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ABSTRACT 

Trihalomethanes (THMs) are known byproducts of 

the disinfection process when chlorine is applied to 

natural waters containing humic substances. This reaction 

is influenced by precursor source and concentration, pH, 

temperature, chlorine dose, bromide level and reaction 

time. As THM is a probable carcinogen, the USEPA has 

imposed a MCL of 100 ug/L for total THMs in drinking 

water. 

Past efforts have been focussed on developing 

models for predicting THM concentration as a function of 

various factors affecting the reaction. All these 

previous modelling efforts were based on small data bases 

with little diversity in raw water characteristics. In 

this research a large data base was generated by 

conducting THM kinetic experiments on 9 water sources 

acquired from throughout the United States. Using this 

extensive data base empirical models (4 overall models 

and 4 types of models for each individual water source) 

were developed using a statistical package (SPSS), in 

conjunction with a CYBER CDC 175 computer. Separate 

submodels were developed for short term versus long term 

reaction times. In addition to actual model development, 

guidelines were prepared for developing source specific 

x 



models using the modelling approaches developed during 

this research. 

xi 



CHAPTER 1 

INTRODUCTION 

Water obtained from most surface water and some 

ground water sources contain aquatic humus material 

derived from soil or vegetative degradation. The humic 

material in natural waters varies from source to source 

and its exact chemical nature is not yet known. Humic 

substances are characterized by a largely aromatic 

infrastructure with various aromatic rings joined 

together by hydrogen bonding. Carboxylic and phenolic 

functional groups impart a pH related charge density 

(Trussell and Umphres. ,1978) . These functional groups 

react with chlorine, yielding harmful byproducts commonly 

referred to as trihalomethanes (three of the hydrogen 

atom from a methane molecule are replaced by halogen 

atoms). The most commonly encountered THM species are 

chloroform(CHC1 3), bromodichloromethane(CHC1 2Br), 

dibromochloromethane(CHClBrg), and bromoform(CHBr^). In 

1976 the National Cancer Institute published a 

report(National Cancer Institute.,1976) revealing that 

chloroform is a carcinogen to lab animals. After this 

finding, the USEPA took strong action to prevent long 

term exposure of treated drinking water users to 

1 
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chlorform and THMs. In 1975 the USEPA conducted the 

National Organics Reconaissance Survey (NORS) (Symons et 

al.,1975). The goal of this survey in regard to 

trihalomethanes was to determine the presence and 

abundance of THM species in finished drinking water. This 

survey revealed the widespread occurrence of THM species 

in finished drinking water, yielding the conclusion that 

these species were probably formed during the 

chlorination process. Median concentrations of various 

THM species were found to be 21 ug/L of CHC1 3 , 6 ug/L of 

CHC1 2Br and 1.2 ug/L of CHC1Br 2 . Bromoform was 

undetectable in most of the cases. A good correlation was 

found between nonvolatile total organic carbon(NVTOC) and 

measured THMs in the 80 finished water samples examined. 

Higher THM concentration was also noticed in plants with 

a high pH resulting from lime softening. To gain further 

understanding of this subject, the USEPA undertook the 

"National Organics Monitoring Survey (NOMS)" 

{USEPA.,1978), where samples were collected to produce 

data for proposed maximum contaminant levels (MCLs) for 

various organics in drinking water. The study found THMs 

to be the most widespread organics present in highest 

concentration in the 113 water supplies sampled (Cotruvo 

and Wu.,l978). This study also identified humic 

substances as probable precursors. 
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These observations regarding THMs in drinking 

water led to a regulation for controlling THM concentra

tion in drinking water supplies (USEPA. , 1979) . k MCL of 

100 ug/L for total trihalomethane was imposed for water 

supplies serving a population of 10,000 or more. 

Rook(1974) and Bellar and Lichtenberg(1974) found 

that the concentration of humic materials affects the 

concentration of THMs when chlorinating surface waters. 

Stevens and Symons(1978) and Lange and Kawczynski(1978) 

observed a rapid initial phase of THM production followed 

by a slower subsequent phase, resulting in a leveling off 

of THM concentration, during kinetic experiments involving 

reaction of chlorine with humic substances. All of these 

researchers identified precursor source and concentration, 

pH, temperature, bromide level, and chlorine dose, among 

others, as factors influencing THM formation reaction. 

Past efforts to develop models for predicting THM 

concentration have been on the basis of the factors 

mentioned above. As most of the complex chemistry behind 

THM formation is not known, modelling efforts have been 

mostly empirical. Some of the existing models emphasize 

the apparent stoichiometry of the classic haloform 

reaction between chlorine and organic carbon, whereas 

others have emphasized statistical derivation (using 

linear or nonlinear regression analysis) of models from 

experimental results. 
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In this research, linear and nonlinear empirical 

modelling has been done using one of the most extensive 

data bases available (generated during the research) in 

THM related studies. THM kinetics experiments were done 

using 9 waters collected from various locations throughout 

the United States. Formulation of models emphasized both 

chemical and statistical aspects of THM formation 

kinetics, rather than trying to develop models with a 

sound statistical basis alone. Use of such an extensive 

data base permitted the development of models which can 

be used effectively in predicting THM concentration from 

varied precursor source and varied reaction conditions. 

In addition to developing models for predictiong 

trihalomethanes in chlorinated drinking water, this 

research also defines a general strategy for developing 

source specific models for various water sources using 

the model formats developed herein. 



CHAPTER 2 

RESEARCH OBJECTIVES 

The general objective of this research was to 

develop models for predicting THM concentration as a 

function of reaction tine over a wide range of raw water 

characteristics. Specific research objectives include; 

1. Develop overall models using the large data 

base to predict THM concentration from various 

measurable parameters. 

2. Develop source specific models for individual 

waters, comprising the data base. 

3. Conduct an internal validation of models in 

which predicted values are compared against 

measured values for each data entry within the 

data base. 

4. Conduct an external validation of models in 

which data taken from the literature was used 

to develop predicted THM levels which are then 

compared with measured values reported by 

other researchers. 

5. Prepare guidelines for developing source 

specific models for water sources other than 

those studied during this research. 



CHAPTER 3 

LITERATURE REVIEW 

A detailed review of pertinant literature on the 

subject of THM formation in drinking water was done by 

Fraas(1984) in a M.S. thesis at the University of 

Arizona. The current work is essentially an extension of 

the work done by Fraas(1984) conducted under the same 

research grant. Therefore, it was considered somewhat 

redundant to discuss the same literature once again, 

however, a brief overview of pertinant literature is 

given here. Source and classification of THM precursors 

was explored by Rice(1980), Christman(1963a,1963b,1966), 

0den(1919), and Page(1930). Humic substances have been 

characterized by Rook(1977), Weber and Wilson(1975) 

Glasser and Edzwald(1979), Narkis and Rebhun(1977), and 

others. Hypothesized mechanisms of the THM formation 

reaction have been well doccumented by Morris(1975), 

Stevens et al,(1975), Jolley and Carpenter(1983), 

Rook(1974b,1976, 1977 ,1979), Boyce et al,(1983), Morris 

and Baum(1977), Christman et al,(1977), Arguello et 

al,(1979) f  Noack and Doerr(1977), Beller and 

Lichtenberg(1974) and others. The kinetics of THM 

formation was discussed by Rook(1974b), Trussell and 

6 
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Umphres(1978), Oliver and Lawrence{1979), Trechy and 

Beiber(1980) and Stevens and Symons(1977). The effects of 

pH on THM formation were analyzed by several researchers 

including Siemak et al,(1979), Oliver and Lawrence(1979), 

Stevens(1979 ) , Engerholm and Amy(1983), Trechy and 

Beiber( 1980) , Trussel and Umphres(1978) , Stevens et 

al , (19 7 5 ) and Boyce et al, (1983) . Effect of temperatur e 

on THM formation was studied by Engerholm and Amy(1983), 

Stevens et al,(1975), Stevens and Symons(1977), Young and 

Singer(1978) , Arguello et al,(1979 ), Hubbs et al,(1977), 

Amy et al,(1983), 01iver(1980) and others. Chlorine dose 

has been shown to exert a positive effect on THM 

formation. This area has been, explored by Kavanaugh et 

al,(1980), Trechy and Beiber{1980), Stevens and 

Symons(1977) , Siemak et al,{ 1979), Trussell and 

Umphres(1978), Oliver and Lawrence(1979) and Engerholm 

and Amy(1983). The presence of bromide ion affects the 

THM formation reaction. In this area, major works has 

been done by Minear and Bird(1980), Rook(1979), 

Stevens(1979), Siemak et al,(1979), 01iver(1980), 

Cooper(1983) and Gould et al,(1983). Precursor source and 

concentration represents an important aspect of the THM 

formation reaction. Effects of precursor related 

parameters on THM formation were discused mainly by 

Trechy and Bieber(1980), Siemak et al,(1979), Stevens and 

Symons(1977 ) , Rook(1974b), Young and Singer(1978) , 
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Veenstra and Schoor(1980), Oliver and Thurman(1983), 

Singer et al,(1981) and Amy et al,(1984a). 

The reactions of precursor materials with 

chlorine In forming trihalonethanes are so complex that 

analytical modelling is almost impossible. All recent 

modelling efforts for predicting THMs in drinking water 

are therefore empirical, resulting from statistical 

analysis of data derived from controlled condition 

laboratory experiments or data from actual water 

treatment facilities. Efforts have focussed on both 

linear and nonlinear modelling of THM formation kinetics. 

Varied levels of success have been achieved in these 

modelling efforts. In the following paragraphs, a 

discussion of various existing models is presented. 

Moore model 

Noore et al(1979) examined nineteen water 

treatment facilites in his modelling efforts. Raw and 

treated water information were obtained from nineteen 

facilities in Massachusetts. Moore performed stepwise 

multiple linear regression analysis to select important 

parameters that effectively explain chloroform formation. 

