. This residence time was then used to generate the 

predictions of THMs concentration.  

 

6.5.3. Model Validation Using Smiths Falls, ON Data 

In order to further assess the predictive power of the estimated model, data were collected 

from the Smiths Falls, ON water supply system (WSS). The Smiths Falls WSS system has 

moderate to high THMs concentrations throughout the year. The average THMs concentration in 

2007 was 68.4 ppb, and ranged from 47.6 ppb to 118 ppb. This plant was established in 1922 and 

was upgraded during 1950s. Currently, it supplies water for approximately 10,000 residents and 

the monthly average water supply is 8500 m3/day, while the maximum capacity of the plant is 

18100m3/day. A map of the Smiths Falls water supply system is provided in Figure 6.9, and shows 

the source and distributions system, the treatment plant, and the sampling point.  

 

Figure 6.9. Smiths Falls water supply system 

 

The Smiths Falls water distribution system has a total of 60.5 km of water mains, 3010 

services, 935 street valves and 276 fire hydrants. Water supply requirements vary significantly 
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depending on the season and time of the day. The source water for the plant is collected from 

Rideau Lake, approximately 550 meters from the treatment plant. Pre-chlorination is performed at 

the mixing chamber of the plant. During this mixing process, aluminium sulphate/sulfuric acid 

based coagulant (Clar-ion-AP 405-47) is applied for coagulation and flocculation of the suspended 

particulates. Water is then directed to the clarifier for sedimentation, from which water is 

transferred to the filtration unit composed of 2 large and 3 small units. The filtration units are 

approximately 163 cm thick and consist of three layers: granular activated carbon (GAC) at the 

top (91 cm), sand in middle layer (26 cm) and gravel in the bottom layer (46 cm). After filtration, 

water reaches into the clear wells (total of three units) and post chlorination is performed at this 

stage to ensure sufficient free residual chlorine. The plant has 5 submergible pumps, which deliver 

water directly to the distribution systems. It has one overhead tank with capacity of 945 m3 of 

water. When the demand is low, a portion of water is automatically pushed to the overhead tank 

depending on the pressure in the distribution mains. Depending on the pressure in the distribution 

mains, the pumps automatically start or shut down. The average residence time of water in the 

treatment plant is approximately 6-9 hours.  

The pH, temperature, chlorine doses and free chlorine residuals data were measured in the 

plant. The samples of treated waters were collected to determine DOC. The samples for THMs 

were collected from treatment plant and distribution system. The sampling point of the distribution 

system was located in the Water Pollution Control Plant (WPCP), which is approximately 2 

kilometers away from the water treatment plant. The DWSP collects water samples for DBPs 

measurement from the same point in the distribution system. The travel time of water to the 

WPCP was determined knowing water flow rate, velocity through the pipes and distance. The 

calculated travel time adequately represented the historical data of the WSS. Samples were 

collected in 200 mL glass bottles following a standard sampling protocol (APHA, 1995).  
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Figure 6.10. Predicted THMs vs. actual THMs in the Smiths Falls WSS 

An appropriate amount of sodium thiosulphate was used to prevent further formation of 

THMs in the samples. The samples were then stored in a temperature adjustable refrigerator at 2 ± 

0.1°C and analyzed in Queen’s University ASU within one week of collection.  
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Figure 6.11. Trend of predicted THMs vs. actual THMs in the Smiths Falls WSS 

 

THMs formation was predicted and plotted against these measured THMs as shown in 

Figure 10. A strong correlation was observed with a correlation coefficient of r = 0.91. The trends 

of the measured THMs and predicted THMs are plotted in increasing order of THMs 

concentrations in Figure 11 to determine, if there were any systematic under/over predictions by 

the model. From Figure 6.11, it can be seen that the predictions are consistent with the measured 
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values. In summary, the model estimated from the experimental data provides good predictions of 

the additional Smiths Falls THMs observations. The measured THMs were then plotted against 

the 95-percentile lower and upper values of the model predictions as shown in Figure 6.12. The 

model predictions are excellent throughout the whole ranges of the measured THMs 

concentrations. 

 

0

30

60

90

120

150

0 5 10 15 20 25
Modeled THMs (ppb)     .

A
ct

ua
l T

H
M

s (
pp

b)
  

Mean THMs-Mesured
95% L.C.I.
95% U.C.I.

 

Figure 6.12. 95-Percentile predicted THMs vs. actual THMs in the Smiths Falls WSS 

 

6.6. Discussion 

The use of chlorine for disinfecting waters removes most waterborne diseases. However, a 

large number of chlorinated byproducts are formed during the disinfection processes. Among 

these byproducts, total trihalomethanes (THMs), bromodichloromethane (BDCM) and bromate are 

currently regulated in Canada. In Canada, the water supply systems are required to measure THMs 

periodically and comply with the regulatory limitations. The presence of THMs in the Canadian 

drinking waters is widespread, and may pose risks to human health. Having a model to predict 

THMs formation as a function of water quality and operational variables will enable water supply 

system operations personnel to adjust the variables for controlling THMs formation. This can be 

supplemented by monitoring using sampling and analytical measurement.  
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The model presented in this paper was estimated from a statistically-designed set of 

experiments used to produce different synthetic water samples. A replicated 25-1 with resolution V 

experimental design was used, which allows estimation of main effects and two-factor 

interactions. In particular, the experimental design used provides a clear indication of main (linear) 

effects and interaction effects. The fact that a Resolution V fractional factorial design has been 

used does mean, however, that main effects (e.g., effect of pH) will be aliased with higher-order 

interactions involving the 4 other factors – these interactions are likely to be statistically 

insignificant.  A first-order plus interaction model was estimated, and was determined using 

graphical and quantitative diagnostics to provide an adequate fit to the experimental data.  

In order to assess the predictive ability of the model, predictions were generated for a 

subset of data from the Ontario DWSP database, and for additional data collected from the Smiths 

Falls, ON water supply system. For the DWSP database, DOC, chlorine dose, pH and temperature 

were recorded in the treatment plants after pretreatment. The THMs concentrations were measured 

for the samples in the treatment plants before entering into the distribution systems and designated 

points in the distribution systems. The reaction times for the DWSP data were determined using 

back-calculations. Both surface water and ground water sourced plants were incorporated for the 

model validation. For the Smiths Falls water supply system, DOC, chlorine dose, pH and 

temperature were recorded in the treatment plants after pretreatment. The THMs concentrations 

were measured for the samples in the treatment plants before entering into the distribution systems 

and Water Pollution Control Plant (WPCP) in the distribution system. The reaction time was 

determined using volumetric relationship (flow rate = area×velocity) and verified with the 

historical data. The validation analyses for both sets of data confirm that the model provides good 

predictions of THMs formation, and that it can be applied out in the field. To apply the model, a 

number of the water quality and operational parameters (e.g., chlorine dose, DOC, pH, 

temperature and reaction time) are needed. The reaction times in the water treatment plants are 

easily obtainable, while it is a challenge to obtain the reaction times in the distribution systems. 
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The reaction times in the distribution systems can be obtained through tracer experiments or 

simulation using available software (e.g., EPANET) for better representation of the reaction time.  

 
6.7. Conclusions 

 

The importance of maintaining low levels of THMs throughout the distribution systems 

has been emphasized in the literature, and by Health Canada. The experimental investigation 

described in this paper was used to estimate a predictive model of THMs formation, using data 

collected from a statistically-designed experimental program. The resulting predictive model was 

validated using data from the Ontario DWSP for fourteen water supply systems across Ontario, 

and using data from the Smiths Falls, ON water supply system. Despite natural variability and 

variation in pretreatments, the estimated model has very good predictive abilities, with predictions 

having a correlation coefficient of r = 0.95 between the observed and predictive values for the 

validation data from DWSP database, and r = 0.91 for the Smiths Falls water supply system. The 

validation results indicate that the model can be used in predicting THMs formation in the 

treatment plants and distribution systems, which can be used in the estimation of THMs exposures 

through ingestion with drinking water, inhalation and dermal contacts to evaluate possible human 

health risks and complex risk-cost trade-off study.  A risk-based decision-making approach will 

also be formulated following this study.  
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Chapter 7.0 

 

 

Risk-Based Decision-Making 

 

 
7.1. Chapter Introduction 

 
Drinking water supply systems generally use pretreatment of source water, primary 

disinfection in the treatment plants and provide free residuals to protect water from 

microbiological recontamination in the water distribution systems. Several combinations of 

pretreatments and disinfectants can be followed to achieve these goals. This chapter presents an 

evaluation of different combinations for treatment and disinfection approaches under uncertainty. 

A multi-stage risk management model is developed to account for diverse criteria: human health 

risks, costs of disinfection, technical feasibility and performance. A fuzzy stochastic approach was 

followed to perform this evaluation. A framework to determine the best approaches considering 

these multiple criteria is proposed.  
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7.2. Abstract 

 

Many drinking water supply systems (WSS) generally perform pretreatment of the source 

water prior to disinfection as part of a process for supplying microbiologically safe drinking water. 

In addition to the conventional pretreatment (e.g., screening, coagulation, flocculation, 

sedimentation and filtration), the WSS often employ enhanced coagulation, granular activated 

carbon (GAC) or membrane filtration for improved pretreatment before applying disinfectants 

(chlorine, chloramines, chlorine dioxide, ozone and ultraviolet radiation). This study compares 

different pretreatment and disinfection strategies following a multi-criteria decision-making 

(MCDM) framework with four main criteria (Human health risk, cost, technical feasibility and 

disinfection performance). A fuzzy stochastic approach was followed in this study, while fuzzy 

triangular membership functions were developed to capture uncertainties of the basic criteria 

associated with each of the main criteria. Uncertainties were dealt with using a multi-stage risk 

management model, where the analytical hierarchy process (AHP) was followed to determine the 

relative importance of various criteria at different hierarchy levels. This study identified 

conventional pretreatment with chlorination as the best option, while enhanced pretreatment 

(using GAC) with chlorination and conventional pretreatment with chloramination as the second 

and third best options respectively in most cases. Cost was found to have important influence in 

the rankings of different approaches. The evaluation was found to be sensitive to the relative 

importance of different criteria. 

Keywords: Disinfection approach, multi-criteria decision-making, fuzzy stochastic approach, risk 

management model and uncertainty. 
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7.3. Introduction 
 

Chemical disinfection of drinking water using chlorine started in 1902 in Middlekerke, 

Belgium. By 1916, many countries including England, France, USA and Canada started chemical 

disinfection using chlorine and ozone (MWH, 2005; Chlorine Chemistry Council, 2003; 

Peterborough Utilities Commission, 1998). To date, numerous disinfectants, such as, chlorine, 

chloramines, chlorine dioxide, ozone and ultraviolet radiation are applied for supplying drinking 

water, while more than 80% of the water supply systems in the North America use chlorine 

(MOE, 2006; USEPA, 2006). The disinfection efficiencies of the disinfectants are generally 

affected by different physico-chemical and biological factors, which are typically determined as 

the product of residual disinfectant concentration (C) and the contact time of disinfectant in the 

water (t). Generally, inactivation of microorganisms increases with the increase of Ct (MWH, 

2005; Connell, 1996). The value of Ct is generally used as a design parameter for water supply 

systems (Gates, 1998), while different disinfectants have different Ct values. The types and nature 

of organisms as well as the plant conditions (temperature, pH) also affect the efficiencies of 

different disinfectants (Sadiq and Rodriguez, 2004).  

During disinfection, most of the disinfectant demands are exhausted by reactions with 

natural organic matters. The disinfectants also react with various other chemicals (such as, 

ammonia, Fe2+, Mn2+, S2-, bromide ions, biofilms, pipe materials, etc) in the water treatment plants 

and distribution systems. These reactions form different disinfection byproducts (DBPs) in 

drinking waters, which include trihalomethanes (THMs), haloacetic acids (HAAs), 

haloacetonitriles (HANs), haloketones (HKs), bromate, nitrosamines, aldehydes, chlorite and other 

known and unknown compounds (Richardson, 2005). Possible human health risks from DBPs 

have been a concern since their discovery in drinking waters in 1974 (Rook, 1974; Bull et al., 

1990; King and Marrett, 1996; King et al., 2000; Villanova et al., 2004; Mills et al., 1998; Wigle, 

1998; Cantor et al., 1998). Conversely, human health risks associated with exposures to DBPs in 
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drinking water are relatively small in comparison to the health risks associated with inadequate 

disinfection (IPCS, 2000). Providing adequate disinfection and controlling DBPs formation in 

drinking waters through adjustment of water quality (such as, natural organic matter, pH, 

temperature, etc) and operational (disinfectant dose, reaction time, etc) parameters has been a 

challenge to  water supply system operators  for many years (Chowdhury et al., 2008a).  

Drinking water supply systems often need to consider the best approach to provide 

adequate disinfection, form minimum amount of DBPs to protect human health and keep the water 

supply systems cost-effective. In selecting the best disinfection approach, several criteria, such as, 

human health risk, cost, technical feasibility and disinfection performance have to be evaluated. 