2 
He observed that 84516 (r =0.84) of variation in chloroform 

data is explained by chlorine dose and therefore, 

suggested the following model for predicting chloroform 

formation; 



CHCLg = -11.24 + 22.23»(C1 2  dose in mg/1) 

Moore did not find any good correlation between 

THM concentration and other factors such as precursor, 

bromide, or temperature, and hence did not include any 

terms in his model to account for these factors. 

2 Therefore, although his model has a respectable r value, 

good predictions might not be obtained for waters other 

than those with comparable precursor characteristics. 

Trussell and Umphres model 

In their model formulation Trussell and 

Umphres(1978) followed a theoretical approach. They 

assumed that THM formation kinetics is first order with 

respect to residual chlorine and developed the following 

differential equation. 

dTTHM/dt = k 2(Cl 2)(C) m  

where m is the order of reaction with respect to 

precursor and C is the concentration of the precursor. 

They used a fixed percentage of TOC to estimate C and 

calibrated their model with Contra Costa County Water 

District data and found the value of m to be 3, i.e. THM 

formation rate is third order with respect to precursor 

concentration. As compared to Moore's model, this model 

represents an improvement because precursor variation was 

considered in the model although it is not explicit. Also 

the reaction rate constant k is a complex function of 



other parameters which are not defined. 

Kavanaugh model 

Kavanaugh et al,(1980) assumed the following 

stoichiometry for THM formation reaction; 

3A + B k c 

where A represents HOCl, B represents TOC and C stands 

for THM concentration. For this stoichiometry the rate 

expression for THM formation is; 

dC/dt = k (B)(A)m 
n 

if the reaction is assumed first order with respect to 

10 

TOC and m order with respect to chlorine dose. Kavanaugh 

et al, (1980) related chlorine dose to THM concentration 

by THM yield parameter, f, which is the ratio of moles of 

THM formed to moles of chlorine consumed. The rate 

expression then becomes; 

where A0 is the initial chlorine dose. Kavanaugh et 

al,(1980) calibrated the model for batch chlorination 

results with m=1 and m=3. They found a correlation 

coefficient of greater than 0.97 for m=3, but the 

calibrated model underpredicted at reaction times lower 

than 100 minutes. This model has good theoretical basis 

if THM is allowed to represent chloroform, as it is 

assumed in the stoichiometric equation. This model uses a 

difficult to measure chlorine dose parameter, f, 
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representing the amount of chlorine consumed in THM 

formation rather than the applied chlorine dose. 

Engerhclm and Amy model 

Engerholm and Amy(1983) developed an empirical 

model for predicting CHClg concentrations derived from 

chlorinating humic acid solutions. Their model consists 

of different submodels for reaction time, C1 2/T0C and TOC 

as described below; 

CHC1^ « 

CKC1, 

CHC1, 

Ka ( t )  

K b[Cl 2/TOC] Y(t) Z  

K[TOC] X[C1 2/TOC] Y(t) 2  

where; K,K a,and K b  

t 

roc 

ci2/roc 

and x, y, z 

Empirically derived constants. 

Reaction time. 

Cone, of humic acid mg/1 as C. 

Ratio of chlorine dose to 

TOC(dimension less) 

Empirical constants. 

Engerholni( 1981 ) modified the above model to 

simulate fulvic acid as a precursor, as follows; 

CHCi 3  = k 3(k 1k 2[T0C] X[C1 2/T0C] Y(t) Z) q  

where lc 3  and q are constants for a fulvic acid precursor. 

Both of these constants are equal to 1 for humic acid as 

a precursor, and hence the generalized model reverts back 

•to the original humic acid model. The constants of these 

models embody the efforts of pH temperature and precursor 



but not bromide. One major limitation of this model is 

that the independent variables chosen are not mutually 

independent; a strong correlation between TOC and C1 2/T0C 

terms would be expected . Although the researchers got a 

2 good correlation coefficient (r *0.94), this model must 

be recalibrated for precursor type (i.e. k g  and q) for 

use with other sources. 

Khordagui model 

Khordagui(1982) developed a statistical model for 

predicting various THM species as well as total THM 

concentration, as depicted below; 

y5 =  b0 +  bl Xl X2 +  b2 X2 X3 +  b3 X3 X6 " b4 X4 2  

+  b5 X4 X5 " b6 X5 / X2 " b7 x4 / x3 " b8 x2 / x4 

where y g  = Square root of predicted THM 

concentration. 

Xj^ = Temperature in degree centigrade. 

x 2  = Humic substances mg/1 TOC. 

x 3  = Chlorine dose in mg/1 

x. = Reaction time in minutes. 
4 

x 5  = PH 

x_ = Bromide concentration in mg/1 
o 

and bj 1s = Regression coefficients. 

This model was calibrated using a single raw 

water derived from Michigan Peat, and was found to 

overpredict by 25-75 percent. 



While inclusion of successive multiplicative 

terms in this model improved the R 2 value, some of 

the model terms make no chemical sense, a factor which 

should be a 

prime objective in modelling chemical reactions. 

Morrow and Minear model 

Morrow and Minear(1983} developed a nonlinear 

"fixed reaction time" THM prediction model for the 

13 

Holston River, Tennessee as a water source. Their model 

assumed the following form; 

- b b 0 + [Br] 1 + b
2

(log[Cl
2 

dose]) THM = 

+ b (pH) + 10(b4)Temp + b (TOC) 
3 5 

where b0 , b 1 , ...... b 5 are empirically derived 

constants. Due to the lack of diversity in raw water 

characteristics and reaction time in the model, this 

model cannot be considered universal. The model was found 

to underpredict most of the time when applied to other 

Tennessee water sources. 

Urano, Wada and Takemosa model 

Urano, Wada and Takemosa(l983) studied the THM 

formation reaction by chlorinating humic acid solutions. 

They studied the effects of precursor, chlorine dose, pH 

and temperature on THM formation and suggested the 

following model; 
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THM = k(pH-a)(TOC)(Cl 2) mt n  

where k, a, m, and n are empirically derived constants. 

The authors developed plots of THM versus pH for specific 

reaction times and showed that the best fit lines 

corresponding to these plots intersected the abscissae at 

a pH of 2.8, which implies that THMs ceases to form at a 

pH of 2.8. This modelling approach makes chemical sense 

since one does not expect THM formation at very low pH, 

based on results presented in the literature. This model 

was calibrated for humic acid data and thus would not be 

expected to predict very well for different water 

sour ces. 

Luonge, Peters and Perry model 

Luonge, Peters and Perry(1982) carried out 

laboratory experiments to calibrate a model to encompass 

the change in chloroform concentration due to the change 

in ambient bromide concentration. Their model is as 

foilows; 

ln{[T.Chlor] B r/IT.Chlor] Q> = -96[Br"][TOC] 1 / 2[CI 2] _ 1' 3  

where; [T.Chlor] Q  = Total chloroform concentration at 

zero ambient bromide level. 

[T.Chlor]- - = Total chloroform concentration in 
Br 

the presence of Bromide. 

This model can only act as a submodel to some other model 

which would be able to predict chloroform concentration 



at zero bromide level. 

All the modelling efforts described in this 

section were formulated and calibrated with small data 

bases with relatively minor diversity in the raw water 

quality. For this reason the models developed by 

researchers, as described in this section, are not 

considered universal. Some of the researchers adopted a 

strategy of developing models which make more statistical 

2 sense (i.e. better r ) than chemical sense. Some 

researchers attempted to explain the chemistry of THM 

formation on more of a theoretical basis, which is not 

yet fully understood. Conversely, the approach adopted in 

this research is to develop models which make more 

chemical sense while utilizing a data base with great 

diversity in raw water quality. 



CHAPTER 4 

EXPERIMENTAL METHODS 

Raw Water Characterization 

During the course of this research nine unique 

water samples were examined over a period of one and a 

half years. Sources of these samples were distributed 

throughout the United States, representing a myriad of 

raw water characteristics encountered in various water 

treatment facilities. Selection of these waters was based 

on past research and EPA studies. About 30 litres of 

discrete grab samples of raw water source were collected 

prior to any treatment in two Nalgene plastic containers, 

Samples were collected by local water utility personnel 

and were shipped to the University of Arizona and stored 

O 
at 4 C. Characterization studies were performed on the 

samples as soon as they arrived at the campus. Periodic 

recharacterization was done to insure sample stability. A 

qualitative classification of the experimental samples is 

shown in Table 4-1. Results of detailed characterization 

studies are shown in Table 5-1. 

Nonvolatile total organic carbon (NVTOC) was 

analyzed with a Dohrman DC-80 TOC analyzer, which 

16 
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Table 4-1 General Characteristics of Waters Studied 

Sample Source Color Turbidity 

Edisto River,South Carolina. Very High Moderate 

Scioto River,Ohio. Low Very Low 

Verde River,Arizona. Very Low High 

Biscayne Aquifer,Florida. Moderate Low 

Ilwaco Reservoir,Washington. High Moderate 

Kaw Reservoir,Oklahoma. Low Very High 

Grasse River,New York. High Low 

Pearl River,Mississippi . Low Very High 

James River,South Dakota. Moderate Moderate 
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involves ultraviolet light catalyzed oxidation of organic 

carbon by potassium persulfate. Before sample injection, 

aliquots was acidified with concentrated phosphoric acid 

and purged with nitrogen gas for three minutes for 

removing inorganic carbon. This test was run in 

triplicate and the average was reported. 

Turbidity was measured using a Hach 2100A 

Turbidimeter after the sample was mixed thoroughly for 

uni formi ty. 

For color determination Method 204A (Standard 

Methods. ,19 8 0) was used. This method involves measurement 

of color by visual comparison of the sample with standard 

color solutions contained in a series of comparison 

tubes. 