Characterization of these criteria is often difficult because of lack of proper knowledge and/or 

non-availability of adequate information (Chowdhury and Champagne, 2008). Assessment of each 

of these criteria is generally associated with uncertainty from different sources, such as, data 

variability, assumptions, imprecision and non-availability of data. Use of fuzzy sets in the analysis 

of imprecise data and its application to environmental problems has been demonstrated with an 

acceptable degree of confidence (Zimmerman, 2001; Klir and Yuan, 1995; Chen and Hwang, 

1992). Fuzzy risk-cost trade-off approaches have been employed in many fields including nitrate-

contaminated groundwater supplies (Lee, 1992), evaluation of tank performance in battle (Cheng 

and Lin 2002), software development (Lee, 1996), risk-based decision-making for discharging 

drilling waste from offshore oil and gas platforms (Sadiq et al., 2004) and selecting the best 

disinfectants for supplying drinking water (Chowdhury et al., 2007).  

To date, research has addressed some of the issues necessary for the comparison of 

different disinfection approaches. Reiff (1995) presented a comparative evaluation of chemical 

and microbiological risks associated with disinfection. Lykins et al. (1994) presented a 

comparative performance of inactivating pathogens for four disinfectants (ozone, chlorine dioxide, 

chlorine and chloramines). Clark et al. (1994) reported costs for different disinfection approaches 
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using several combinations of pretreatment and disinfectants. Chowdhury and Champagne (2008) 

presented fuzzy risk-based approach for selecting drinking water disinfectants by incorporating 

human health risks, cost, technical feasibility and disinfection performance. In the present study, 

an integrated approach following fuzzy stochastic method has been presented to determine the best 

disinfection approach for water supply systems. Four main criteria (human health risks from 

exposure to DBPs, cost, technical feasibility and disinfection performance) were selected for the 

evaluation, while the main criteria were subjected to further divisions following a multi-stage 

hierarchy risk management model to obtain the basic criteria. Concentrations of THMs in drinking 

water were predicted using water quality and operational parameters of treated water as input to a 

THMs formation model, which was developed in Chowdhury et al. (2008b). The predicted THMs 

concentrations were then used to evaluate human health cancer risk and hazard index. Fuzzy 

triangular membership functions were incorporated to characterize uncertainties of different basic 

criteria. Finally, a hypothetical example was illustrated to guide the decision-making process. 
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7.4. Disinfectants and Disinfection Approaches 
 

Drinking water supply systems perform three main activities: pretreatment of source water, 

primary disinfection in the treatment plants and providing free residuals to protect water from 

microbiological recontamination in the distribution system. Pretreatment can be performed 

following two main approaches: conventional and enhanced. Primary disinfection can be 

performed using chlorine (gas, liquid or hypo-chloride), chlorine dioxide, chloramines, ozone and 

ultraviolet (UV) radiation, while protection in the distribution systems can be achieved by 

applying chlorine or chloramines to the treated water. The available options for pretreatment, 

primary disinfection and residual protection may result in up to 20 different approaches (2×5×2) 

for supplying microbiologically safe drinking water. However, cost, disinfection performance and 

technical complexities of some of these 20 combinations may discourage the use of some of those 

approaches. For example, the use of ozone and UV radiation are very effective in inactivating 

microbiological organisms. However, these disinfectants are extremely costly (4-10 time more 

than chlorine) and do not provide residual protection in the distribution systems (Lykins et al. 

1994). Hence, application of chlorine or chloramines for residual protection is required, which 

needs additional arrangements, capital and operational costs. Moreover, ozone may produce 

bromate in presence of bromide ions in water, which needs to be strictly limited to 10 ppb (parts 

per billion) to satisfy regulatory limitation (Health Canada, 2007; USEPA 2006). The disinfection 

performance of UV radiation decreases significantly with an increase in turbidity of the raw water 

(MWH, 2005), which necessitates enhanced pretreatment prior to the application of UV radiation. 

The enhanced pretreatment can further increase the capital and operational costs significantly.  As 

a result, use of ozone or UV radiation would likely be unfeasible for small-scale water supply 

systems. Chlorine dioxide is very effective in the inactivation of microbiological organisms 

(Lykins et al. 1994) and produces low amounts of DBPs. However, it is volatile and has to be 

generated on-site, which requires transport and storage of chemicals on-site and a facility 
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designated to the required chemical mixing. This can lead to high operational costs (Clark et al. 

1994). Since it is volatile, it does not provide residual protection. As such, a separate application 

of free residual chlorine or chloramines is required, which further increases the cost. In addition, 

chlorine dioxide forms chlorite, which is a critical issue and has to be limited to 1 ppm (parts per 

million). These disadvantages often limit the use of chlorine dioxide as a primary disinfectant in 

water supply systems. 

Chlorine is effective against most of the microbiological organisms and it provides residual 

protection to inhibit microbiological recontamination in the distribution systems.  To date, it is the 

least expensive, available disinfectant (Clark et al., 1994; Reiff, 1995; Chowdhury and Husain, 

2006). Chlorination approaches (liquid, gas, and hypo-chloride) are widely available and easy to 

use and maintain. However, the chlorinated DBPs have become a growing area of concern due to 

their possible human health risks (King et al., 2000). Formation of DBPs can be reduced by 

improving pretreatments through enhanced coagulation, granular activated carbon (GAC) or 

membrane filtration prior to chlorination (Dempsey et al., 1984; Reckow and Singer, 1984; 

Edzwald, 1993; Shorney et al., 1999). The reduction of DBPs reduces human health risks. 

However, improved pretreatment can increase operational and maintenance costs by 50-80% over 

that of conventional pretreatment (Clark et al., 1994, 1998). Formation of DBPs can also be 

reduced by applying chloramines instead of chlorine. Chloramine is stable and provides protection 

throughout the water distribution systems. The cost of chloramine is slightly higher than chlorine 

(Clark et al., 1994, 1998). The main problems associated with chloramine are that it is a relatively 

weaker disinfectant and needs a considerably longer contact period and higher dosage to achieve 

the same level of disinfection as chlorine (Lykins et al. 1994). It is typically involved with the 

shipment and handling of ammonia compounds and chlorinating chemicals, as well as requiring 

considerable storage to allow a sufficient contact period for disinfection (Lykins et al. 1994). 

Chloramine has been found to be harmful to patients on kidney dialysis and may form nitrogenous 
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DBPs like N-Nitrosodimethylamine (NDMA), Iodo-THMs, etc., which are more toxic than the 

chlorinated DBPs (Richardson 2005). Despite their reduced efficiency with respect to disinfection, 

chloramines can be used as a disinfectant where sufficient contact period can be allowed (MOE 

2004), and is often employed in the water distribution systems (MOE 2004). A comparative 

discussion on different disinfectants is presented in Table 7.1. 

For relatively smaller water supply systems, use of ozone, UV radiation and chlorine 

dioxide may be unfeasible. The remaining disinfectants (chlorine and chloramine) can be used in 

combination with different pretreatments (conventional and enhanced). In terms of cost, 

feasibility, human health risks from DBPs and performance, four approaches: conventional 

pretreatment with chlorination, conventional pretreatment with chloramination, enhanced 

pretreatment (through GAC) with chlorination and enhanced pretreatment with chloramination can 

be considered. However, as chloramine typically forms low amounts of DBPs, application of 

enhanced pretreatment prior to chloramination will increase the cost without significant 

improvement in reducing human health risks. Hence, enhanced pretreatment with chloramination 

can be excluded from this evaluation. As such, three approaches: conventional pretreatment with 

chlorination, conventional pretreatment with chloramination and enhanced pretreatment (through 

GAC) with chlorination have been considered for evaluation using multiple criteria to obtain an 

indication of the best approach. However, for large-scale water supply systems, applications of 

ozone and UV radiation followed by chlorination or chloramination can also be incorporated for 

comparative purposes. 
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Table 7.1. Basic information of disinfectants 
Issue  Chlorine Chloramine Chlorine 

dioxide 
Ozone UV radiation Reference 

Application  Most 
common 

Common Occasional Common Emerging 
use 

USEPA, 
2006. 

Cost  Lowest Moderate 
 (>Chlorine) 

High High Extremely 
high 

Clark et al., 
1994 

Bacteria (V. chloerae, 
Coliform, E. coli, etc) 

Excellent Good Excellent Excellent Good 

Viruses (Polio virus, Rota 
virus, MS2 coliphase,  etc) 

Excellent Fair Excellent Excellent Fair 

Protozoa (G. lamblia, C. 
parvum, E. intestinalis, etc) 

Fair to 
poor 

Poor Good  Good Excellent 

Disinfection 
efficiency 

Endospores Good to 
poor 

Poor Fair Excellent Fair 

MWH, 2005;  
Sadiq and 
Rodriguez, 
2004 

Organisms 
regrowth 

 Unlikely Unlikely Likely More 
Likely 

More Likely MWH, 2005 

Maximum 
Residuals 

 4 mg/L 4 mg/L 0.8 mg/L -- -- USEPA, 
2006 

Regulated 4 THMs, 
HAAs 

Traces of THMs 
and HAAs 

Chlorite Bromate None USEPA, 
2006 

Byproducts 

Unregulated Several Cyanogen halides, 
NDMA 

Chlorate Biodegrada
ble organics 

None known Richardson, 
2005 

Oxidation  Strong Weak Selective Strongest None 
Odor and taste 
control 

 Excellent Good Excellent Good to 
poor 

None 

Stability  Stable Stable Unstable Unstable Unstable 

Chlorine 
chemistry 
council, 2003 

 

 

7.5. Methodology 

The methodology for this study has been presented in details in Chowdhury and 

Champagne (2008). In this section, a brief summary of the methodology has been incorporated. 

The main criteria (human health risk, cost, technical feasibility and disinfection performance) 

were divided into basic criteria following a multi-stage risk management model. For example, the 

basic criteria of human health risk (a1) are cancer (a111) and non-cancer (a112) risks from exposure 

to DBPs in drinking water (Figure 7.1). These basic criteria (a111 and a112) can be quantified using 

DBPs concentrations, exposure to DBPs, toxicity and other factors (USEPA, 1998). The DBPs 

concentrations are estimated using water quality and operational parameters substituted into a 

DBPs formation model. The data for the basic criteria associated with cost, technical feasibility 

and disinfection performance can be determined from scientific literature (Clark et al., 1994, 1998; 

Lykins et al., 1994; Chowdhury and Husain, 2006; Chowdhury and Champagne, 2008). This study 
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followed a systematic approach for the evaluation and aggregation of different basic criteria. The 

steps of the approach are outlined below: 

• Characterize water quality (DOC, pH, temperature, bromide ion concentrations) and 

operational parameters (disinfectant dose, reaction time) for the treated water using 

appropriate statistical distributions. For example, Table 7.2 shows the water quality and 

operation parameters for a typical water supply system (Smiths Falls, Ontario). In Table 

7.2, lognormal and triangular distributions have been considered depending on the data 

distributions. For the lognormal distributions, ‘1st parameter’ represents the natural 

logarithm of the median of concentrations and ‘2nd parameter’ represents the standard 

deviation of concentrations. In the case of the ‘triangular’ distributions, ‘1st parameter’ 

represents the 10-percentile concentration; ‘2nd parameter’ represents the 50-percentile 

concentration and the ‘3rd parameter’ represents the 90-percentile concentration. 

Table 7.2. Water quality and operational parameters of Smiths Falls water supply system 

Parameters Statistical distribution 

DOC (mg/L) Lognormal (1.242, 0.16) 

Chlorine dose (mg/L) Lognormal (0.977, 0.089) 

pH Triangular (6.5, 7.1, 7.8) 

Temperature (C) Triangular (5.4, 13.4, 24.7) 

Reaction time (hour) Triangular (7.8, 11.3, 17.2) 

 

• Select models for DBPs formation and predict DBPs concentrations using water quality 

and operational parameters.  Estimate different compounds (chloroform, 

bromodichloromethane, dibromochloromethane and bromoform) based on their historical 

distribution patterns. The historical distribution patterns of THMs compounds were 

obtained from Drinking Water Surveillance Program (DWSP) database. The DWSP 

database was developed from five years (2000 – 2004) monitoring of THMs and other 
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water quality and operation parameters (MOE, 2006).  For example, Table 7.3 represents 

percentages of THMs compounds for Smiths Falls water supply system. It can be noted 

that the slope factors (upper bound lifetime probability of an individual’s developing 

cancer) and reference doses (the maximum doses that are considered safe) for the HAAs, 

HANs and HKs are yet to be established in the scientific literature. Hence, toxicological 

risk assessment from HAAs, HANs and HKs cannot be completed in this study. This 

study will predict total THM formation, determine individual compounds (chloroform, 

bromodichloromethane, dibromochloromethane and bromoform) and estimate risks from 

exposure to these compounds only. Upon availability of the slope factors and reference 

doses for HAAs, HANs and HKs, the human health risks from these DBPs can be 

predicted.  

Table 7.3. Distribution of THMs for Smiths Falls water supply system 

Species (µg/L) Percentage of THMs 

Chloroform Triangular (93.4, 94.1, 96) 

Bromodichloromethane Triangular (3.6, 4.5, 6.3) 

Dibromochloromethane Triangular (0.2, 0.4, 0.8) 

Bromoform Triangular (0.4, 1.0, 1.9) 

 

• Predict cancer risk and hazard index to human health using the estimated chloroform, 

bromodichloromethane, dibromochloromethane and bromoform concentrations. Exposure 

to these compounds can be incurred through ingestion of drinking water, inhalation and 

dermal contacts during regular indoor activities, such as showering, bathing and cooking, 

etc. Past studies reported that the cancer risks from exposures to THMs through inhalation 

and dermal contact pathways during showering were 30 -50% of the total cancer risks 

from exposures to THMs (Jo et al., 1990a,b; Xu and Weisel, 2005; Backer et al., 2000; 

Cleek and Bunge, 1993). As a result, all routes of exposures (ingestion, inhalation and 

dermal contact) are significant, and hence, need to be incorporated.  
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• Obtain information on the other basic criteria associated with cost, performance and 

technical feasibility from the refereed scientific literatures. Characterize all of the basic 

criteria through triangular distributions using the minimum, maximum and most likely 

values. The details of the basic criteria are shown in Table 7.4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.1. Framework for different attributes and fuzzy evaluation 
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Table 7.4. Input variables for basic attributes 

Basic 

Attributes 

Identification Chlorination GAC with post 

chlorination 

Chloramine 

a111 Cancer risk (log-scale) -11.7,-10.7,-9.9 -14.3,-12.5,-11 -12.5,-11,-10 

a112 (Non-Cancer risk  (log-scale) -2.6,-1.8,-0.97 -4.1,-2.8,-1.5 -3.2,-2.0,-0.7 

a211 Technology Cost ($/ Person/year) 0.12,0.3,0.6 0.25,0.55,0.95 0.2,0.45,0.85 

a212 Operational Cost ($/ Person/year) 0.05,0.15,0.25 0.15,0.3,0.45 0.12,0.2,0.3 

a213 Maintenance Cost ($/ Person/year) 0.05,0.09,0.12 0.1,0.2,0.35 0.08,0.15,0.25 

a311 Ease of Operation 0.7,0.8,0.95 0.5,0.6,0.7 0.6,0.7,0.8 

a312 Technology availability 0.75,0.85,0.95 0.5,0.6,0.8 0.55,0.7,0.8 

a313 Ease of Maintenance 0.6,0.75,0.9 0.5,0.65,0.7 0.55,0.65,0.8 

a411 Efficiency in distribution system 0.7,0.85,0.95 0.7,0.85,0.95 0.5,0.7,0.9 

a412 Efficiency in treatment plant 0.7,0.85,0.95 0.7,0.85,0.95 0.55,0.6,0.8 

a421 Taste/Odor removal 0.7,0.9,0.95 0.7,0.9,0.98 0.7,0.8,0.9 

a422 Color Removal 0.6,0.75,0.9 0.7,0.9,0.95 0.6,0.7,0.8 

 

• Chowdhury and Champagne (2008) developed six scales for classification of fuzzy data. 

These are, worst (μ1), bad(μ2), poor(μ3), fair(μ4), good(μ5) and best(μ6) as shown in Table 

7.5. The membership grades of the basic criteria are obtained by mapping the basic 

criteria into the corresponding fuzzy scales (Table 7.5). The membership grade of a basic 

criterion for any scale represents the possibility of occurrence of that criterion with the 

corresponding scale. The highest level of possibility is obtained at a membership grade of 

unity and lowest level of possibility is obtained at membership grade of zero. Specific 

details of this approach are available in Chowdhury and Champagne (2008). Figure 7.2 

shows an example, which considers a range from 0 to 1. Six scales (μ1, μ2, μ3, μ4, μ5 μ6) 

representing worst, bad, poor, fair, good and best respectively are depicted. Any fuzzy 
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data with values in the range of the scales (for Figure 7.2, it is 0-1) can be mapped to 

obtain the corresponding membership grades. 

 

 

 

 

 

 

 

 

 

Table 7.5. Fuzzy scales for basic attributes with triangular fuzzy numbers 

Basic Attributes Nomenclatur.e Worst (μ1) Bad (μ2) Poor (μ3) Fair (μ4) Good (μ5) Best (μ6) 

a111 Cancer risk (log-scale) -9,-8,>-8 -10,-9, -8 -11,-10, -9 -12,-11,-10 -13,-12,-11 <-13,-13,-12 

a112 (Non-Cancer risk  (log-scale) -1,0,>0 -2,-1, -0 -3,-2, -1 -4,-3,-2 -5,-4,-3 <-5,-5,-4 

a211 Technology Cost ($ Person/year) 0.8,1.0,>1.0 0.6,0.8,1.0 0.4,0.6,0.8 0.2,0.4,0.6 0,0.2,0.4 <0,0,0.2 

a212 Operation Cost ($ Person/year) 0.8,1.0,>1.0 0.6,0.8,1.0 0.4,0.6,0.8 0.2,0.4,0.6 0,0.2,0.4 <0,0,0.2 

a213 Maintenance Cost ($ Person/year) 0.8,1.0,>1.0 0.6,0.8,1.0 0.4,0.6,0.8 0.2,0.4,0.6 0,0.2,0.4 <0,0,0.2 

a311 Ease of Operation 0,0,0.2 0,0.2,0.4 0.2,0.4,0.6 0.4,0.6,0.8 0.6,0.8,1 0.8,1,1 

a312 Technology availability 0,0,0.2 0,0.2,0.4 0.2,0.4,0.6 0.4,0.6,0.8 0.6,0.8,1 0.8,1,1 

a313 Ease of Maintenance 0,0,0.2 0,0.2,0.4 0.2,0.4,0.6 0.4,0.6,0.8 0.6,0.8,1 0.8,1,1 

a411 In distribution system <0.5,0.5,0.6 0.5,0.6,0.7 0.6,0.7,0.8 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 

a412 In treatment plant <0.5,0.5,0.6 0.5,0.6,0.7 0.6,0.7,0.8 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 

a421 Taste/Odor removal <0.5,0.5,0.6 0.5,0.6,0.7 0.6,0.7,0.8 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 

a422 Color Removal <0.5,0.5,0.6 0.5,0.6,0.7 0.6,0.7,0.8 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 
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Figure 7.2. Defining fuzzy membership function. 
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• Determine relative importance of the basic criteria under a main criterion following the 

analytical hierarchy process (Saaty, 1988). For example, this study has four main criteria 

(human health risk, cost, technical feasibility and disinfection performance). The human 

health risk has two basic criteria: cancer risk and hazard index (non-cancer risk). These 

two basic criteria may have different priority from a human health perspective, where 

cancer risk typically has higher importance than non-cancer risk. Similarly, priority for the 

other basic criteria can also be established following the procedures demonstrated in the 

previous study. 

• Perform aggregation of the basic criteria under each of the main criteria to obtain more 

generalized sub-criteria (for example, aggregate technology cost (a211), operational cost 

(a212) and maintenance cost (a213) to obtain a generalized sub-criterion (a21) for the main 

criterion ‘cost’), as depicted in Figure 7.1. The fuzzy sets for the main criteria are obtained 

following this same procedure. 

• Perform defuzzification to obtain the centroid values of the main criteria. Determine the 

centroid values of the main criteria for all of the alternatives (e.g., conventional 

pretreatment with chlorination, enhanced pretreatment with chlorination and conventional 

pretreatment with chloramination). Perform aggregation of these centroid values as 

demonstrated in the next section and obtain the final ranks for the alternatives. 

 

7.6.      Case Study 

A hypothetical case study was performed using information from the Smiths Falls water 

supply system (WSS) in Ontario, Canada. This is a small water supply system in the Eastern 

Ontario. Currently, it supplies water for approximately 10,000 residents and the monthly average 

water supply is 8500 m3/day, while the maximum capacity of the plant is 18100 m3/day. Water 

supply requirements vary significantly depending on the season and time of the day. The source 

water for the plant is collected from Rideau Lake, approximately 550 meters far from the 



 215

treatment plant. The Drinking Water Surveillance Program (DWSP) in Ontario has reported 

moderate to high concentrations of organic contents (e.g., NOM) in the source water (MOE, 

2006). The average THMs concentration of this plant was reported to be 68.4 ppb, and ranged 

from 47.6 ppb to 118 ppb for the year 2007. The DWSP has also reported similar averages and 

ranges of THMs in Smiths Falls WSS during the period of 2000 to 2004 (MOE, 2006). Although 

the average THMs concentration was much less than the Canadian regulatory limitation (100 ppb), 

this WSS has reported occasional exceedance of the Canadian regulatory limit (MOE, 2006).  

The Smiths Falls WSS records water quality and operational parameters in the plant 

Logbook on daily basis. In addition, Drinking Water Surveillance Program (DWSP) in Ontario 

regularly monitors THMs and other water quality/operational parameters (MOE, 2006). Both data 

sources (plant Logbook and DWSP database) showed similarities in the parameter values. The 

DOC, chlorine doses, pH and temperature for Smiths Falls WSS were obtained from DWSP 

database, which was developed from 5 years (2000 – 2004) monitoring of water supply systems 

across Ontario. The DWSP collected data throughout the years (4 to 12 times a year). As such, it 

can be assumed that the seasonal variability has been reasonably represented by those data. The 

reaction times in the plant and distribution systems were obtained from Chowdhury et al., (2008b). 

The concentrations of organic matter (represented by DOC) were noted to be higher in the summer 

months. The other parameters (e.g., pH, temperature, bromide ions, etc) were also found to be 

variable. The higher organic contents in the summer months may be one of the causes of higher 

THMs concentrations in the summer months. The data for the parameters were analyzed using 

statistical software (e.g., MINITAB) and the statistical distributions were characterized as shown 

in Table 7.2. 

The THMs formation model developed in the previous study was used to predict THMs 

concentrations in finished drinking water (Chowdhury et al., 2008b). The historical data (5 years 

data from DWSP database) showed that the formation of chloroform, bromodichloromethane, 



 216

dibromochloromethane and bromoform in Smiths Falls WSS had variable percentages of the total 

THMs (Table 7.3). Using these percentages (Table 7.3), concentrations of chloroform, 

bromodichloromethane, dibromochloromethane and bromoform were estimated. These data were 

used to predict human health cancer risk and hazard index (non-cancer risk) through ingestion, 

inhalation and dermal contact pathways (USEPA, 1998). Human health cancer risks and hazard 

indices were predicted in the ranges of 8.7×10-6 - 5.1×10-5 and 0.07 – 0.38 respectively (Table 

7.4). The risks were shown in natural logarithm scale to consider their wide ranges in Table 7.4 

(Chowdhury et al., 2007). The ranges and medians for the other basic criteria are also shown in 

Table 7.4, while the scales for fuzzification of different basic criteria are shown in Table 7.5. To 

fuzzify the basic criteria, the basic criteria from Table 7.4 were mapped into the fuzzy scales 

(Table 7.5) and respective membership grades were determined with respect to the pre-defined 

scales: μ1(worst), μ2(bad), μ3(poor), μ4(fair), μ5(good) and μ6(best). An example of obtaining 

fuzzy set for the basic criteria is illustrated in Figure 7.3. The fuzzy data of cancer risk (a111) for 

chlorination was found to be (-11.7, -10.7, -9.9) in Table 7.4. This data were mapped in Figure 

7.3, from which, the intersections were noted as 0, 0.06, 0.61, 0.85, 0.33 and 0 for the scales: 

μ1(worst), μ2(bad), μ3(poor), μ4(fair), μ5(good) and μ6(best) respectively. As such, the fuzzy set of 

cancer risk (a111) for chlorination was (0, 0.06, 0.61, 0.85, 0.33, 0). The membership grades for all 

of the basic criteria are shown in Table 7.6. Details of the fuzzification can be found in 

Chowdhury and Champagne, (2008). 
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Table 7.6. Fuzzified sets of basic attributes for different treatment technology 

 Chlorination GAC with post chlorination Chloramination 
aij k [μ1, μ2, μ3, μ4, μ5, μ6] [μ1, μ2, μ3, μ4, μ5, μ6] [μ1, μ2, μ3, μ4, μ5, μ6] 
a111 [0, 0.06, 0.61, 0.85, 0.33, 0] [0,0,0,0.42,0.83, 0.82] [0,0,0.5,1.0,0.6,0.21] 
a112 [0.04, 0.55, 0.91, 0.34, 0,0] [0, 0.21, 0.65,0.9, 0.47,0.05] [0.13,0.56,1.0,0.52,0.1,0] 
a211 [0,0,0.43,0.81,0.76,0.25] [0.27,0.61,0.94,0.7,0.32,0] [0.07,0.44,0.76,0.9,0.48,0] 
a212 [0,0,0,0.18,0.9,0.49] [0,0,0.12,0.72,0.72,0.1] [0,0,0,0.35,1,0.39] 
a213 [0,0,0,0,0.52,0.67] [0,0,0,0.47,1.0,0.37] [0,0,0,0.13,0.88,0.49] 
a311 [0,0,0,0.35,1.0,0.46] [0,0,0.34,1.0,0.34,0] [0,0,0,0.67,0.67,0] 
a312 [0,0,0,0.17,0.86,0.52] [0,0,0.36,1.0,0.5,0] [0,0,0.14,0.71,0.67,0] 
a313 [0,0,0,0.55,0.91,0.35] [0,0,0.33,0.85,0.38,0] [0,0,0.16,0.82,0.59,0] 
a411 [0,0,0.42,0.77,0.75,0.25] [0,0,0.42,0.77,0.75,0.25] [0.35,0.63,1.0,0.63,0.35,0] 
a412 [0,0,0.41,0.81,0.74,0.22] [0,0,0.41,0.81,0.74,0.22] [0.35,1.0,0.67,0.34,0,0] 
a421 [0,0,0.37,0.63,1,0.37] [0,0,0.37,0.63,1,0.5] [0,0,0.5,1,0.5,0] 
a422 [0, 0.42, 0.77,0.77,0.42,0] [0,0,0.37,0.63,1,0.37] [0, 0.5,1.0,0.5,0,0] 
 

In defining priorities for the criteria, pairwise comparison was employed (Saaty 1988). At 

the highest level (Level 2), disinfection performance was assigned higher priority than the risk 

from exposure to DBPs (Table 7.7) because of the increased concern for human health protection 
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if exposed to improperly disinfected water (IPCS, 2000). Cost was given equal priority to the 

health risk as extrapolated from expert judgments from scientific literature. The selection of the 

priorities is somewhat arbitrary and is subjective. However, this selection was made following the 

previous publications (Sadiq et al., 2004; Chowdhury and Husain, 2006; Chowdhury et al., 2007).  