A Corning 125 pH meter with a Ag/AgCl electrode 

was used for pH measurement of the samples. A two point 

calibration was done using standard buffer solutions 

prior to each pH mesurement. 

The bromide ion concentration of natural surface 

waters is usually very low. Different analytical 

techniques were used to obtain a reasonable estimate of 

the raw water bromide concentration. One method involved 

measurement by a double column Dionex Model 10 ion 

chromatograph at the University of Arizona Analytical 

Center. In a parallel effort, sample aliquots were sent 

to the Drinking Water Research Center at Florida 
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International University (FIU) for measurement of bromide 

using a different Dionex Model 10 ion chromatograph. The 

third method used for determining bromide was a wet 

chemistry method using Perkin Elmer Model 200 

spectrophotometer for final detection. This method is 

described in detail by Fishman and Skougstad(1963). 

Outline of this approach and the reaction involved are 

shown in Figure 4-1. It was observed that the results 

obtained from the Drinking Water Research Center at FIU 

and from the wet chemistry approach compared very well, 

Final decision regarding the bromide level of the water 

examined was made on the basis of these three results. In 

most cases, the bromide ion concentration was estimated, 

by averaging the results from FIU and the 

spectrophotometric method. 

The UV absorbance of each water samples vras 

measured by a Perkin Elmer Model 200 UV-Visible 

spectrophotometer with one cm cells at 254 nm, after 

adjusting the pH to 7.0 

For measuring ammonia nitrogen, the 

Nesslerization Method, 417B, (Standard Methods.,1980) was 

carried out followed by a preliminary distillation 

method, 417A (Standard Methods.,1980). 

Iron and Manganese determination were done using 

an atomic absorption spectrophotometer, Perkin Elmer 

Model 360. 
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Experimental Matrix 

In the THM formation experiments, several 

parameters were varied in a controlled manner to isolate 

their effects on THM formation. Control variables chosen 

for this research were: 

1. Reaction time 

2 . pH 

3. Chlorine to NVTOC ratio 

4. Bromide 

5. Temperature. 

For each water, an experiment with a 3:1 Chlorine to 

NVTOC ratio at a temperature of 20°C, ambient pH, and 

bromide conditions was designated as the "base 

experiment", denoted by Experiment no.-l. By varying the 

above mentioned control variables, 13 different 

combinations were studied as summarized in Table 4-2. Ten 

different reaction times, 0.1, 0.5, 1, 2, 4, 8, 24, 48, 

96, 168 hours, were selected to study the kinetic 

behavior of trihalomethane formation. The maximum 

reaction time of 168 hours was selected because it is the 

recommended period for trihalomethane formation potential 

(THMFP) by the USEPA (USEPA.,1979). In Experiment number 

12 all the control variables were set at levels most 

conducive to THM formation while in Experiment number 13, 

parameters were set at levels least conducive to THM 

format ion. 



Table 4-2 Experimental Conditions 

Experiment ID 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

1 1  

PH Temp(°C) 

1 2  

Ambient 20 

Ambient 20 

Ambient 20 

Ambient 20 

Ambient-1.5 20 

Ambient+l.5 20 

Ambient 

Ambient 

Ambient 

Ambient 

Ambient 

10 

30 

20 

20 

20 

13 
** 

Ambi ent-rl. 5 30 

Ambient-1.5 10 

Cl^/TOC Bromide(mg/]) 

3 Ambient 

0.5 Ambient 

1 Ambient 

5 Ambient 

3 Ambient 

3 Ambient 

3 Ambient 

3 Ambient 

3 Ambient+0.25 

3 Ambient+0.50 

3 Ambient+l.0 

5 Ambient+l.0 

0.5 Ambient 

* - Worst Case. 
** - Best Case. 
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THM Formation Experiments 

All glassware used in THM formation experiment 

were acid washed with a solution of chromic acid and 

sulfuric acid to ensure microgram level accuracy of the 

experimental results. Clean dry 120 ml glass serum vials 

were used as reaction vessels for THM formation. 

One large batch of sample (1.25 litres) was 

prepared in a 2 litre Erlynmeyer flask for a given 

experiment with 10 reaction times. The large batch of 

sample was buffered to the desired pH level with either a 

0.1M phosphate buffer (KH2 Po 4 and Na 2 HP0 4 ) or a O.lM 

borate buffer (H 3ao3 and Na 2 B2 o 7 .10H 20) depending on the 

objective pH value. These buffers are inorganic and do 

not interfere with THM formation reaction. In bromide 

"spike" experiments, additional bromide was added to the 

sample by adding an appropriate amount of stock NaBr 

solution by a syringe or a micropipette. The sample and 

empty vials were brought to the desired temperature by 

placing them in an incubator set priviously at that 

temperature. Once the water attained the desired reaction 

temperature, samples were transferred to the serum vials 

and sealed at the top by teflon coated septa and crimped 

metal retainer caps with total elimination of headspace. 

The samples were then placed in their respective 

temperature incubator until chlorination was done. 
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Stock chlorine solutions of varying strength were 

prepared using reagent grade NaOCl, depending on the 

required chlorine dose. These stock solutions were 

standardized using the Iodometric Method I, 408A, (Standard 

Methods.,1980) to ensure proper dosing. The exact amount 

of chlorine solution was introduced into the vials with a 

syringe while another syringe was used to accept the dis

placed volume of water from the vials. Upon chlorination, 

the reaction was allowed to proceed at the specified 

incubator temperature until termination of the reaction. 

Just prior to completion of the designated 

reaction time, a qualitative test of chlorine residual 

was accomplished by taking a one ml portion of sample 

from the vial by displacement with distilled water and 

allowing it to react with a buffered DPD solution (1ml 

DPD and 1ml Phosphate buffer). Development of a red color 

in comparison to a blank with no sample was considered as 

a qualitative indication of the presence of residual free 

chlorine in the sample. This is a modified approach for 

quantitative chlorine determination as mentioned in 

method 408F (Standard Methods..1980). 

At the end of the designated reaction time, the 

THM formation reaction was terminated by introducing lml 

of 0.5N sodium thiosulfate solution, which represents a 

stoichiometric excess for neutralizing the original 

amount of chlorine in the vial. The vials were returned 



to the incubator until analysis by a gas chromatography. 

Gas chromatographic analyses were performed as soon as 

possible to minimize possible loss of THM species by 

volatilazation. 

THM Detection and Measurement 

THM species formed during kinetic experiments 

were extracted by a liquid-1iquid extraction procedure 

(LLE). For extraction of trihalomethane species, a 5ml 

portion of reagent grade pentane was injected into the 

vials by displacement. Vials were then shaken vigorously 

for 250 times in an identical manner. THM species are 

soluble in pentane and are extracted at a very high 

efficiency in the top pentane layer. There is another 

method of THM detection called Direct Aqueous Injection 

(DAI) where the aqueous sample is directly injected 

without any extraction procedure. Disadvantage of DAI as 

compared to LLE is that it requires a high injection 

o o o 

temperature (200 C to 250 C for DAI where as 90 C for 

LLE), which leads to erroneously high THM concentration 

(Beller and Lichtenberg. ,1974 , Boyce and Horning1980). 

USEPA recommends use of LLE (USEPA.,1979) for THM 

detection. A 3 microlitre aliquot of this THM-pentane 

solution was then injected into a Hewlett Packard 5794A 

gas chromatograph through its injection port using a 

Hamilton 701-N microsyringe. The gas chromatograph was 
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equipped with a Ni-63 electron capture detector and was 

connected to a Hewlett Packard 3390A integrator. Prior to 

actual THM detection, the gas chromatograph was 

calibrated using THM standards prepared as recommended by 

USEPA {1979). Operating condition of the gas 

chromatograph are listed in Table 4-3. A representative 

output from the integrator is shown in Figure 4-2. 

Experimental Quality Control 

To assure reproducibility of gas chromatographic 

analyses, five identical samples were prepared and tested 

for each of the ten reaction times. Samples were prepared 

by using purified Aldrich Humic Acid and all analytical 

work was conducted by a single person to minimize 

personnel error. The results of this analysis are 

presented in Table 4-4, showing reasonably good 

analytical reproducibility. 

Throughout the project, all samples were injected 

twice and the average result was taken. In certain 

instances where results from the two injections varied by 

more than five percent, a third injection was done to 

obtain a better estimate of the actual concentration. 
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Table - 4-3 

GC Operating Conditions. 

O 
Inlet Temperature 90 C. 

O 
Detector Temperature 275 C. 

0 
Column Temperature 67 C. 

Column Type Six foot 
glass column consisting 

of 10% squallance of 
chromosorb WAW(80/100 mesh). 

Carr ier/Purge Gas 95% Argon 
5% Methane. 

Carrier Gas Flowrate 66 cc/min. 



, •· J 1 CHBr 
3 

Fig. 4-2. Representative Output from Gas Chromatograph 
for Pearl River Bromide Spiked Experiment 
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Table 4-4 Results of Replication Analysis 

Reaction Replication number Mean Standard 
Time (hours) 12 3 4 5 Deviation 

0.1 65.7 66.5 65.1 66.8 73.4 67.5 3.37 

0.5 99.1 106. 106. 113. 110. 107. 5.23 

1 131. 122. 133. 133. 134. 131. 4.93 

2 131. 131. 144. 135. 142. 137. 6.11 

4 153. 162. 164. 155. 150. 157. 5.98 

8 198. 198. 184. 202. 207. 200 4.92 

24 237. 228. 238. 237. 241. 235. 5.66 

48 266. 256. 261. 262. 273. 264. 6.35 

96 274. 281. 281. 290. 280. 283. 6.69 

168 311. 271. 292. 291. 296. 292. 14.31 

Experinertal Conditions: 

PH 
Temperature 

CI2/TOC 

= Ambient. 
= 20 C. 
= 3.0 



CHAPTER 5 

RESULTS AND DISCUSSION 

The primary objective of this chapter is to 

present and discuss statistically derived models for the 

prediction of total trihalomethane formation in untreated 

natural waters subjected to chlorination. The goal is to 

develop statistically valid yet chemically rational 

models. A secondary objective is to define a general 

framework for developing source specific models. This 

chapter includes a description of statistical procedures 

as a prelude to discussions pertaining to parameter 

effects on THM formation, model formulation, model 

calibration, and model validation. 