Table 7.7. Weighing schemes of different hierarchy level attributes 

aij k W3 aij W2 ai W1 (T1) W1 (T2) W1 (T3) W1 (T4) W1 (T5) W1 (T6) 
a111 0.714 
a112 0.286 a11 1.00 a1 0.214 0.233 0.2 0.333 0.25 0.1 

a211 0.526 
a212 0.263 
a213 0.211 

a21 1.00 a2 0.214 0.186 0.2 0.165 0.25 0.5 

a311 0.484 
a312 0.322 
a313 0.194 

a31 1.00 a3 0.143 0.116 0.2 0.165 0.25 0.2 

a411 0.6 
a412 0.4 a41 0.75 

a421 0.55 
a422 0.45 a42 0.25 

a4 0.428 0.465 0.4 0.333 0.25 0.2 

 

Upon availability of more rigorous information, the priorities can be chosen with higher degree of 

precision. The hierarchy structure in Figure 7.1 was followed to perform aggregation of the basic 

criteria into more generalized criteria (Chowdhury and Champagne, 2008). The aggregation sets 

for the basic criteria were determined as the products of priority vectors (developed from the 

relative importance of the criteria under a specific group) and assessment matrices (developed by 

using the membership grades of those criteria). The following fuzzy sets were obtained for the 

main criteria of chlorination. 

Human health risk (a1)     = (0.01, 0.20, 0.70, 0.70, 0.24, 0) 

Cost (a2)     = (0, 0, 0.23, 0.47, 0.75, 0.40) 

Technical feasibility (a3)  = (0, 0, 0, 0.33, 0.94, 0.46) 

Risk reduction (a4)    = (0, 0.05, 0.45, 0.76, 0.74, 0.23) 
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The linguistic classifications of the fuzzy sets for the main criteria were performed in the scale of 

zero to unity (0 -1), where zero represented the worst case and unity represented the best-case 

situation (Chowdhury and Champagne, 2008). The distributions of the scales are shown in Figure 

7.2. The normalized fuzzy sets for the main criteria are determined. For example, the normalized 

fuzzy set for human health risk (a1) is obtained as follows: 

Sum of the ordinates for fuzzy set in human health risk (a1) 

= 0.01 + 0.2 + 0.7 + 0.7 + 0.24 + 0 = 1.85 

Normalized fuzzy set for a1  

= 
85.1
0 ,

85.1
24.0 ,

85.1
7.0 ,

85.1
7.0 ,

85.1
2.0 ,

85.1
01.0

 = (0.006, 0.11, 0.38, 0.38, 0.13, 0) 

Similarly, normalized fuzzy sets for the other main criteria are: 

Cost (a2)    = (0, 0, 0.12, 0.26, 0.4, 0.22) 

Technical feasibility (a3) = (0, 0, 0, 0.19, 0.54, 0.27) 

Risk reduction (a4)      = (0, 0.02, 0.20, 0.34, 0.33, 0.10) 

The centroids for each of the main criteria are determined using Figure 7.2. For example, the 

centroid for health risk (a1) is determined as: 

0.013.038.038.011.0006.0
933.00.08.013.06.038.04.038.02.011.0067.0006.0

+++++
×+×+×+×+×+×

 = 0.50 

The normalized centroids for the other main criteria were determined as: 

Cost (a2)    = 0.73 

Technical feasibility (a3) = 0.80 

Risk reduction (a4)   = 0.65 

The centroids of different criteria for GAC with post-chlorination and chloramination 

were obtained and have been determined as (0.73, 0.53, 0.61, 0.68) and (0.57, 0.61, 0.68, 0.40), 
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respectively. The status of cost for chlorination appears to be the best (centroid = 0.73) among the 

three alternatives, while the risk status of chlorination is the worst (centroid = 0.50) among these 

alternatives. The technical feasibility of chlorination was estimated to be the best (centroid = 0.8), 

while it is worst for the GAC with post chlorination (centroid = 0.61). The disinfection 

performance of GAC with post chlorination was found to be the best (centroid = 0.68) while it is 

worst for the chloramination (centroid = 0.40). The centroids of different criteria for the three 

alternatives (chlorine, GAC with post- chlorination and chloramination) can be arranged in matrix 

form as: 

jiechlora

chlorineGAC

chlorine

ij

C
C
C

C

×

+

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

0.40     0.68     0.61      0.57
0.68     0.61     0.53      0.73
0.65      0.8     0.73      0.50

min

  

 

where i represents the rows of the matrix showing alternatives (chlorine, GAC with post-

chlorination and chloramination) and j represents the columns showing criteria (health risk, cost, 

technical feasibility and disinfection performance). 

 

The priority vector can be written from Table 7.7 as: [ ]0.428   0.143   0.214   0.214=W  

The overall evaluation can be obtained as: 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=×=

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
+=

50.0
64.0
66.0

Chloramine
ChlorineGAC

Chlorine
T

ij WCa  

The ranks of chlorination, granular activated carbon with post-chlorination and 

chloramination are 1, 2 and 3 respectively. It can be noted here that none of these three approaches 

were found to be the best for all of the four main criteria. As such, the ranking order may be 

sensitive to the priorities and fuzzy scaling systems; thus, a sensitivity analysis needs to be 

performed. In this case study, the weighting schemes were varied as shown in Table 7.7 in 

different trials to perform the sensitivity analysis. After six trials, the analysis determines 
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chlorination as the best option in three trials except trials 2 and 4, where GAC with post-

chlorination was the preferred option (Table 7.8). The choice of different weighting schemes can 

be arbitrary, however, guideline can be set through expert opinions. In the trials 2 and 4, costs 

were assigned less priority than risks. In cases, where cost is not considered as a deciding factor, 

GAC with post chlorination could be the best option for the pretreatment and disinfection for 

drinking water. 

Table 7.8. Summary of the results 

  Trial-1 Trial-2 Trial-3 Trial-4 Trial-5 Trial-6 

Chlorination 0.66 0.64 0.67 0.63 0.67 0.71 

GAC with post chlorination 0.64 0.68 0.64 0.67 0.64 0.60 

Chloramination 0.50 0.49 0.51 0.52 0.55 0.58 

 

7.7. Summary and Conclusions 
 

Reducing NOM prior to disinfection is a feasible way to lower DBPs formation in drinking 

water. It is often difficult to remove lower molecular weight NOM from water through available 

pretreatment approaches. The effective removal of NOM is generally costly. The use of alternative 

disinfectants such as ozone as the primary disinfectant and chloramine for residual protection can 

also limit the amount of regulated DBPs. However, the formation of unregulated DBPs might be a 

concern from toxicological point of view. Moreover, there are often high operational costs 

associated with this approach. As a result, in communities where cost is one of the critical 

deciding factors, trade-off studies are often necessary to identify the best disinfection option. In 

trade-off studies, each of the basic attributes affecting the decision making process are considered. 

These are then carried over following a standard procedure for the assessment of the best 

treatment technology.  
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Fuzzy based evaluation through hierarchy structure involves the identification and 

fuzzification of the basic attributes, assignment of relative weights, aggregation through hierarchy 

structure, defuzzification and ranking of management alternatives. In this study, the fuzzified 

values of each basic attribute were grouped using a hierarchical structure. Final fuzzy sets were 

defuzzified and centroid values were evaluated to determine their ranking order. The weighting 

schemes were developed using AHP. Disinfection performance was assigned a higher priority to 

outline the importance of human health protection from waterborne diseases. By assigning 

different weighting schemes, five trials were performed to assess the impact of different weighting 

schemes on the overall system. The evaluation was found to be sensitive to the assignment of 

weighting schemes; thus, selection of weighting schemes requires expert opinions. 

In the first trial, the risk associated with DBPs exposure was given equal priority to the 

cost.  Chlorination was ranked as the treatment option of choice (Table 7.8). In this trial, the 

weight assignment was as risk = 0.214; cost = 0.214, technical feasibility = 0.143 and disinfection 

performance = 0.428. In the second trial, risk associated with DBPs exposure was assigned higher 

priority than cost and technical feasibility and disinfection efficiency was given two times priority 

than risk from DBPs exposure (risk = 0.233; cost = 0.186, technical feasibility = 0.116 and 

disinfection performance = 0.465). Under this scenario, GAC with chlorination was ranked as the 

treatment option of choice (Table 7.8). In third trial, risk from DBPs exposure, cost and technical 

feasibility were given equal priority, but disinfection performance was given equal higher priority 

(risk = 0.2; cost = 0.2, technical feasibility = 0.2 and disinfection performance = 0.4). Chlorination 

was ranked as the best treatment option. In the fourth trial, risk from exposure to DBPs was given 

equal priority to disinfection performance and cost was given lower priority (risk = 0.333; cost = 

0.165, technical feasibility = 0.165 and disinfection performance = 0.333). GAC with chlorination 

was ranked as the preferred treatment option (Table 7.8). In fifth trial, each of the criteria was 

assigned equal priority (risk = 0.25; cost = 0.25, technical feasibility = 0.25 and disinfection 
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performance = 0.25). In this case, chlorination was ranked as the first treatment option once again. 

In the sixth trial, cost was given highest priority (risk = 0.1; cost = 0.5, technical feasibility = 0.2 

and disinfection performance = 0.2). Chlorination with conventional pretreatment was found to be 

the option of choice in this case. The weighting scheme was found to be a sensitive parameter in 

the evaluation of treatment options (Table 7.8). 

This study suffers some limitations in terms of subjective judgments, imprecise data and 

fuzzy scaling, which could be improved through the establishment of a common platform. Once, a 

defined platform is obtained, this study could be extended to similar types of environmental 

management studies including water quality issues, solid waste management and produce water 

discharges from offshore oil and gas platforms.  
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Chapter 8.0 

 

 

Conclusions and Recommendations 

 
 
8.1. Summary and Contributions 

 
In this research, a risk-based decision-making model for water treatment and disinfection 

strategies that deals with the formation of trihalomethanes (THMs) has been developed. A 

combination of statistically designed experiments, uncertainty analysis, human health risks, 

technical aspects and costs are evaluated to determine the best approach for supplying safe 

drinking waters to the communities. Trihalomethanes (THMs) may be formed during chlorination 

of drinking water both during treatment and in the water distribution systems: THM compounds 

(e.g., chloroform (CHCl3), bromodichloromethane (BDCM), dibromochloromethane (DBCM) and 

bromoform (CHBr3)), have been characterized as possible or probable human carcinogen and pose 

chronic and sub-chronic risks to human health. Individual compound, for example BDCM, has 

been reported to have much stronger association with stillbirths, neural tube defects and low birth 

weights compared to other THMs species.  

This study investigated the understanding and management of the formation of 

disinfection byproducts in drinking waters since their discovery in drinking water in 1974. A total 

of 118 models, different methodologies, advantages and limitations of those models as well as 

their scopes of applications have been critically reviewed. This research identifies the current 

challenges and future research needs to better control DBP formation in drinking waters.  
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In understanding the environmental risks in a physical system (e.g., water supply system), 

it is often required that the uncertainty of the system be analyzed.  Environmental risk assessment 

is typically considered as the most important phase of risk-based decision-making or risk 

management studies. The management of risk from disinfection by-products (DBPs) in drinking 

water has become a critical issue over the last three decades. Human health risk assessments from 

exposures to DBPs in drinking waters are typically associated with many diverse parameters, 

which vary spatially and temporarily and often have insufficient information.  However, it is 

generally accepted that no single method is suitable for the entire spectrum of problems 

encountered in uncertainty analyses for risk assessment. This study has identified the appropriate 

approach for uncertainty characterization based on the available information and the nature of the 

problem. The feasibility, advantages and limitations of different uncertainty characterization 

approaches were investigated in this study.  

Numerous studies have presented models for predicting THMs formation in drinking 

waters in the past three decades by relating THM concentrations to different factors (e.g., DOC, 

TOC, UV254 chlorine dose, pH, temperature, reaction time, bromide ions, etc.). Few studies 

reported looking for factors related to THMs formation “systems wide” - across many different 

water supply systems and in environments where many factors vary simultaneously. This study 

performed a multivariate statistical analysis on 162 water supply systems in Ontario, Canada for 

the data those were collected by the Drinking Water Surveillance Program (DWSP) from 2000 to 

2004. Principal component analysis (PCA) was applied to determine important factors, loadings, 

groupings and possible clusters of variation. This study identified DOC, chlorine dose, pH, 

temperature and reaction time as significant factors for THM formation.  