Description of Statistical Procedures 

Various statistical subroutines of the 

Statistical Package for Social Sciences (SPSS), were used 

in this research, including "SCATTERGRAM", "PEARSON 

CORR", "PARTIAL CORR", "REGRESSION" {Linear regression), 

and "NONLINEAR" (Nonlinear regression) (Nie et al., 1975). 

"SCATTERGRAM" generates a plot of x versus y and provides 

an estimate of the coefficient of determination, 2 r . It 

also provides the slope and intercept of the regression 
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equation between x and y. "PEARSON CORR" generates zero 

order partial correlation coefficients between the 

variables specified whereas "PARTIAL CORR" provides 

higher order partial correlation coefficients. The 

difference between zero order and higher order partial 

correlation coefficients is that, in the former case, 

there is no control for the influence of other variables. 

Linear and nonlinear regression are described in more 

detail in the following paragraphs. 

Linear Regression 

In empirical research, experiments are conducted 

to generate data on a response variable or dependent 

variable, y, as a result of varying some known 

explanatory or independent variable(s) x^. If it is 

believed that the relationship between y and x^ is 

linear, a multiple linear regression can be performed 

which assumes that the functional relationship can be 

shown as; 

Y  =  b0 +  bl Xl +  b2 X2 +  * bp Xp ( 5- 1 )-

where b Q  , b 2, b p  are the partial regression 

coefficients for the corresponding independent variables, 

x is, and p is the number of independent variables in the 

equation. In the most simple case, arithmetic values of 

the experimentally controlled independent variables might 

be used in regression. In more complex cases, various 



transforms(i.e., logarithmic, inverse, square root, 

square, etc.) of those variables are used to linearize 

the relationship between x and y. If there is only one 

independent variable then the process is called a simple 

linear regression whereas if there are more than one 

explanatory variables, the process is termed as multiple 

linear regression. A nonlinear equation can also be 

established by performing nonlinear regression analysis. 

All of these options are available in the statistical 

package SPSS. (Nie et al. , 1975 ). 

A statistically established regression equation 

can be rewritten as follows; 

y  =  b0 +  bl Xl +  b2 X2 +  bp Xp +  Ui ( 5' 2 )  ' 

where b^, b^, bp are model coefficients and u^ 

is a random disturbance (Chatterjee. S. and B. Price., 

1977). The parameter u^ measures the difference between 

true and estimated value of y^ . In an ideal case, 

should be a randomly distributed variable that does not 

contain any systematic information for determining y that 

is not captured in the independent variables x^ . It is 

assumed that values of have a zero mean with a 

constant variance (Chatterjee. S. and B. Price., 19X7). 

The model coefficients; b,_, b., b ; can be 
oi p 

estimated by solving p number of simultaneous equations 

developed using the least squares method of analysis for 

experimental data. The least squares method essentially 
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2 
minimizes the total squared deviations, u^ . 

After fitting a set of data by a regression 

equation the goodness of fit should be evaluated. The 

most frequently used parameter for this purpose is called 

2 coefficient of determination and is denoted by R ; 

k 2  = {Z(Yi - <y i) 2/2(y i  - y^ 2} --- (5.3) 

where y\ is the predicted value of the response variable 

using the regression equation and y^ is the mean of the 

response variable, which is also the best estimate of 

in the absence of any explanatory variable. If there is 

no relation between x and y the best estimate of y. is y . 1 1 i 1 I 
2 in which case R = 0. On the other hand, if most of the 

variability of y is explained by the regression equation, 

(y^-y^) is very small and the coefficient of 

determination is close to 1. This discussion indicates 

2 that if the value of R is close to 1 the equation is a 

good fit and if it is close to zero it is not a good 

fit. This is not absolutely true in all cases. A large 

2 value of R does not necessarily mean that the data has 

been well fitted by the model (Chatterjee, S. and B. 

Price.,1977). For this reason various other tests such as 

t-test and F-test are usually performed to ensure the 

goodness of fit of a model. 

If the random disturbance u^ in the regression 

equation can be assumed to be normally distributed 

around the regression line it can be shown that we can 
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assign 100(1-~)% confidence limits for bi by calculating 

C.I.=bi ± t(n-p-1 , 1- ~/2) . s/{I(xi-xi) 2 }
0

· 5--(5.4). 

where s/{l(x. - x. ) 2 }0 · 5 is the estimated standard error 
~ ~ 

in bi and t(n-p-1,1-~/2) is the (1-«/2) percentage point 

of a t-distribution with n-p-1 degrees of freedom 

(Draper, N.R and H. Smith, .1981). In a t-test the 

hypothesis H0 :bi = 0 is tested against the alternative 

hypothesis H1 :bi f 0 by calculating t from the following 

equation and comparing it with the values t(n-p-1,1- ~/2) 

from the t-distribution table. 

t = bi{L(Xi- Xi)2}0.5/S ---------- (5.5). 

If the calculated t value is greater than that 

from the tables, the hypothesis H0 :bi = 0 is rejected. 

This conclusion can also be reached by looking at the 

confidence interval for bi. If the confidence interval 

brackets zero, then the hypothesis cannot be rejected 

(Draper, N~R. and H. Smith.,1977). The statistical 

package used for this research gives the confidence 

interval for each partial regression coefficient. 

The F-value for a coefficient can be computed by 

the following equation; 

F=MSR/s 2 ----------- (~~ 

where MSR is the mean square due to regres$ion and s 2 is 

the mean square due to residual variation (Draper, N.R. 

and H. Smith.,1977). MSR is given by; 

MSR = s 2 + bi 2 !(Xi- xi) 2 -------- (5.7). 



35 

This computed F-value is compared with the value 

obtained from the F -distribution table with 1 and n-p -1 

degrees of freedom. If the computed value is 1 arger th an 

the tabulated value , the null hypothesis H 
C : bi 

= 0 is 

rejected. If there is only one regression coe f fici ent 

(Simple regression) the F-test corresponds to the t-te St 

whereas if there are more than one regress ion coef f ici e-

nts, the overall F-test for the regression doe s no t 

correspond to the t -test of a coefficient. In this 

research, stepwise multiple linear regress ions were 

performed in which p independent variables <x. t 1 , 2 / . .  P) 

can be chosen from a set of different vari able transfo rms 

according to their significance. The subroutine stops 

entering independent variables when the predetermined 

number of variables have been entered into the regression 

equation or the F-values for the remaining transforms are 

smaller than a certain predefined F-value. After entering 

one variable in the equation, the subroutine calculates 

partial correlation coefficients for the remaining 

independent variables, and selects the one with highest 

partial correlation coefficient at that step. This 

procedure is particularly helpful in preliminary selection 

of transformations for different control variables. 

Nonlinear Regression 

A nonlinear function is sometimes found to be 

more appropriate in describing the relationship between 
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the explanatory and response variable. If some transform 

of the explanatory variable is used in a linear regression 

model, this also suggests a nonlinear function between the 

dependent and independent variables. This kind of 

functional relationship is called nonintrinsically 

nonlinear (Draper, N.R. and H. Smith.,1977), which means 

by transforming the equation, it can be converted back to 

a linear function of the parameter. Nonlinear regression 

models deal with intrinsically nonlinear functions, in 

which the parameters appear nonlinearly (Ratkowsky, 

D.A. ,1983). For example the following function is a 

nonlinear function (Draper, N.R. and H. Smith. ,1977); 

-------- (5.8). 

This type of function can be written in short as; 

y = f(b,x) 

Fitting a nonlinear model to a set of data is 

synonymous to minimizing the sum of squares, denoted by 

- 2 - . s= (yi-yi) where yi ~s the predicted response from the 

model. Minimizing sum of squares is mathematically 

equivalent to solving the set of simultaneous equation 

(with unknown bi) which are obtained as a result of the 

following operation; 

( 5 • 9 ) 

In a linear regression analysis, equation (5.9) 

gives rise to a set of p (number of parameters in the 
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regression model) simultaneous equations which, are linear 

with respect to and can be solved for definite roots, 

values of b i  . But in the case of nonlinear regression 

analysis, equation (5.9) leads to a set of p equations 

which are nonlinear in b^ Therefore, in order to solve 

for the values of , an iterative approach must be 

followed. The algorithm used for nonlinear regression in 

this research offers two options for solving these set of 

equations. These two methods are called; 

* Gauss-Newton method 

* Murqurdt's method. 

There is one other method called the steepest 

descent method (Draper, N.R. and H. Smith.,1977). In 

fact, Murqurdt's method is a compromise between steepest 

descent and Gauss method (Robinson, B.,1981). In the SPSS 

subroutine NONLINEAR used in this research, the model is 

specified in the form of FORTRAN statement. Either of the 

two convergence methods uses the partial derivatives of 

the function with respect to each coefficient in the 

solution process. These derivatives can be defined 

explicitly by the user or he can instruct the software to 

compute derivatives. User defined derivatives are checked 

by SPSS for correctness. The user can also supply initial 

parameter estimates as well as permissible ranges of 

parameter values in order to facilitate convergence. This 
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is one of the most crucial steps in using SPSS NONLINEAR. 

The user should be very careful in choosing values and 

range of the parameters. Choosing the right values and 

ranges for the parameters can minimize the computational 

time significantly. If any of the parameters is known to 

have a constant value, it can be fixed by the user, in 

which case the parameter is deleted from the regression 

process (Robinson, B.,1981). The following observations 

were made by different researchers regarding the 

iteration process (Draper, N.R. and H. Smith.,1977); 

1. It may converge very slowly, specially 

with Gauss method. 

2. It may oscillate widely, continually 

reversing the direction. 

3. It may not converge at all, and even 

diverge. 

To terminate the computation after reaching a 

desired degree of accuracy or if any of · the above 

phenomena occur, one or more of several convergence 

criteria can be specified in the SPSS NONLINEAR 

procedure. These are; 

1. The largest relative change among all 

the parameters is less than a 

predefined tolerance value, TOLl. 

2. The relative change in the sum of 

squares function between two 
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successive iterations is less than a 

predefined tolerance, T0L2. 

3. The ratio of current sum of squares to 

the initial sum of squares is less 

than some predefined tolerance T0L3. 

4. The iteration count has reached a 

predefined maximum, MAXIT. 

The output derived from SPSS NONLINEAR can be 

chosen from various combination of statistical 

parameters (Robinson, B.,1981). The most important output 

consists of an iteration summary, final predicted 

parameter estimates (b i), and the minimum sum of squares 

after the convergence criteria are satisfied. 

In -this research, T0L2 was normally used as the 

convergence criterion. Iteration summary and the total 

sum of squares(SSE) were used for further evaluation of a 

derived model. The iteration summary indicates whether 

any type of failure occurred in a particular iteration. 

There are two possible types of failure; a boundary 

failure or a pivot failure. A boundary failure occurs 

when SPSS NONLINEAR tries to estimate some value of a 

parameter beyond its specified range whereas a pivot 

failure occurs when the pivotal element in a particular 

iteration becomes too small. 

Unfortunately, nonlinear regression analysis 

cannot perform a t-test or F-test analysis on the model 
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parameters since their distribution pattern is different 

from those of linear regression. Thus, the total sum of 

squares and residuals are the most viable means of 

evaluating a nonlinear model. However, a nonlinear 

regression analysis is performed only when there is some 

indication that the function is apparently nonlinear. 

Characteristics of Untreated Natural Waters 

During the course of this research nine water 

samples were examined over a period of one and a half 

year. Sources of these samples were distributed around 

the United States and represent a myriad of raw water 

characteristics encountered in various water treatment 

facilities. Characterization studies done on these water 

samples are described in the preceeding chapter. 

Information on various water sources and results of 

characterization studies performed during the course of 

this research are sumiarizei in Table 5-1. Waters 

selected for this project represent a diverse array (six 

rivers, two reservoirs and one groundwater) with a wide 

range of raw water characteristics that affect THM 

formation. Following is a list of various parameters and 

associated ranges of raw water quality encountered in 

this research; 

NVTOC '= 3.0 to 13.8 mg/L. 



Wl!lter· 

Edisto 
Scioto 
Bisc~tyne 

Ilwaco 
K~tw 

Grl!lsse 
PPllrl 
Jaiii"S 
Verch~ 

Table 5-1 Results of Raw Water Characterization Study 

Ol!lte 

9/82 
8/82 
1/83 
3/83 
7/83 
9 / 83 

11/83 
2/84 

11 / 82 

NVTOC
1 

(•g i L) 

11 . 3 
6 . 25 
6 . 50 
6.00 
5 . 22 
6 . 56 
5.62 

13 . 8 
3 . 00 

LV Absorbl!lnce 
2 

(254 n111 & pH 7) 
Color 

Rell!ltive 
3 

Fluore~cence Specific ---~T.!!H~FP 4 
------ A•b . 

(ug / llg C) pH ( p.c .u . ) ( ~ ) Absorbance 

0 . 489 93 94.2 0.043 
0 . 152 19 39 . 1 0 . 024 
0 . 251 38 100 . 0 0.039 
0 . 329 70 31 . 5 0 . 055 
0. 153 23 2R . 3 0 . 029 
0 . 288 55 40 . 9 0 . 044 
0 . 136 17 21.4 0 024 
0 . 296 28 57 . 2 0 . 021 
0 . 063 5 9 . 1 0 . 021 

1
oohr•ann DC - 80 TotHI Organic Carbon Analyz~>r 

2
Perkin - El•er 200 UV - Vislhle Spectrophoto•eter 

3
rurner Model 111 Fluori11eter 

(ug / L) (u•ol / L) 

1,083 9 . 00 
33G 2 . 73 
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UV Absorbance(254nm,pH=7)= .063 to .489 

Ambient pH = 6.1 to 8.3 

Ambient Bromide = .010 to .245 mg/L. 

Two of the waters (the Edisto and James rivers) 

were found to be highly reactive in forming THMs with 

standard THMFPs of 9.00 and 5.56 umol/L, respectively. In 

contrast, one of the waters (the Verde river) was 

determined to be a relatively unreactive water with a 

standard THMFP of 0.75 umol/L. Between these extremes, 

the remaining waters ranged from moderate to moderately 

high in THMFPs. Overall, the waters encompassed wide 

ranges in precursor related parameters such as NVT0C, UV 

absorbance, Color and Fluorescence. 

Some of the characterization work focused on 

constituents which can exert a chlorine demand such as 

ammonia nitrogen, organo nitrogen and reduced metal 

species like ferrous or manganous ions. Manganese was not 

detrec-ted in any of the waters while total iron was found 

at levels ranging from below detection to 0.9 mg/L. Based 

on the stoichiometry of the reaction of chlorine with 

ferrous ion, one can expect a chloine demand of 

approximately 0.63 mg/L (as Cl 2) per 1 mg/L of Fe + +  

Thus, assuming a worst case scenario in which all of the 

measured iron was in the ferrous form, the highest 

measured level of 0.9 mg/L (for the Ilwaco reservoir 

water) would exert a theoretical chlorine demand of 0.56 
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mg/L as Clg. Since the lowest applied chlorine to NVTOC 

ratio employed in this research was 0.5, this implies 

that, for this particular sample (NVTOC = 6.0 mg/L), as 

much as 0.56 mg/L of the 3.0 mg/L of applied chlorine 

could be consumed in oxidizing ferrous ion. 

Chlorine also, reacts with ammonia and organo 

nitrogen compounds, both of which exert a free chlorine 

demand. Important reactions include chloramine formation, 

breakpoint oxidation, and chlorinated organo nitrogen 

compound formation. Using the stoichiometric 

relationships presented in the literature it is possible 

to estimate the theoretical chlorine demand of ammonia. 

Chlorination of water containing ammonia nitrogen can 

lead to either the formation of chloramines or 

ammonia/chloramine oxidation, depending on the applied 

C1 2/NH 3-N ratio. The theoretically anticipated shape of a 

breakpoint curve involves three uniquely different 

phases: a first phase involving chloramine formation 

whereby chlorine residual (in this case combined 

chlorine) increases as a function of applied chlorine up 

to an approximate Clg/NHg-N molar ratio of 1:1; a second 

phase involving breakpoint oxidation to N 2  (and possibly 

some NO ~) whereby chlorine residual decreases as a 

function of applied chlorine in the Clg/NHg-N molar ratio 

range of about 1:1 to about 1.6:1; and a third phase in 

which chlorine residual increases with applied chlorine 
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at C1 2/NH 3-N molar ratios of above 1.6:1 (this last phase 

corresponds to the appearence of a free chlorine 

r e s i d u a l ) .  T h e  C l g / N H g - N  m o l a r  r a t i o s  o f  1 : 1  a n d  1 , 6 : 1  

correspond to weight ratios of approximately 5:1 and 8:1 

respectively. The highest ammonia nitrogen level foxind in 

any of the samples was 0.81 mg/L for the Biscayne aquifer 

water. Theoretically this particular water can be 

e x p e c t e d  t o  f o r m  c h l o r a m i n e s  u p  t o  a p p r o x i m a t e l y  4 . 0  m g / L  

of applied chlorine while the thoeretical breakpoint 

chlorination concentration is about 6.4 mg/L. Although 

"the stoichiometry is less defined, organo nitrogen 

compounds can exert an analogous chlorine demand. The 

Biscayne aquifer also contained the highest organo 

nitrogen level of 0.71 mg/L. 

Generation of Statistical Data Base 

In accordance with the number of experiments 

specified for each water sample, as described in the 

previous chapter, there should theoretically be 1,170 

cases (i.e. unique data entries) . However a few of the 

experiments were not run for certain waters due to 

inadequate sample volume. Extreme experiments (expt. no 

12 and 13) were not performed for Verde river and 

Biscayne aquifer waters, no "bromide spike" experiments 

(expt. no 9, 10 and 11) were done for Verde river water 



45 

and the high "bromide spike" experiment (expt. no 11) was 

not done for Scioto river water. Without these 

experiments the resulting data base contained 1,090 

cases(n=1,090). Data obtained from each THM formation 

experiment were entered into the University of Arizona 

CDC CYBER-175 computer system by both remote terminal and 

card input. A data base was created using the Statistical 

Package for Social Sciences (SPSS). Design of the data 

base involved assigning each unique case with a water ID 

#, an experiment ID #, a reaction time sequence #, as 

well as various coded "switches" which allowed relevant 

portions of the data base to be accessed seperately for a 

given analysis. 

Evaluation of Various Parameter Effects 

This section describes a preliminary phase of the 

research which provided the basis for subsequent model 

formulation. The following summarizes variable names used 

for various parameters during generation and analysis of 

the SPSS data base. 