Using the parameters determined by the multivariate statistical analysis, experimental 

investigations were performed in the laboratory. Synthetic water samples, prepared by dissolving 

commercial humic acid into N/10 NaOH solution was used for the experiments. Fractional 
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factorial design for five factors (DOC, chlorine dose, pH, temperature and reaction time) with 

replication and center points was performed. Significant factors for modeling THMs formation 

were identified through numerical and graphical analyses. A second-order predictive model for 

trihalomethanes formation was developed. This model was validated using additional data from 

Drinking Water Surveillance Program database and Smiths Falls water supply system in Ontario. 

This model showed excellent performance in the validation studies. 

Following the development of THM formation model, effort was given to characterize the 

effects of bromide ions on the formation of brominated THMs, especially, BDCM in drinking 

water. Controlled laboratory experiments showed that increased bromide ion concentrations led to 

increase in the formation of total THMs, with higher fractions of BDCM and 

dibromochloromethane (DBCM), and lower fractions of chloroform formation. By increasing the 

pH from 6 to 8.5, increased chloroform and decreased BDCM and DBCM formation were 

observed. A higher bromide to chlorine ratio increased BDCM and DBCM and decreased 

chloroform formation, while higher temperatures increased BDCM, DBCM and chloroform 

formation. A second-order model to predict the formation of BDCM was developed. This model 

was validated using data from 17 water supply systems in Newfoundland. This model also showed 

very good performance in predicting BDCM formation. 

These models were integrated toward the evaluation of drinking water supply systems. 

Using the water quality and operational parameters for the treated waters, THMs and BDCM 

formations were estimated. By incorporating the historical distribution patterns of THMs 

compounds in Smiths Falls water supply system, concentrations of CHCl3, BDCM, DBCM and 

CHBr3 were predicted. These compounds were considered for human health risks assessments. 

This study compared different pretreatment and disinfection strategies following a multi-criteria 

decision-making (MCDM) framework with four main criteria (human health risk, cost, technical 

feasibility and disinfection performance). A fuzzy stochastic approach was followed in this study, 
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where fuzzy triangular membership functions were developed to capture uncertainties of the basic 

criteria associated with the main criteria. This study identified conventional pretreatment with 

chlorination as the best option for the typical smaller water supply systems, while enhanced 

pretreatment (using GAC) with chlorination and conventional pretreatment with chloramination as 

the second and third options respectively in most cases. However, in cases where cost is not 

considered as one of the significant factors, the application of GAC followed by chlorination may 

be considered as the best option.  

 
8.2. Recommendations for Future Research 

 
This study has addressed some of the issues associated with the formation and 

management of THMs in drinking water. In addition to THMs, many other groups of DBPs are 

formed during chlorination for drinking waters. Not many studies have focused on the other DBPs 

to date. To better understand the overall formation of DBPs and their effects to human health, 

comprehensive investigations on the formation of many other DBPs are necessary. The complex 

nature of natural organic matter, DBPs formation and environmental variability have made it 

difficult to minimize risks from DBPs exposures and keeping the water supply systems cost 

effective. Depending on the findings of this study, some recommended future studies can be: 

 

o Incorporate alternative experimental techniques, such as modeling based on fundamental 

reaction kinetics, as well as robust modelling approaches, such as fuzzy rule-based modeling 

and artificial neural networks. The use of hybrid modelling methodologies could also be 

investigated, e.g. the use of different approaches to establish DBP kinetic coefficients, 

followed by the use of these coefficients relating them to water quality and operational 

parameters, thereby reducing uncertainty in their prediction. 
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o Predictive models for the emerging DBPs are very limited. Models to predict emerging DBPs 

are required to perform comprehensive investigations on human health effects and compliance 

to regulatory limits. The availability of these models would also permit the evaluation of 

benefit-cost ratios of specific water supply systems, leading to consideration of alternatives for 

possible control of water quality and operational parameters, as well as water supply system 

upgrades should these be necessary. 

o Water supply systems require compliance with regulations regarding the potential presence of 

pathogenic microorganisms and chemical species with effects on human health, which often 

creates a need for trade-off studies. To ensure the safety of the water supply from pathogenic 

microorganisms, water distribution systems must provide adequate disinfection and a free 

residual disinfectant. An initiative to predict free chlorine residuals and DBPs formation 

simultaneously would assist in such trade-off studies.  

o Development of systematic databases for 15-30 years data of DBPs would accelerate future 

research to estimate possible effects from DBP exposure from an epidemiological perspective. 

These types of studies are essential in regulating and establishing limits for DBPs formation in 

drinking water to protect human health.         

o Developments of systems to perform on-line measurements for DBPs will assist in 

determining the actual exposure concentrations of DBPs as well as their temporal and spatial 

variability in drinking water. The current practices of laboratory analyses often associated 

with uncertainty and loss of DBP during the process of sampling, preservation, extraction and 

injections. Moreover, the cost per sample can be greatly reduced and monitoring can be 

enhanced. Future research can also focus on the development of online systems to measure 

DBP concentrations in drinking water. 
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Appendix A 
 
Fuzzy Multiple Criteria Decision Making  
 

 

A.1. Chapter Introduction 

This appendix provides the methodological basis and information for the chapter 7. This 

study evaluated different disinfection process following multi-criteria decision-making 

framework. Three approaches of disinfection for drinking water have been evaluated using the 

fuzzy synthetic evaluation approach. A multi-stage risk management model was developed to 

consider diverse criteria: human health risks, costs of disinfection, technical feasibility and 

performance. The relative importance between the criteria was determined using the analytic 

hierarchy process (AHP). Sensitivity analysis was performed to characterize the effects of 

different criteria on the decision-making approach. 
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A.2. Abstract 
 

The drinking water treatment strategies generally involve treatment processes such as 

screening, coagulation/flocculation, sedimentation and filtration/adsorption followed by 

disinfection. Disinfection approaches include chlorine/chlorine (chloramine), granular activated 

carbon with post chlorine (chloramine), ozone/chlorine (chloramine), chlorine dioxide/chlorine 

(chloramine), chloramine/chloramine and UV radiation/chlorine (chloramine). However, 

comparative evaluation of these disinfection methodologies and their application to a particular 

source of water is rare. In this study, a framework for multi-criteria decision-making (MCDM) has 

been developed. Human health risk, cost, technical feasibility and disinfection performance have 

been incorporated as the criteria for evaluation of the disinfection approach. A fuzzy synthetic 

evaluation technique has been incorporated where fuzzy triangular membership functions were 

developed to capture the uncertainties of the basic attributes. This paper compares three 

disinfection approaches: chlorination, granular activated carbon with post chlorination and 

chloramination through a multi-stage hierarchy risk management model in which the analytical 

hierarchy process (AHP) has been used to determine the relative importance of various attributes 

at different hierarchy levels. The evaluation process was found to be sensitive to the assignment of 

relative importance of the attributes.  Chlorination was evaluated as the best disinfection approach 

in most of the cases.  

 

Key words: Disinfection approach, multi-criteria decision-making, fuzzy synthetic evaluation, 

analytic hierarchy process and uncertainty. 
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A.3. Introduction 
 

The introduction of chlorination has virtually eliminated most waterborne diseases from 

drinking water ingestion. However, it has led to an increased risk in bladder, colon and rectal 

cancers (King et al. 2000; King and Marrett, 1996). Adverse reproductive and developmental 

effects including increased spontaneous abortion rates, stillbirths, cardiac anomalies, pre-term 

deliveries low birth weights and fetal anomalies are also attributable to disinfection by-products 

(DBPs) (Mills et al. 1998). Although potentially carcinogenic emerging DBPs have recently been 

reported (Richardson 2005), the most widely investigated DBPs include trihalomethanes (THMs), 

haloacetic acids (HAAs), haloacetonitriles (HANs) and haloketones (HKs). Each of these DBPs 

groups is composed of many compounds as shown in Table A.1. Most of the DBPs in Table A.1 

have been demonstrated to have probable and possible carcinogenic effects on animal and human 

health (Bull et al. 1990; Pereira 1996).  
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Table A.1. Components and effects of DBPs in drinking water 

Main Group Compounds  Effects to animal Effects to Human 

Chloroform  Liver Tumours Probable human carcinogen (B-
2) 

Bromodichloromethane  Kidney tumour Probable human carcinogen (B-
2) 

Bromoform  Colon tumours Probable human carcinogen (B-
2) 

Trihalomethanes 
(THMs) 

Dibromochloromethane  Liver tumours Possible human carcinogen (C) 

Bromochloroacetic Acid  Liver tumours  

Bromodichloroacetic Acid  Liver tumours  

Chlorodibromoacetic Acid    

Dibromoacetic Acid Liver tumours  

Dichloroacetic Acid Liver tumours Probable human carcinogen (B-
2) 

Monobromoacetic Acid   

Monochloroacetic Acid   

Tribromoacetic Acid   

Haloacetic 
Acids (HAAs) 

Trichloroacetic Acid Liver tumours Possible human carcinogen (C) 

Bromochloroacetonitrile Embryo death  

Dibromoacetonitrile  Skin tumours  

Dichloroacetonitrile  Embryo death  

Haloacetonitriles 
(HANs) 

Trichloroacetonitrile Embryo death  

1,1 - dichloropropanone   Haloketones 
(HKs) 1,1,1- trichloropropanone   

 

The International Programme on Chemical Safety (IPCS) reported that health risks 

associated with DBPs in drinking water are relatively small in comparison to the health risks 

associated with inadequate disinfection (IPCS 2000). Similar conclusions have been drawn from 

events in a number of municipalities including Walkerton (Ontario, Canada) where seven people 

died and more than 2,300 became ill after E. coli contamination of the community’s municipal 

water supply system in 2000 (MOE 2002). In April 1993, more than 400,000 people were affected 

by a drinking water outbreak in Milwaukee (USA), which resulted in the death of approximately 

100 people (MacKenzie et al. 1994). The World Health Organization (WHO) reported that 
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approximately 3.4 million people, mostly children, die every year from water-related diseases in 

the developing countries (WHO 2002). Consequently, efficient disinfection should never be 

compromised in exchange of DBPs formation.  

To identify best management strategies, risk assessment models and risk-based decision-

making are widely used in the field of environmental management. Some risk assessment models 

have parameters that are often poorly characterized, correlated or simplified; leading to inherent 

model uncertainties (Ferson 1996; USEPA, 1998). The type of uncertainty can be divided into two 

categories: (i) aleatory, which is induced from natural variability and cannot be reduced. This type 

of uncertainty is generally associated with variability in the data source; and (ii) epistemic, which 

results from a complete or partial lack of proper knowledge or information. This is generally 

related to the variability in the data itself. To capture these uncertainties, a number of techniques 

have been employed. However, application of a number approaches cannot address some of the 

critical issues associated with uncertainty analysis (Zimmermann 2001).  

When dealing with environmental problems including the management of disinfection by-

products, poorly quantifiable attributes, such as: technical feasibility, including technology 

availability, maintenance and operational ease must be considered. Evaluation of these attributes is 

generally imprecise (Chowdhury and Husain 2006). Moreover, human health risk is represented as 

carcinogenic or non-carcinogenic, which is evaluated on the basis of a number of simplifying 

assumptions (Ferson 1996; USEPA, 1998). Simplifications regarding the cost of treatment 

approaches are also performed, which depend on (i) final product quality; (ii) location; (iii) 

maintenance; (iv) performance; and (v) source water. The assessment of each of these factors is 

generally associated with a level of uncertainty. Consequently, the evaluation of environmental 

problems is somewhat skewed from an ideal solution. The use of fuzzy sets in the analysis of 

imprecise data and its application to environmental problems has been demonstrated with an 

acceptable degree of confidence (Zimmerman 2001; Klir and Yuan 1995; Chen and Hwang, 
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1992). Fuzzy risk-cost trade-off approaches have been employed in many fields including nitrate-

contaminated groundwater supplies (Lee 1992), the evaluation of tank performance in battle 

(Cheng and Lin 2002) and software development (Lee 1996).  

To date, research has addressed some of the issues necessary in the comparison of 

treatment approaches. Reiff (1995) presented a comparative evaluation of chemical and microbial 

risks associated with disinfection, but no specific information on disinfection efficiencies or 

human health risk was noted in the study. Chowdhury and Husain (2005) presented human health 

risks from trihalomethanes (THMs); however, this study did not consider other aspects such as 

cost, technical feasibility or disinfection performance of treatment technology. Lykins et al. (1994) 

presented a comparative performance study for four types of disinfectants (ozone, chlorine 

dioxide, chlorine and chloramine); however, their study was limited to the performance of the 

system associated with pathogen removal. Chowdhury et al. (2007) presented fuzzy approach for 

selection of drinking water disinfectants. In that paper, fuzzy utility theory has been incorporated 

in the final ranking method.  In this paper, the overall status of water treatment approaches is 

presented through human health risk from DBP exposure, cost of treatment approach, technical 

feasibility and disinfection performance. A fuzzy synthetic evaluation (FSE) technique is 

incorporated where fuzzy triangular membership functions characterize the uncertainties of the 

basic attributes. Finally, a hypothetical example is illustrated. 