MTTHM = molar basis total THM concentration, 

umol/L 

WTTHM = weight basis total THM concentration, 

ug/L 

RXNTM = reaction time, hours 
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CLDOSE = applied chlorine dose, mg/L as Cl^ 

TEMP = temperature, °C 

PH = pH level, pH units 

CLTOC = chlorine to NVTOC ratio, dimensionless 

TOC = NVTOC, mg/L 

UVABS = UV absorbance, cm - 1  

COLOR = true color, p.c.u. 

FLUOR = relative fluorescence, % 

PHSTAR = (pH - 2.6), where 2.6 represents a 

statistically determined minimum pH 

where THM formation commences 

UVABS*TOC = product of NVTOC and UV absorbance, 

_ i 
mg/L* cm 

COLOR*TOC = product of NVTOC and color mg/L*p.c.u 

FLUOR*TOC = product of NVTOC and relative 

fluorescence mg/L*% 

A series of simple linear regressions were 

performed to isolate the effects of a given parameter. 

"These regressions were conducted using the SPSS 

subroutine "SCATTERGRAM", providing a scattergram plot of 

2 
actual data points along with estimates of r as well as 

the slope and intercept of the regression equation. These 

regressions utilized relevant portions of the data base 

selected to isolate the effects on MTTHM of a given 

parameter if all other parameters were held constant at 

their designated baseline level. Simple linear 



47 

regressions were conducted for arithmetic values of MTTHM 

and each parameter as well as various data 

transformations (i.e., logarithm, square root, square, 

inverse, etc.). This series of simple regressions 

provided insight into the linear or nonlinear response of 

MTTHM to changes in a given parameter as well as 

providing a framework and rational for model formulation. 

Effects of Precursor Source and Concentration 

Representative THM formation curves derived from 

several water sources under the conditions of Experiment 

0 
1 (ambient pH, ambient bromide, 20 C and Clg/NVTOC of 

3:1) are presented in Figure 5-1. Although some of the 

variation in behaviour may be associated with difference 

in ambient pH and ambient bromide, most of the difference 

in response can be attributed to precursor source and 

concentration. Since there are no direct means of 

quantifying humic substances or trihalomethane 

precursors, surrogate parameters (such as NVTOC, UV 

absorbance, Color and Fluorescence) or operationally 

defined parameters (such as isolation using XAD resins) 

are normally employed. The characterizations presented in 

Table 5-1 can assist in discussion of the curves shown in 

Figure 5-1. It can be seen that each of the three waters 

shown comprises a unique precursor composition, as 

evidenced by differences in surrogate parameter levels. 
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Ideally it would be advantageous to select a 

single surrogate parameter to serve as the precursor 

related parameter in subsequent model formulation. This 

is certainly consistant with the goal of developing 

"chemically rational" models. In response to this 

modelling philosophy, a series of scattergrams were 

developed portraying MTTHM versus each of the surrogates 

(TOC, UVABS, COLOR, FLUOR) for either long term (96 

2 hours) or short term (2 hours) data. Based on r values, 

little difference in correlation was observed in 

comparing regression of long term versus short term data. 

Representative scattergrams for long term data are shown 

in Figures 5-2 through 5-5 for MTTHM versus each cf the 

four surrogate parameters. Both TOC and UVABS correlated 

well with MTTHM while poor correlations were found 

between MTTHM and either COLOR or FLUOR. It can be seen 

in Figure 5-2 that six of the nine waters were 

characterized by comparable TOC and MTTHM values while 

more variation was observed in the UVABS levels of the 

various waters, as indicated in Figure 5-3. Although at 

first glance, fluorescence appears to be the poorest 

surrogate, it can be seen in Figure 5-5 that there is a 

dlscernable outlier. Without this outlier (associated 

2 
with the Biscayne aquifer water) the r value for MTTHM 

versus FLUOR improved to 0.978. It should be recognized 

"that the surrogate parameters themselves are correlated 
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with one another, indicating some degree of colinearity. 

Correlations between the various surrogate parameters are 

summerized in Table 5-2. It can be seen that there is a 

particularly strong correlation between UVABS and COLOR. 

Although either TOC or UVABS might suffice as a 

precursor related parameter, it was considered 

advantageous to study multiple parameters which might 

prove to be more viable in simulating precursor behavior 

than any single parameter. While TOC provides a direct 

indication of the dissolved organic content, other 

researchers (Thurman,E.M.,1982) have found that humic 

substances generally account for only about one half of 

the dissolved organic carbon present in natural waters. 

Both the organic content of a water as well as its 

reactivity in forming THMs are of importance. Therefore, 

assuming that TOC is generally representative of the 

total amount of precursor or organic matter present, it 

may be possible to use either UVABS, COLOR or FLUOR in 

characterizing the reactivity of precursor or organic 

matter. To explore this premise, the following 

multiplicative terms were analyzed; UVABS*TOC, COLOR*TOC 

and FLUOR* TOC. Simple regressions were performed for 

MTTHM versus each of the above multiplicative terms using 

either long term (96 hours) or short term (2 hours) data. 

2 
Based on the long term data, r values of 0.949, 0.861 

and 0.776 were determined for MTTHM versus UVABS*T0C, 
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TABLE 5-2 

Simple Correlation Coefficients 
Between Various Surrogate Parameters 

Independent Dependent Variable 
Variable UVABS FLUOR COLOR 

0 .21 
0 .89 
0 , 33 
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COLOR*TOC and FLUOR*TOC, respectively. This same general 

trend was observed for short term data. Thus, of the 

three multiplicative terms considered, UVABS*TOC provided 

the best indication of both precursor amount and 

reactivity. A scattergram showing the relationship 

between MTTHM (96 hours) and UVABS*TOC is shown in Figure 

5-6. It is apparent that this multiplicative parameter is 

a better predictor than either TOC or UVABS alone. 

The group of natural waters studied during this 

research indicated a unique response in terms of their 

reactivity in forming THMs. In this discussion, 

reactivity represents a trihalomethane yield in terms of 

umol of THM/mg of Carbon. The scattergrams shown in 

Figures 5-2 and 5-3 portray MTTHM versus TOC and UVABS 

respectively. While both sets of data show a strong 

positive correlation, it is difficult to discern whether 

the trend is more linear or curvilinear. If indeed the 

data are linear, one would expect the reactivity of the 

various waters to be constant; in fact the slope of the 

regression line for TOC and UVABS are statistically 

estimated value of reactivity. However separate 

regressions indicated positive correlations between 

reactivity and either TOC or UVABS, suggesting that 

waters with a high TOC are more reactive in forming THMs 

(the James river was an outlier in this analysis) and 

waters with a high UVABS are also more reactive. This 
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analysis suggests that curvilinear relationships may be 

more accurate in capturing the trends exhibitted by the 

data in Figures 5-2 and 5-3. These curvilinear 

relationships might take the form of a power function 

(i.e. TOC n) with n greater than 1.0. Thus one could argue 

that there is a mathematical basis to using the 

multiplicative term UVABS*T0C over the simple TOC and 

UVABS terras. As both TOC and UVABS increase, their 

product (UVABSTOC) increases at a greater rate (i.e. 

doubling the TOC and UVABS leads to a quadrupling of 

UVABS*TOC). Mathematically this helps simulate the 

alledged power function response of MTTHM to TOC or UVABS 

alone. The net effect of this mathematical manipulation 

is to provide a more linear relationship between MTTHM 

and a precursor related parameter. However, it is 

interesting to note that none of the relationships 

provide a zero intercept; the scattergrams for either TOC 

or UVABS indicated a negative intercept while a positive 

intercept was found for UVABS*T0C. This suggests that 

this approach may not be applicable to waters with very 

low precursor levels. 

Effects of Reaction Time 

The effects of reaction time on THM formation 

were found to vary according to precursor source as well 

as other parameters such as chlorine dose. The general 



shapes of THM formation curves were found to conform 

those reported in the literature. In the presence of a 

positive free chlorine residual, THM formation exhibited 

two unique patterns as a function of time; an initial 

rapid increase in THMs was observed during the first 

eight hours followed by a subsequent slower rate of 

increase at longer reaction times, with the formation 

curve eventually appearing to approach a leveling off at 

168 hours. Typical formation curves for selected 

Experiment 1 data can be seen in the previously presented 

Figure 1. These curves represented fairly average 

responses observed during this research. In many of the 

experiments involving low chlorine to NVTOC ratios, free 

available chlorine was depleted before a 168 hour 

timeframe had reached. In these experiments, the 

resultant formation curves exhibited somewhat different 

shapes whereby THM levels remained constant after the 

exhaustion of a chlorine residual. In some of the 

experiments involving the highest chlorine to NVTOC 

ratio, formation curves suggested that the rate of 

increase in THMs was still significant at the end of the 

168 hour timeframe. 

Scattergrams were developed to aid in the 

analysis of reaction time. Figure 5-7 shows a scattergram 

of MTTHM versus RXNTM for all of the Experiment 1 

results. This graph portrays the response of the various 
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formation curves. The corresponding simple linear 

2 regression indicated a low r value of 0.272, not at all 

surprising when one considers the curvilinear response 

observed as well as the diversity of precursor sources 

represented on this single plot. Although the response 

was indeed curvilinear, it is readily apparent that the 

degree of curvilinearity changed over time. In order to 

examine this behavior, two additional scattergrams were 

developed; the first (Figure 5—8) showing Experiment 1 

data for "short term" reaction times ranging from 0.1 to 

8.0 hours and the second (Figure 5-9) showing 

corresponding data for "long term" reaction times of 24 

to 168 hours. A comparison of these two figures indicates 

the significant differences in THM formation kinetics 

associated with a short term versus a long term reaction 

timeframe. As will be discussed later in the model 

development section, it was difficult to define a simple 

functionality (power or logarithmic) to simulate this 

response and, as a consequence, it was necessary to 

develop separate short term and long term models in some 

cases. 

Effects of Chlorine Dose and Chlorine to NVTOC Ratio 

A series of kinetic experiments were conducted 

for each water at several established chlorine to NVTOC 

ratios. With the exception of the Biscayne aquifer, the 
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ratios employed were 0.5, 1.0, 3.0, and 5.0. Generally, 

at ratios of 0.5 and 1.0, a free chlorine residual was 

not maintained throughout the 168 hour reaction 

timeframe. Conversely, in almost all cases, the 3:1 and 

5:1 ratios provided adequate chlorine to maintain a 

positive residual throughout the 168 hour timeframe. 

Typical THM formation curves are shown in Figure 

5-10, portraying the response of the Scioto river to 

increasing levels of chlorine associated with increasing 

ratios of applied chlorine to NVT0C ratios. Generally, 

formation curves associated with the lower ratios tended 

to level off at a, time approximately coincident with the 

exhaustion of free chlorine while formation curves 

associated with higher ratios tended to show an increase 

in THMs as a function of time even at 96 and 168 hours. 

An example of less typical formation curves 

appears in Figure 5-11, showing the response of the 

Biscayne aquifer water. As indicated previously, this 

particular water contained 0.8 mg/1 of NHg-N which 

exerted a free chlorine demand. The two lower curves 

shown in Figure 5-11 correspond to chlorine doses of less 

than and equal to, respectively, the experimentally 

determined "apex" and breakpoint dose of a breakpoint 

chlorination curve (1.1:1 and 1.4:1 respectively). The 

two upper curves in Figure 5-11 correspond to chlorine 

doses of greater than the experimentally determined 
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breakpoint dose. 

A series of scattergrams were developed to 

provide additional insight into the effects of chlorine 

dose on THMs. These scattergrams were derived from data 

taken from Experiments 1, 2, 3, and 4 in which the 

chlorine to NVTOC ratio was varied while all other 

parameters were held constant at their baseline level. 

Scattergrams representing MTTHM versus CLDOSE for long 

term (96 hours) and short term (2 hours) data are 

presented in Figures 5-12 and 5-13 respectively. It is 

interesting to note that a much better linear correlation 

v»as observed for long term data than short term data. 

This behaviour can be partly attributed to differences in 

reaction rates (and hence chlorine effects) being more 

pronounced at shorter reaction times. 

An alternative scattergram representation is 

presented in Figure 5-14, portraying the effect of the 

chlorine to NVTOC ratio on THMs for long term (96 hours) 

data. These data suggest a general trend in which THMs 

appear "to linearly increase up to a ratio of 

approximately 3.0 and thereafter begin to level off at a 

ratio of between 3.0 and 5.0. For some of the waters, 

there was a fairly good linear response over the entire 

range of chlorine to NVTOC ratio while, for other waters, 

the response was discernably curvilinear at ratios above 

3.0. 
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A more detailed study of the effects of chlorine 

to NVTOC ratio was undertaken by conducting a parallel 

set of experiments in which the ratio was varied from 0.5 

to 20.0. These particular experiments were not kinetic 

experiments but rather were conducted for a single 

reaction time of 168 hours. Other experimental conditions 

were the same as Experiment 1. Representative results are 

shown, in Figure 5-15 for three of the waters. As a 

general rule THMs increased in an approximately linear 

manner as a function of chlorine to NVTOC ratio upto a 

value of between 3 and 5. Thereafter, THMs began to level 

off and asymptotically approached a maximum value at a 

ratio of between 5 and 8. Relating these results to the 

previously discussed kinetic experiments, it can be seen 

that the range of chlorine to NVTOC ratios employed in 

the kinetic experiments (0.5 to 5.0) encompassed an 

approximately linear range found in the parallel 

experiments. The response of THMs were most linear in the 

range of 0.5 to 3.0 with a leveling off commencing in the 

range of 3.0 to 5.0. Thus the response of MTTHM to 

chlorine to NVTOC ratio can be approximately simulated as 

linear or perhaps semilogarithmic. 

Effects of Temperature 

The effects of temperature on THM formation, as 

described in the literature, were also observed in this 
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research. Representative THM formation curves are 

presented in Figures 5-16 and 5-17. For some waters, such 

as the Scioto river shown in Figure 5-16, the net effect 

of increasing temperature on THM formation appeared to be 

approximately linear over the specific temperature range 

studied (i.e. there was a constant change in THMs per 

unit change in temperature). Certain other waters, such 

as the James river portrayed in Figure 5-17, responded 

differently to changes in temperature; incremental and 

percentage increases observed from 20 to 30 degrees 

centigrade were greater than corresponding increases 

observed from 10 to 20 degrees centigrade. The James 

river data suggest an exponential power (Temp n, with n>i) 

function between trihalomethanes and temperature. 

Scattergrams, using data derived from Experiments 

1, 7 and 8 were developed to assist in isolating the 

effects of temperature. A representative scattergram is 

shown in Figure 5-18 for long term (96 hours) data. Short 

term data exhibited a generally similar trend. It is 

apparent that, although THMs increase with temperature, . 

there is not a universal response. Indeed, the data in 

the scattergram actually plot as a "band" of data whose 

width increases as a function of temperature. 
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Effects of pH 

The effects of pH were found to conform to 

expectations formulated by a review of the literature. An 

increase or decrease in pH resulted in a corresponding 

increase or decrease in trihalomethanes for all nine 

waters studied in this research. While incremental 

increases or decreases varied dramatically from water to 

voter, percentage increases or decreases were found to be 

comparable for many of the waters. Typical THM formation 

curves for the Ilwaco reservoir water are presented in 

Figure 5-19. For most of the waters, the increase in THMs 

with pH was approximately linear over the pH range 

studied for each water; ambient pH minus 1.5 units to 

ambient pH plus 1.5 units. 

Scattergrams were developed to aid in studying 

tfre above trends. Using relevant data taken from 

Experiments 1, 5 and 6, scattergrams of MTTHM versus PH 

vere developed for either long term (96 hours) or short 

term (2 hours) data. The scattergram shown in Figure 5-20 

(long term data) appears to represent a "shotgun" pattern 

of data at the first glance, without any correlation 

(x =.122). This same diffused pattern of data was also 

found for short term data. A discernable trend becomes 

apparent however, if each of the individual data points 

in the scattergram are identified according to water 

source, as shown in Figure 5-21. It can be seen that most 
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of the individual waters responded in an approximately 

linear fashion to changes in pH at the long term reaction 

time (this same general trend also emerged for short term 

data). 

In attempting to model the effects of pH on 

trihalomethane formation, a potential anomally may arise 

if one assumes that THM formation commences at a pH of 

zero and thereafter increases. One should not necessarily 

expect a "zero intercept". This expectation of a zero 

intercept is certainly more rational for the parameters 

previously discussed; namely chlorine dose, temperature, 

reaction time and precursor concentration. Urano (1983), 

in studying humic acid solutions, found that chloroform 

formation commenced at a pH of 2.8 and increased linearly 

up to a pH 10 with all other conditions held constant. In 

order to account for this behavior an analysis was 

conducted to approximate the lowest pH level at which THM 

formation can be expected to commence for the waters 

studied during this research. This was accomplished by 

extrapolation of data in the manner described below. The 

first attempt at identifying a minimum pH value involved 

estimating the zero MTTHM intercept from the scattergrams 

and the corresponding regression equation. These 

intercepts were determined to be 2.17 and 1.01 for long 

term and short term data, respectively. Although this 

approach provi'ded a rough approximation of the minimum pH 



where THM formation occurs in the nine natural waters 

studied, it was felt that these particular estimates have 

more of a statistical rather than a chemical basis since 

the data in the scattergrams represent the response of 

nine different waters not only to pH variations but 

precursor differences as well. In an attempt to refine 

this approach, the next task involved separately 

analyzing data corresponding to each individual water. 

Thus, considering the long term data shown in Figure 

5-21, nine separate regressions were performed between 

MTTHM and PH, each regression using data associated with 

2 
a given water. These regressions, with r values rangmg 

from 0.85 to 0.99, indicated that the average intercept 

for zero MTTHM occurred at a pH of 2.62. A comparable 

2 
analysis of short term data yielded similar results; r 

values ranging from 0.85 to 1.00 with an average 

intercept for zero MTTHM at a pH of 2.67. This analysis 

led to the formation of a new parameter which was used in 

subsequent model development: PHSTAR = (pH-2.6). Although 

MTTHM correlates the same with either PH or PHSTAR, this 

latter parameter makes more chemical sense, an important 

consideration in model development. 

Effects of Bromide 

The effects of bromide were studied during this 

research by not only considering differences between 
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ambient bromide levels among the various waters but also 

by "spiking" individual waters with increments of bromide 

ion ranging from 0.25 to 1.00 mg/L. Typical THM formation 

curves are presented in Figure 5-22 demonstrating the 

response of the James river to various incremental 

additions of bromide. In agreement with the literature, 

it was found that, for all the waters studied, total 

trihalomethanes on both a molar basis (umol/1) as well as 

a weight concentration (ug/1) increased as a function of 

added bromide although percentage increases in molar 

yields were less than corresponding weight yields. 

A scattergram showing MTTHM versus BR appears in 

Figure 5-23, based on long term data (96 hours) taken 

from Experiments 1, 9, 10 and 11. These data suggest 

virtually no correlation, however, precursor effects 

would be expected to mask any bromide effects. Moreover, 

identification of each data point according to individual 

water source would help discern a positive correlation 

for each water. This suggests that bromide will be a 

difficult parameter to accomodate in developing an 

overall model for total trihalomethane prediction while 

conversely bromide effects will be easier to simulate in 

a individual water model specific to a given water 

source. 

A more definitive study of bromide effects was 

undertaken by conducting a parallel set of experiments 
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in which incremental bromide additions were varied from 

0.25 to 16 mg/1 for one reaction time, 168 hours, while 

other conditions were the same as in Experiment 1. 