A.4. Formation of DBPs 

 

Naturally occurring organic matter (NOM) in water reacts with disinfecting agents such as 

chlorine, chloramine, ozone, etc. to produce DBPs during the disinfection process and in 

distribution systems. The formation of THMs in drinking water is generally the highest, followed 

by haloacetic acids, haloacetonitriles and haloketones (MOE 2004). The presence of bromide ions 
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results in the increased formation of brominated species of DBPs, which are comparatively more 

toxic to human health (IRIS 2006) and, consequently, a reduction in the formation of chlorinated 

species (Barrett et al. 2000). Trihalomethane formation typically increases with increasing pH 

(Stevens et al., 1976), while conversely haloacetic acid and haloacetonitriles generally decrease 

with increasing pH (Singer 1994). Stevens et al. (1976) reported higher THM formation at higher 

temperatures. An increase of NOM in water, represented as a higher UV absorbance capacity or 

dissolved/total organic carbon, increases DBPs formation (Sung et al. 2000). Although, most of 

the DBPs are formed rapidly within a few hours of reaction, longer contact periods in the 

treatment plant and distribution systems could add significant amount of DBPs in drinking water 

(Kim et al. 2002).  

A.5. Disinfectants 

 

The most widely used disinfection approaches include chlorine/chlorine (chloramine), 

granular activated carbon with post chlorine (chloramine), ozone/chlorine (chloramine), chlorine 

dioxide/chlorine (chloramine), chloramine/chloramine and UV radiation/chlorine (chloramine). 

The type and amount of disinfectant employed generally depends on the quality and quantity of 

water and trade-offs between risks and costs. Ozonation and UV radiation are extremely costly as 

primary disinfectants (4-10 time more than chlorination) and do not provide residual protection in 

distribution systems (Lykins et al. 1994). Hence there is a need for additional chlorine or 

chloramine for residual protection (USEPA 2006). In most drinking water supply systems where 

cost is a critical factor in the selection of a disinfection strategy, the use of ozonation or UV 

radiation would likely be eliminated (Reiff 1995). Moreover, ozone may produce bromate in 

presence of bromide ions in water, which needs to be strictly limited to 10 ppb (parts per billion) 

to satisfy regulatory limitation (USEPA 2006).  
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Chlorine is an oxidant, which has been proven to be effective against waterborne 

microbes. It provides residual protection to inhibit microbial growth in the distribution systems.  

To date, it is the least expensive disinfectant available, where reported disinfection costs range 

from US$0.2 to $0.8/person/year (Clark et al. 1994; Reiff 1995; Chowdhury and Husain 2006; 

Chowdhury et al. 2007). Chlorination approaches (liquid, sodium/calcium hypo chloride, gas 

injection) are widely available and easy to maintain. However, in the last two decades, the 

potential by-products formed as a result of chlorination have become a growing area of concern 

due to the possible health risk of DBPs (King et al. 2000).  

Chloramine is a weaker disinfectant, which generally needs a considerably longer contact 

period and dosage to achieve the same level of disinfection as chlorination (Lykins et al. 1994). It 

is stable and provides a long-term aftereffect where the growth of microbes is inhibited in the 

distribution systems. It produces relatively low concentrations of halogenated DBPs. Chloramine 

has been found to be harmful to patients on kidney dialysis and may form nitrogenous DBPs like 

N-Nitrosodimethylamine, Iodo-THMs, etc (Richardson 2005). These DBPs have been reported to 

have risks, which are several orders of magnitude higher, in terms of toxicity, than the regulated 

DBPs (Richardson 2005). Chloramination typically involves the shipment and handling of 

ammonia compounds and chlorinating chemicals, as well as requiring considerable storage to 

allow a sufficient contact period for chloramines formation (Lykins et al. 1994). Despite their 

reduced efficiency with respect to contact time, chloramine can be used as a disinfectant where 

sufficient contact period can be allowed (MOE 2004), and is often employed as a secondary 

disinfectant in some water supply systems (MOE 2004).  

Chlorine dioxide is effective in the removal/inactivation of microbial contaminants 

(Lykins et al. 1994). However, it is volatile and does not provide residual protection. Hence, 

effective chlorine dioxide disinfection can only be provided in combination with the use of an 

efficient secondary residual disinfectant, In Canada and USA, the use of chlorine dioxide with 
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chloramine as secondary disinfectant is not uncommon (MOE, 2004; USEPA 2006). Chlorine 

dioxide has to be generated on-site which necessitates transport and storage of chemicals on-site 

and a facility designated to the required chemical mixing, which can lead to high operational costs 

(Clark et al. 1994). Moreover, facilities for chloramine application are also required to protect the 

distribution systems. In addition, the formation of chlorite is a critical issue, which has to be 

limited to 1 ppm (parts per million). These disadvantages often limit the use of chlorine dioxide as 

a disinfectant in water supply systems. However, their combination (chlorine dioxide and 

chloramine) produces lower levels of regulated DBPs, while the generation of unregulated DBPs 

and their effects have yet to be investigated (Richardson, 2005).  

Granular activated carbon (GAC) with post-chlorination is another approach, which has 

been successfully employed in the reduction of NOM and organic chemicals in water. In this 

approach, additional filtration/adsorption is performed with GAC in addition to the conventional 

filtration. Higher molecular-weight precursors can be separated using GAC; which subsequently 

leads to a reduction in DBPs formation compared to chlorination without GAC. The use of GAC 

with post-chlorination improves finished water quality and generally provides better human health 

protection. However, GAC can increase operational costs by up to 50% of that of conventional 

chlorination (Clark et al. 1998; Reiff 1995). 

A.6. Fuzzy Set Theory 

  

Zadeh (1965) introduced fuzzy set theory to analyze imprecisely informative data. This 

method enables the incorporation of imprecise data where information is limited, qualitative or 

sparse, which provides an advantage over some other uncertainty characterization approaches. A 

fuzzy set establishes the relationship between uncertain data and the membership function μ, 

which ranges from 0 to 1. In a traditional set theory, an element is identified by binary logic, 

where if the element is in the set (say A), the membership grade is unity; otherwise the 
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membership grade is zero. A fuzzy set is an extension of traditional set theory in which an element 

has certain degree of membership in set A.  

 

 

 

 

 

 

 

 

Figure A.1. Construction of membership function 
 

For example, the fuzzy triangular membership function (TFNs) for Figure A.1 can be constructed 

as: 
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The TFNs are defined by (a, b, c), where a and c represent the minimum and maximum 

values and b represents the most likely value (Figure A.1). Triangular and trapezoidal fuzzy 

numbers are mostly used to represent the linguistic scales (high, medium, low) employed by 

managers, professionals and stakeholders (Lee 1996). Fuzzy multi-criteria decision-making 

(MCDM) is a sequential process, which involves 5 steps described as follows: 

A.6.1. Definition of Basic Attributes and Hierarchical Framework 

The attributes necessary for decision-making are identified and the generalized attributes 

are broken into their basic attributes (Figure A. 2).  
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Figure A.2.  Framework for fuzzy aggregation 
 
In this case study, the system index (a) is divided into four general attributes as human 

health risk from DBPs (a1); cost (a2); technical feasibility (a3) and disinfection performance (a4) as 

shown in Figure A.2. At the next level, the disinfection performance (a4) has been separated into 

two attributes: microbial (a41) and aesthetic (a42) performance and these are subsequently divided 

into their basic attributes as shown in Figure A.2. The basic attributes are typically in different 

units (risk: unit less; cost: $/person/year) and can include data in the form of crisp, fuzzy or in 

linguistic terms. These are then transformed into a homogeneous scale using a fuzzification 

technique. 

A.6.2. Fuzzification of Basic Attributes 

The basic attributes are generally expressed in 5 to 9 scales (Saaty, 1988) to incorporate 

expert judgments. In this case study, six linguistic scales: worst, bad, poor, fair, good and best 
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have been selected for simplicity. Once the fuzzy data is defined, the basic attributes are expressed 

with membership grades in the six pre-defined scales (μ1, μ2, μ3, μ4, μ5, μ6) representing worst, 

bad, poor, fair, good and best, respectively. For example in Figure A.3, an element P is defined by 

fuzzy data as (0.3,0.6,0.9), for which the fuzzy data indicates a triangular fuzzy number in the 

range of 0.3-0.9, with a most likely value of 0.6.  

 

 

 

 

 

 

 

Figure A.3. Defining fuzzy membership function 

 

If the variable P intersects any scale more than once, the maximum operator is used to 

define the fuzzy subsets. In the case of variable P, a membership grade for μ1(worst) = 0, μ2(bad) 

= 0.2, μ3(poor) = 0.61, μ4(fair) = 1, μ5(good) = 0.61 and μ6(best) = 0.2 would be determined. As 

such, the fuzzy sets would become (0, 0.2, 0.61, 1, 0.61, 0.2). The fuzzy scales for basic attributes 

are shown in Table A.2.  
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Table A.2. Fuzzy scales for basic attributes with triangular fuzzy numbers 

Basic 
Attributes 

Nomenclature Worst (μ1) Bad (μ2) Poor (μ3) Fair (μ4) Good (μ5) Best (μ6) 

a111 Cancer risk (log-scale) -9,-8,>-8 -10,-9, -8 -11,-10, -9 -12,-11,-10 -13,-12,-11 <-13,-13,-12 
a112 (Non-Cancer risk  (log-scale) 0,0,>-1 0,-1, -2 -1,-2, -3 -2,-3,-4 -3,-4,-5 -4,-5,<-5 
a211 Technology Cost ($ Person/year) 0.8,1.0,>1.0 0.6,0.8,1.0 0.4,0.6,0.8 0.2,0.4,0.6 0,0.2,0.4 <0,0,0.2 
a212 Operation Cost ($ Person/year) 0.8,1.0,>1.0 0.6,0.8,1.0 0.4,0.6,0.8 0.2,0.4,0.6 0,0.2,0.4 <0,0,0.2 
a213 Maintenance Cost ($ Person/year) 0.8,1.0,>1.0 0.6,0.8,1.0 0.4,0.6,0.8 0.2,0.4,0.6 0,0.2,0.4 <0,0,0.2 
a311 Ease of Operation 0,0,0.2 0,0.2,0.4 0.2,0.4,0.6 0.4,0.6,0.8 0.6,0.8,1 0.8,1,1 
a312 Technology availability 0,0,0.2 0,0.2,0.4 0.2,0.4,0.6 0.4,0.6,0.8 0.6,0.8,1 0.8,1,1 
a313 Ease of Maintenance 0,0,0.2 0,0.2,0.4 0.2,0.4,0.6 0.4,0.6,0.8 0.6,0.8,1 0.8,1,1 
a411 In distribution system <0.4,0.4,0.5 0.4,0.5,0.6 0.5,0.6,0.7 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 
a412 In treatment plant <0.4,0.4,0.5 0.4,0.5,0.6 0.5,0.6,0.7 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 
a421 Taste/Odor removal <0.4,0.4,0.5 0.4,0.5,0.6 0.5,0.6,0.7 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 
a422 Color Removal <0.4,0.4,0.5 0.4,0.5,0.6 0.5,0.6,0.7 0.7,0.8,0.9 0.8,0.9,1.0 0.9,1,1 

 

Following the scales in Table A.2, Figures A.4 – A.8 has been constructed to demonstrate the 

fuzzification process for different basic attributes.  

 

  

 

 

 

 

 

 

 

 

 

Figure A.4. Membership function for cancer risk (log-scale) 
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Figure A.5. Membership function for non-cancer risk (log-scale) 

 

 

 

 

 

 

 

 

 

 

 

Figure A.6.  Membership function for cost ($ per person per year) 
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Figure A.7.  Membership function for technical feasibility 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure A.8. Membership function for disinfection performance 

 

The cancer risk, non-cancer risk, cost, technical feasibility, and disinfection performance 

are shown in Figures A.4, A.5, A.6, A.7 and A.8 respectively. The data in Table A.3 are mapped 

using corresponding scales to obtain fuzzified data as shown in Table A.4. 
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Table A.3. Input variables for basic attributes 

Basic 
Attributes 

Identification Chlorination GAC with post chlorination Chloramination 

a111 Cancer risk (log-scale) -11.5,-10.8,-9.5 -12.3,-11,-10.5 -10.5,-9.25,-8.25 
a112 (Non-Cancer risk  (log-scale) -2.3,-1.5,-0.15 -4,-1.5,-1 -1.5,-0.5,-0.1 
a211 Technology Cost ($/Person/year) 0.12,0.4,0.8 0.3,0.6,1.0 0.2,0.5,0.9 
a212 Operation Cost ($/Person/year) 0.1,0.12,0.15 0.15,0.25,0.4 0.12,0.15,0.18 
a213 Maintenance Cost ($/Person/year) 0.05,0.09,0.12 0.1,0.2,0.35 0.08,0.12,0.25 
a311 Ease of Operation 0.7,0.8,0.9 0.5,0.6,0.7 0.6,0.7,0.8 
a312 Technology availability 0.75,0.85,0.95 0.5,0.6,0.8 0.55,0.7,0.8 
a313 Ease of Maintenance 0.6,0.75,0.9 0.5,0.64,0.7 0.55,0.65,0.8 
a411 In distribution system 0.7,0.85,0.99 0.7,0.85,0.99 0.5,0.7,0.9 
a412 In treatment plant 0.7,0.8,0.9 0.7,0.91,0.97 0.65,0.75,0.85 
a421 Taste/Odor removal 0.6,0.7,0.9 0.7,0.85,0.98 0.75,0.85,0.96 
a422 Color Removal 0.6,0.7,0.9 0.7,0.84,0.95 0.6,0.7,0.8 

 

Table A.4. Fuzzified sets of basic attributes for different treatment technology 

 Chlorination GAC with post chlorination Chloramination 
aij k [μ1, μ2, μ3, μ4, μ5, μ6] [μ1, μ2, μ3, μ4, μ5, μ6] [μ1, μ2, μ3, μ4, μ5, μ6] 
a111 [0, 0.23, 0.68, 0.83, 0.3, 0] [0,0,0.36,1.0,0.52, 0.08] [0.35,0.8,0.73,0.25,0,0] 
a112 [0.37, 0.74, 0.67, 0.2, 0,0] [0, 0.65, 0.87,0.55, 0.3,0] [0.47,1.0,0.34,0,0,0] 
a211 [0,0.37,0.7,1.0,0.61,0.212] [0.35,0.66,1.0,0.59,0.21,0] [0.2,0.5,0.5,0.83,0.4,0] 
a212 [0,0,0,0,0.67,0.48] [0,0,0,0.6,0.73,0.17] [0,0,0,0,0.86,0.34] 
a213 [0,0,0,0,0.54,0.66] [0,0,0,0.45,1.0,0.34] [0,0,0,0.17,0.78,0.49] 
a311 [0,0,0,0.35,1.0,0.46] [0,0,0.34,1.0,0.34,0] [0,0,0,0.67,0.67,0] 
a312 [0,0,0,0.17,0.9,0.54] [0,0,0.34,1.0,0.5,0] [0,0,0.14,0.71,0.67,0] 
a313 [0,0,0,0.55,0.91,0.35] [0,0,0.3,0.9,0.34,0] [0,0,0.16,0.76,0.62,0] 
a411 [0,0,0,0.35,0.92,0.55] [0,0,0,0.35,0.92,0.55] [0,0,0,0.3,0.76,0.25] 
a412 [0,0,0,0.37,1.0,0.37] [0,0,0,0.41,0.93,0.55] [0,0,0,0.5,0.81,0.1] 
a421 [0, 0, 0,0.66,0.75,0.25] [0,0,0,0.46,0.96,0.59] [0, 0, 0,0.25,0.76,0.6] 
a422 [0, 0, 0,0.66,0.75,0.25] [0,0,0,0.56,0.94,0.65] [0, 0,0,0.68,0.7,0] 

 

A.6.3. Definition of Relative Weights 
 
Fuzzy evaluation requires that the relative importance of different attributes at each level 

be determined. The analytic hierarchy process (AHP) was introduced by Saaty (1988) to define the 

relative importance of each attribute. The fundamental scales of importance vary between 1 and 9 

where 1 represents equal importance and 9 represents absolute importance in comparison to other 

attributes (Saaty 1988). These scales were employed to construct the priority matrix for this case 

study. The priorities are then normalized and the matrix is formed in such a way that the sum of 

the relative importance of all attributes in a group equals unity (Saaty 1988) as: 
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For examples: In level 3, the attribute technical feasibility (a31) is composed of three basic 

attributes: ease of operation (a311), technology availability (a312) and ease of maintenance (a313) 

(Figure A.2). From expert judgments, it is assumed that the basic attribute, technical feasibility 

(a311) is 1.67 times more important than technology availability (a312) and 2.5 times more 

important than ease of maintenance (a313). However a range other than a crisp number may 

represent the relative importance. In such cases, approaches discussed in Chowdhury and 

Champagne (2006) can be followed. For simplicity, crisp numbers were used for relative 

importance in this study. The matrix is formed following Saaty (1988) as: 

10.670.4
1.510.6
2.51.671

313

312

311

313312311

31

a
a
a

aaa

W =              (A.2) 

The matrix W can be formed by taking the row-wise geometric mean of the elements and 

normalizing to unity as: 

⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=

0.2
0.3
0.5

31W        (A.3) 

Priority matrices for the other attributes have been developed following same approach. 

A.6.4. Generation of More Generalized Attributes by Aggregation 

Once the relative importance and fuzzy sets for the basic attributes have been defined, 

these are then grouped according to the hierarchy framework as illustrated in Figure A.2. For 

instance, the fuzzy subsets for a31 form an assessment matrix as shown in Table A.4: 1st column 
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0.35     0.91      0.55      0        0    0
0.54       0.9      0.17      0        0    0
0.46          1       0.35      0        0    0

 

 The priority vectors for the three attributes are (Equation A.3)  

[ ]31331231131 WWWW T =  =[ 0.20.30.5 ] 

The evaluation matrix of a31 is obtained using the priority vector WT
31 

313131 aWA T ×=  = [0    0   0   0.336    0.952    0.462]  (A.4) 

Similarly, the evaluation matrices for other attributes are developed until a complete final fuzzy 

set is generated.  

 

A.6.5. Defuzzifying the Final Datasets and Ranking the Alternatives 

 

Decision-making is generally performed using crisp values. In fuzzy set theory, these 

crisp values are obtained through defuzzification, which can be performed using a number of 

available methods (Chen and Hwang 1992). In this paper, an application of fuzzy synthetic 

evaluation (FSE) has been introduced (Cheng and Lin 2002). To apply FSE, the following 

sequences are followed 

(i) Fuzzy sets for the main criteria (Level 2 criteria in Figure A.2) are determined through 

aggregation following the hierarchy structure 

(ii) The centroid values for each of the criteria are determined using Figure A.3. For 

example, the centroid value of a3 (from Equation A.4) is determined as: 

462.0952.0336.0000
933.0462.08.0952.06.0336.04.002.00067.00

+++++
×+×+×+×+×+×

 = 0.797   (A.5) 

(iii) The centroids matrix is constructed by the centroids values of the main criteria for all 

selected alternatives (Equation A.6).  
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(iv) The overall utility is determined through multiplication of the centroid matrix and the 

weighting vector of the same hierarchy level (Equation A.7). 

(v) The crisp utility of Equation (A.7) represents overall status of the treatment approach 

 

A.7. Case Study 
 

A comprehensive evaluation of different water treatment approaches is crucial in 

assessing risk and cost trade-offs in the selection of a water treatment option. The management 

options for drinking water treatment approaches are generally based on human health risks from 

DBPs exposure, cost, technical feasibility and disinfection performance. For this study, human 

health risk was predicted from trihalomethanes data in Newfoundland. This data can be found in 

Chowdhury et al. (2007). For cancer and non-cancer risk assessment, the procedure described in 

USEPA (1998) was employed. The cost for chlorination was found to be the lowest among the 

three treatment options followed by chloramination and GAC with post-chlorination (Clark et al. 

1994, 1998; Reiff 1995). Technical feasibility of a treatment approach also depends on the ease of 

operation, maintenance and technology availability. The ease of operation, availability and 

maintenance of chlorination is better in comparison to the other available disinfection approaches. 

The disinfection efficiencies for the three treatment options were found to be comparable for each 

of the disinfection methods with the limitations that chloramine requires comparatively higher 

contact time (Lykins et al. 1994).  

The hierarchy framework (Figure A.2) illustrates generalized attributes broken into basic 

attributes. The basic attributes for different treatment technologies are shown in Table A.3. Cancer 

and non-cancer risks have been presented on a log-scale (Table A.3) to capture their low values. 

Fuzzy scales for different basic attributes are shown in Table A.2. The basic attributes were 

characterized by TFNs with minimum, most likely and maximum values to capture the associated 

uncertainties (Table A.3). To fuzzify the basic attributes, fuzzy data were mapped into the fuzzy 
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scales and the respective membership grades were determined with respect to μ1, μ2, μ3, μ4, μ5 and 

μ6. Figures (A.4-A.8) show mappings of different basic attributes. For example, fuzzy set for 

cancer risk (a111) was found to be (0, 0.23, 0.68, 0.83, 0.3, 0) from Figure A. 4.  

In defining priorities for the attributes at each level, pair-wise comparison was employed 

(Saaty 1988). At the highest level (Level 2), disinfection performance was assigned two times the 

priority of the risk from exposure to DBPs (Table A.5) because of the increased concern for 

human health protection if exposed to improperly disinfected water (IPCS 2000).  

Table A.5. Weighing Schemes of different hierarchy level attributes 

aij k W3 aij W2 ai W1 (T1) W1 (T2) W1 (T3) W1 (T4) W1 (T5) 
a111 0.714 
a112 0.286 a11 1.00 a1 0.214 0.233 0.333 0.4 0.25 

a211 0.526 
a212 0.263 
a213 0.211 

a21 1.00 a2 0.214 0.186 0.165 0.1 0.25 

a311 0.5 
a312 0.3 
a313 0.2 

a31 1.00 a3 0.143 0.116 0.165 0.1 0.25 

a411 0.67 
a412 0.33 a41 0.8 

a421 0.55 
a422 0.45 a42 0.2 

a4 0.428 0.465 0.333 0.4 0.25 

 
Cost was given equal priority to the health risk as extrapolated from expert judgments 

(Sadiq et al. 2004). The hierarchy structure in Figure A.2 was followed to provide aggregation of 

the basic attributes into more generalized attributes. In this study, the following fuzzy sets were 

obtained for the various criteria of chlorination. 

Human health risk (a1)     = (0.11, 0.38, 0.68, 0.65, 0.21, 0.00) 

Cost (a2)         = (0.00, 0.19, 0.37, 0.53, 0.61, 0.38) 

Technical feasibility (a3)  = (0.00, 0.00, 0.00, 0.33, 0.95, 0.46) 

Risk reduction (a4)       = (0.00, 0.00, 0.00, 0.42, 0.91, 0.44) 
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The centroids of the criteria have been determined from Equation A.5 as:  (0.45, 0.65, 0.80, 0.81) 

The centroids of different criteria for GAC with post-chlorination and chloramination 

were similarly obtained and have been determined as (0.52, 0.51, 0.61, 0.84) and (0.49, 0.58, 0.68, 

0.71), respectively. The cost status of chlorination appears to be the best (highest centroids value), 

while the risk status of chlorination is the worst (lowest centroid value). The membership grades 

of cost for chlorination, GAC with post-chlorination and chloramination have been shown in 

Figure A.9. 
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1: Chlorination; 2: GAC with post Chlorination; 3. Chloramination 

Figure A.9.  Fuzzy set for cost (Trial 1) 

Figure A.9 provides partial evidence of cost status in terms of different scales (μ1, μ2, μ3, μ4, μ5, 

μ6). The centroids of different criteria for the three alternatives (chlorine, GAC with post- 

chlorination and chloramination) can be arranged in matrix form as: 
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where i represents the rows of the matrix showing alternatives (chlorine, GAC with post-

chlorination and chloramination) and j represents the columns showing criteria (health risk, cost, 

technical feasibility and disinfection performance). 

 

The priority vector can be written from Table A.5 as: [ ]0.428   0.143   0.214   0.214=W  

The overall evaluation can be obtained as: 
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢

⎣

⎡
=×=
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⎥
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⎢

⎣

⎡
+=

63.0
66.0
70.0

Chloramine
ChlorineGAC

Chlorine
T

ij WCa (A.7) 

 

The ranks of chlorination, granular activated carbon with post-chlorination and chloramination are 

1, 2 and 3 respectively. This ranking order may be sensitive to the weights and fuzzy scaling 

systems; thus, a sensitivity analysis needs to be performed. In this case study, the weighting 

schemes were varied as shown in Table A.5 in different trials to perform the sensitivity analysis. 

After five trials, the analysis determines chlorination as the best option in most of the trials except 

trial 4, where GAC with post-chlorination was the preferred option. The choice of different 

weighting schemes can be arbitrary, however, guideline can be set through expert opinions. 

A.8. Summary and Conclusions 

Reducing NOM prior to disinfection is a feasible way to lower DBPs formation in 

drinking water. It is often difficult to remove lower molecular weight DBPs precursors from water 

through available pretreatment approaches. The effective removal of NOM is generally costly. 

The use of alternative disinfectants such as ozone as the primary disinfectant and chloramine for 

residual protection can also limit the amount of regulated DBPs. However, the formation of 

unregulated DBPs might be a concern from toxicological point of view. Moreover, there are often 

high operational costs associated with this approach. As a result, in communities where cost is one 
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of the critical deciding factors, trade-off studies are often necessary to identify the best 

disinfection option. In trade-off studies, each of the basic attributes affecting the decision making 

process are considered. These are then carried over following a standard procedure for the 

assessment of the best treatment technology.  

Fuzzy based evaluation through hierarchy structure involves the identification and 

fuzzification of the basic attributes, assignment of relative weights, aggregation through hierarchy 

structure, defuzzification and ranking of management alternatives. In this study, the fuzzified 

values of each basic attribute were grouped using a hierarchical structure. Final fuzzy sets were 

defuzzified and utility values were evaluated to determine their ranking order. The weighting 

schemes were developed using AHP. Disinfection performance was assigned a higher priority to 

outline the importance of human health protection from waterborne diseases. By assigning 

different weighting schemes, five trials were performed to assess the impact of different weighting 

schemes on the overall system. The evaluation was found to be sensitive to the assignment of 

weighting schemes; thus selection of weighting schemes requires expert opinions. In the first trial, 

the risk associated with DBPs exposure was given equal priority to the cost.  Chlorination was 

ranked as the treatment option of choice (Table A.6).  

Table A.6. Summary of the results 
 

 Trial-1 Trial-2 Trial-3 Trial-4 Trial-5 

Chlorination 0.7 0.7 0.66 0.65 0.68 

GAC with post chlorination 0.66 0.68 0.64 0.66 0.62 
Chloramination 0.63 0.63 0.61 0.61 0.62 

 
In this trial, the weight assignment was as: risk = 0.214; cost = 0.214, technical feasibility 

= 0.143 and disinfection performance = 0.428. In the second trial, risk associated with DBPs 

exposure was assigned higher priority than cost and technical feasibility and disinfection 

efficiency was given two times priority than risk from DBPs exposure (risk = 0.233; cost = 0.186, 
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technical feasibility = 0.116 and disinfection performance = 0.465). Under this scenario, 

chlorination was ranked as the treatment option of choice (Table A.6). In the third trial, risk from 

exposure to DBPs was given equal priority to disinfection performance and twice priority than 

cost and technical feasibility (risk = 0.333; cost = 0.165, technical feasibility = 0.165 and 

disinfection performance = 0.333). Chlorination was again ranked as the preferred treatment 

option (Table A.6). In fourth trial, risk from DBPs exposure and disinfection performance were 

given a much higher priority, but cost and technical feasibility were given equal priority (risk = 

0.4; cost = 0.1, technical feasibility = 0.1 and disinfection performance = 0.4). Chlorination with 

GAC was ranked as the best treatment option. Hence, the weighting scheme was found to be a 

sensitive parameter in the evaluation of treatment options (Table A.6). In fifth trial, each of the 

criteria was assigned equal priority (risk = 0.25; cost = 0.25, technical feasibility = 0.25 and 

disinfection performance = 0.25). In this case, chlorination was ranked as the first treatment option 

once again.  

This study suffers some limitations in terms of subjective judgments, imprecise data and 

fuzzy scaling, which could be improved through the establishment of a common platform. Once, a 

defined platform is obtained, this study could be extended to similar types of environmental 

management studies such as water quality issues, solid waste management, produce water 

discharges from offshore oil and gas platforms, etc.  

 
A.9. Acknowledgement 
 

The first author acknowledges Canada Graduate Scholarship (CGS) from Natural 

Sciences and Engineering Research Council of Canada (NSERC) and Graduate Award from 

Queen’s University, Canada for pursuing PhD study in the field of Environmental Management. 

 

 



 

 258

A.10. References 

Barrett SE, Krasner SW amd Amy GL. 2000. Natural organic matter and disinfect ion by-
products: Characterization and Control in drinking water-An overview. American Chemical 
Society. 
 
Bull RJ, Meier JR., Robinson M, Ringhand HP, Laurie RP, Stober JA. 1985. Evaluation of the 
mutagenic and carcinogenic properties of brominated and chlorinated acetonitriles: by-products of 
chlorination. Fundam Appl Toxicology 5: 1065-75. 
 
Cheng SJ and Lin Y. 2002. Evaluating the best main battle tank using fuzzy decision theory with 
linguistic criteria evaluation. European Journal of Operation Research 142: 174-186.  
 
Chen SJ and Hwang CL. 1992. Fuzzy Multiple Attribute Decision Making - Methods and 
Applications.  ISBN: 3-540-54998-6; Springer-Verlag; Berlin, Germany. 
 
Chowdhury S and Husain T. 2005. Human health risk from trihalomethanes (THMs) in drinking 
water–evaluation with fuzzy aggregation. WIT Transactions on Ecology and the Environment 85: 
299-309 
 
Chowdhury S and Champagne P. 2006. Multi-criteria decision-making in fuzzy environment. 
Proceedings of the 2006 Annual General Conference of the Canadian Society for Civil 
Engineering, May 23-26, Calgary, Alberta. 
 
Chowdhury S and Husain T. 2006. Evaluation of drinking water treatment technology: An 
entropy-based fuzzy application. J. Environmental Engineering  132(10): 1264-1271 
 
Chowdhury S., Champagne P. and Husain T. 2007. Fuzzy approach for selection of drinking water 
disinfectants. Journal of Water Supply: Research and Technology (Aqua) 56(2): 75-93 
 
Clark RM, Adams JQ, Lykins BW Jr. 1994. DBP control in drinking water: Cost and 
performance. Journal of Environmental Engineering 120(4): 759-781 
 
Clark RM, Adams JQ, Sethi V and Sivaganesan M. 1998. Control of microbial contaminants and 
disinfection by-products for drinking water in the US: cost and performance. J. Water SRT-Aqua 
47(6): 255-265. 
 
Ferson S. 1996. What Monte Carlo Methods Cannot Do? Human and Ecological Risk Assessment 
2: 990-1007 
 
IPCS (International Programme on Chemical Safety). 2000. Disinfectants and disinfectant by-
products. Environmental Health Criteria, 216.  
 
IRIS. 2006. The Integrated Risk Information System online database; Website: 
http://www.epa.gov/iris/subst/index.html; US Environmental Protection Agency, Washington 
D.C. 
 
Kim J, Chung Y, Shin D, Kim M, Lee Y, Lim Y and Lee D. 2002. Chlorination by-products in 
surface water treatment process. Desalination 151: 1-9 
 

http://www.epa.gov/iris/subst/index.html


 

 259

King WD and Marrett LD. 1996. Case-Control Study of Bladder Cancer and Chlorination By-
products in Treated Water (Ontario, Canada). Cancer Causes and Controls 7: 596-604. 
 
King WD, Marrett LD and Woolcott CG. 2000. Case-Control Study of Colon and Rectal Cancers 
and Chlorination By-products in Treated Water. Cancer Epidemiology, Biomarkers and 
Prevention 9: 813-818. 
 
Klir and Yuan. 1995. Fuzzy Sets and Fuzzy Logic-Theory and Applications. Prentice- Hall, 
Englewood Cliffs, NJ, USA 
 
Lee WL. 1992. Risk Assessment and Risk Management for Nitrate-Contaminated Groundwater 
Supplies. PhD Thesis, University of Nebraska. 
 
Lee HM. 1996. Applying fuzzy set theory to evaluate the rate of aggregative risk in software 
development. Fuzzy Sets and Systems 79, 323-336. 
 
Lykins BW Jr., Koffskey WE and Patterson KS. 1994. Alternative disinfectants for drinking water 
treatment. Journal of Environmental Engineering 120(4): 745-758 
 
MacKenzie WR, Hoxie NJ, Proctor ME, Gradus MS and Blair KA. 1994. A massive outbreak in 
Milwaukee of cryptosporidium infection transmitted through the public water supply. N Engl J 
Med 331: 161-71. 
 
Mills CJ, Bull RJ, Cantor KP, Reif J, Hrudey SE and Huston P. 1998. Health Risks of Drinking 
Water Chlorination By-products: Report of an Expert Working Group. Chronic Diseases in 
Canada 19(3): 91-102  
 
MOE. 2002. A summary: Report of the Walkerton inquiry: The events of May 2000 and related 
issues. Part One; The Honorable Dennis R. O’Connor, Ontario Ministry of the Attorney General. 
MOE. 2004. Drinking Water Surveillance Program (DWSP) summary reports for 2000, 2001 and 
2002. Ministry of Environment, Ontario, Canada. 
 
Pereira MA. 1996. Carcinogenic activity of dichloroacetic acid and trichloroacetic acid in the liver 
of female B6C3F1 mice. Fundam. Appl. Toxicol. 31:192-9. 
 
Reiff FM. 1995. Balancing the chemical and microbial risks in the disinfection of drinking water 
supplies in developing countries. In the Proceedings of the Rome Symposium, September 1994, 
IAHS Pub. No. 233 
 
Richardson SD. 2005. New disinfection by-product issues: Emerging DBPs and alternative routes 
of exposure. Global Nest Journal, 7 (1): 43-60 
 
Saaty TL. 1988. Multi-criteria decision-making: The Analytic Hierarchy Process. University of 
Pittsburgh, Pittsburgh, PA. 
 
Sadiq R, Husain T Veitch B and Bose N. 2004. Risk –based decision making for drilling waste 
discharges using a fuzzy synthetic evaluation technique. Ocean Engineering 31: 1929-1953. 
 
Singer C. 1994. Control of Disinfection by-products in drinking water. Journal of Environmental 
Engineering-American Society of Civil Engineers 120(4): 727. 
 



 

 260

Stevens AA. Slocum CJ, Seeger DR and Robeck CB. 1976.  Measurement of THM and precursor 
concentration changes. JAWWA, 68: 546-554 
 
Sung W, Matthews BR, O’Day K and Horrigan K. 2000. Modeling DBP formation. J AWWA, 
92(5): 53-63  
 
USEPA. 1998. Human Health Risk Assessment Protocol. EPA-530-D-98-001A; USEPA Office of 
Solid Waste, USA. 
 
USEPA. 2006. National Primary Drinking Water Regulations: Stage 2 Disinfectants and 
Disinfection Byproducts Rule: Final Rule.  Federal Register 71(2), January 4  
 
WHO. 2002. Water and Sanitation: Facts and Figures. [On-Line]. Available: 
http://www.who.int/water_sanitation_health/General/ factsandfigures.htm   
 
Zadeh LA. 1965. Fuzzy sets. Information and Control 8: 338-353 
 
Zimmermann HJ. 2001. Fuzzy Set Theory-and its applications, Kluwer Academic Publishers, 
Norwell, Massachusetts, 4th edition 
 
 
 

http://www.who.int/water_sanitation_health/General/factsandfigures.htm

	This paper was originally published online on Jan 12, 2009 in the
	3.4.3. Limitations of Probabilistic Methods
	3.5. Interval Analysis
	3.5.1 Limitations of Interval Analysis
	3.6. Fuzzy Set Theory
	3.6.1. Limitations of Fuzzy Set Theory
	3.7. Possibility Theory
	3.7.1. Limitations of Possibility Theory
	This paper was originally published online on Feb 11, 20 09 in
	                           TP: Treatment plant; DS: Distribution system; MIN: Minimum
	Table 4.3. Multivariate correlations for surface water sourced data in treatment plants
	Table 4.4. Pairwise correlations for six variables in treatment plant (surface water sourced data)


	This paper was Originally Submitted on Dec 01, 2008 in
	Originally Published in Oct 22, 2008 in
	7.4. Disinfectants and Disinfection Approaches
	The methodology for this study has been presented in details in Chowdhury and Champagne (2008). In this section, a brief summary of the methodology has been incorporated. The main criteria (human health risk, cost, technical feasibility and disinfection performance) were divided into basic criteria following a multi-stage risk management model. For example, the basic criteria of human health risk (a1) are cancer (a111) and non-cancer (a112) risks from exposure to DBPs in drinking water (Figure 7.1). These basic criteria (a111 and a112) can be quantified using DBPs concentrations, exposure to DBPs, toxicity and other factors (USEPA, 1998). The DBPs concentrations are estimated using water quality and operational parameters substituted into a DBPs formation model. The data for the basic criteria associated with cost, technical feasibility and disinfection performance can be determined from scientific literature (Clark et al., 1994, 1998; Lykins et al., 1994; Chowdhury and Husain, 2006; Chowdhury and Champagne, 2008). This study followed a systematic approach for the evaluation and aggregation of different basic criteria. The steps of the approach are outlined below:
	Table 7.2. Water quality and operational parameters of Smiths Falls water supply system
	Table 7.3. Distribution of THMs for Smiths Falls water supply system
	Table 7.4. Input variables for basic attributes
	Table 7.5. Fuzzy scales for basic attributes with triangular fuzzy numbers
	Table 7.6. Fuzzified sets of basic attributes for different treatment technology
	Table 7.7. Weighing schemes of different hierarchy level attributes
	Table 7.8. Summary of the results
	7.7. Summary and Conclusions


	Selecting water disinfection processes using fuzzy synthetic evaluation (FSE) technique
	This paper was originally published in 
	Water Quality Research Journal of Canada 2008, 43(1): 1-10
	A.4. Formation of DBPs
	A.5. Disinfectants
	A.6. Fuzzy Set Theory
	Figure A.1. Construction of membership function
	Figure A.2.  Framework for fuzzy aggregation


	Table A.2. Fuzzy scales for basic attributes with triangular fuzzy numbers
	Table A.3. Input variables for basic attributes
	Table A.4. Fuzzified sets of basic attributes for different treatment technology
	Table A.5. Weighing Schemes of different hierarchy level attributes
	Figure A.9 provides partial evidence of cost status in terms of different scales ((1, (2, (3, (4, (5, (6). The centroids of different criteria for the three alternatives (chlorine, GAC with post- chlorination and chloramination) can be arranged in matrix form as:
	A.8. Summary and Conclusions


	Table A.6. Summary of the results
	Chlorination