Representative results are presented in Figure 5-24 for 

the Kaw reservoir water. For all the waters studied, 

chloroform was at a maximum at ambient bromide levels and 

decreased thereafter as a function of bromide addition. 

Bromoform was at a minimum at the ambient bromide level 

and increased thereafter until reaching a maximum at the 

highest bromide level. The general trend observed for the 

other two species involved an increase to a maximum and 

subsequent decrease as a function of increasing bromide. 

The maximum for the bromodichloromethane occurred at a 

lower bromide level than the maximum for the dibromo-

chloromethane. The maximum for bromodichloromethane 

varied slightly from water to water, generally occurring 

at an incremental bromide of either 1 or 2 mg/1. In 

contrast, the maximum for the dibromochloromethane 

exhibited a broader variation from water to water, 

generally falling within the range of 2 to 8 mg/'l of 

added bromide. The general trends observed, as 

exemplified by the data shown in Figure 5-24, conformed 

to results reported by others in the literature. 

In all cases, the molar as well as the weight 

basis concentrations of total trihalomethanes increased 

as a function of bromide up to an added amount of 8 mg/1 



0::: 
LLJ 
t--...J 

' (I) LLJ 
...J 
0 
~ 
0 
0::: u -~ -. 
u z 
0 u 
~ 
:t: ...... 

0 
0 

a> 

0 
0 

(0 

0 
0 . 
~ 

0 
0 . 
N 

+ 
G 

A 

~ 

0 

4-00 a.oo 12.00 16.00 

RODEO BROMIDE CMG/Ll 

Fig. 5-24. Effect of Bromide on THM Formation and 
Speciation for Kaw Reservoir Water 

- TTHM 

- CHC1
3 

- CHBrC1 2 
- CHBr 2Cl 

- CHBr
3 

(NVTOC = 5.22 mg/L, pH= 7.72, Temp= 20°C, 
Cl 2/NVTOC = 3.0) 

87 



and thereafter levelled off. The increased yield in total 

trihalomethanes can be attributed to the ability of 

hypobromous acid to act more effectively as a 

substitution agent than hypoch.1orous acid. All of these 

parallel experiments were conducted at a constant 

chlorine to NVTOC ratio of 3:1, implying that the applied 

chlorine dose varied from 15.7 mg/L for the Kaw reservoir 

water to 41.4 mg/L for the James river water, (the Verde 

river water was not examined in. this parallel set of 

experiments). The theoretical stoichiometry of the 

oxidation of bromide to hypobromous acid is 0.889 mg/L of 

Cl 2  per mg/L of Br~. A net chlorine dose can be 

approximated by subtracting this chlorine required for 

bromide oxidation from the applied chlorine dose of 15.7 

mg/L. The percentage of net chlorine incorporation into 

trihalomethane species ((THM-Cl/Net Clg)X100) ranged from 

less than 1% to almost 5^ for the data generated during 

the parallel Kaw reservoir water experiment. The 

percentage of bromide incorporation into the 

trihalomethane species ((THM-Br/Initial Br~)X100} varied 

from 25 to 30 percent at added bromide levels of less 

than or equal to 2.0 mg/L while decreasing to a minimum 

of 6.8% at the highest incremental bromide level of 16 

mg/L. THM-C1 decreased while THM-Br increased as a 

function of added bromide. While hypobromous acid is a 

more effective substitution agent, hypochlorous acid is 
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more effective substitution agent, hypochlorous acid is 

more effective as an oxidizing agent and is thus utilized 

to a greater exent in the oxidative destruction of humic 

molecules into oxidation byproducts. 

It is apparent that bromide exerts a complex set 

of effects on both trihalomethane yield and speciation. 

However, it is important to note that the original 

kinetic experiment series was run at bromide levels 

ranging from ambient to 1.0 mg/L of added bromide. Within 

this limited range, speciation behavior is less complex; 

chloroform decreases as a function of bromide while all 

three brominated species as well as total trihalomethanes 

increase as a function of bromide. 

Multiplicative Effects 

The previous sections, by examining relevant 

portions of the data base, have attempted to isolate the 

effects of a given parameter on THM formation. However, 

each water can be expected to respond in a unique fashion 

to changes in more than one parameter. One of the 

principal objectives of the extreme condition experiments 

was to examine these composite or multiplicative effects. 

Typical THM formation curves for the baseline and 

extreme condition experiments (Experiments 1, 12, and 13) 

are presented in Figure 5-25 and 5-26 for the Scioto and 

James river waters, respectively. It is interesting to 
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note the differences in magnitude for the responses of 

the James river versus Scioto river to extreme 

conditions. For the Scioto river, THM levels were 

approximately twice and one-third the baseline levels for 

the high extreme and low extreme levels, respectively. In 

contrast, THM levels for the James river increases three 

to four fold and decreased more than tenfold relative to 

baseline levels, for the high and the low extreme 

experiments, respectively. 

Model Formulation and Calibration 

General Strategy 

A major objective of this work was to develop 

statistically valid yet chemically rational models. Much 

is known about the "chemistry" of the trihalomethane 

formation reaction; a precursor (most commonly humic 

substances) reacts with free available chlorine to form 

THMs over time. The reaction is influenced by the 

concentration of chlorine, the nature and concentration 

of precursor, pH, temperature, and bromide. The simple 

goal was to develop prediction models which embody the 

2 
above chemistry while avoiding an obsession to improve R 

at any cost. For example, Khordagui (1982) developed 

models for trihalomethane formation from humic acid 

which, while demonstrating good predictive powers and 



2 respectable R values, contained numerous multiplicative 

terms without any chemical basis or rationale. 

Statisticians are well aware that the addition of more 

2 and more independent variables can only improve R 

The following discussion will utilize the 

previously presented list of parameter acronyms. 

Considering the various parameters, either MTTHM or WTTHK 

could theoretically serve as the dependent variable while 

the other variables, in either their arithmetic or 

transformed state, represent candidate independent 

variables. The general strategy adopted in formulating 

each model was to include single terms to describe the 

role of precursor, chlorine, temperature, pH, bromide and 

reaction time in the formation of total trihalomethanes. 

In keeping with the philosophy of developing chemically 

rational models, MTTHM (molar basis trihalomethanes) 

rather than WTTHM (weight basis trihalomethanes) was used 

as the dependent variable. Little difference was observed 

in statistical correlations based on MTTHM as opposed to 

WTTHM. 

Four general modelling strategies were used in 

the development of overall models for total 

trihalomethane formation. These strategies included: 

I. Multiple Linear Regression Model with Mixed 

Transformations (i.e., power, logarithm, etc.) of 

independent Variables, hereafter referred to as simply 
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the "Linear" Model. 

II. Multiple Linear Regression Model with 

Logarithmic Transformations of both Dependent and 

Independent Variables, hereafter referred to as simply 

the "Log/Log" Model. 

III. Multiple Nonlinear Regression Model, 

hereafter referred to as simply the "Nonlinear" Model. 

IV. Nonlinear Model with Multiplicative Factors 

to Account for Parameter Effects, hereafter referred to 

as simply the "Proportional" Model. 

The first three models, in their original format, 

take the form of multiple parameters additive models 

although "retransformation" of the log/log model back 

into original varibles yields a multi parameter power 

function. The last model represents a multiplicative 

product model in which an "interim prediction" is 

sequentially multiplied by various factors to yield a 

prediction. 

Linear Model (Model I) 

The entire data base (1,090 cases) was used to 

develop a multiple linear regression model with MTTHM as 

the designated dependent variable (Y) and either the 

arithmetic version or some transformation of UVABS*T0C, 

CLDOSE, RXNTM, PHSTAR, BR, and TEMP as independent 

variables (X A). Several variable transformations: 
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X^ , X i°' 5, x^ 2  ' InXj, , and X^" 1, were included in the 

analysis in an attempt to improve linearity where 

departures from linearity were observed between the 

designated dependent variable and certain independent 

variables. The technique of stepwise multiple linear 

regression was used to systematically enter variables 

into the prediction equation. This technique, as part of 

the SPSS "Regression" Subroutine, selects variables for 

inclusion into a regression equation in a step by step 

manner, based on the magnitude of the partial correlation 

coefficients as well as other specified statistical 

criteria. Specified criteria include a minimum F value 

to enter and a maximum number of variables to be entered 

into the equation. The total number of candidate 

independent variables considered for inclusion was thirty 

(five transformations each of CLDOSE, TEMP, PH, BR, 

RXNTM, and UVABS*TOC). A decision was made to insure the 

development of a straightforward, chemically rational 

model consisting of only one transform of each candidate 

variable. In some cases, this approach necessitated more 

than one iteration if two forms of one variable were 

entered into the equation before any forms of another 

variable (for example, if (RXNTM) 0 , 5  and ln(RXNTM) were 

entered before any form of BR). Although this approach 

detracts somewhat from the potential merit of the 

statistical technique employed, it is consistent with the 
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goal of developing a chemically rational model. 

An initial attempt was made to develop and 

calibrate a single model using the entire data base 

(1,090 cases) in a single regression. The resultant 

regression equation, consisting of MTTHM as the dependent 

variable and six independent variables, was characterized 

2 
by an R of 0.678 and a total SSE of 2,179. It was found 

that the resultant single equation model significantly 

overpredicted MTTHM at longer reaction times while 

significantly underpredicting at shorter reaction times. 

This behavior was largely attributed to the complex 

response of trihalomethane formation to reaction time. Of 

the various candidate transforms related to RXNTM, the 

0 5 
stepwise regression selected (RXNTM) ' over the other 

transforms. It is interesting to note that, at the 

0 5 
specific step upon which (RXNTM) ' was entered into the 

equation, the partial correlation coefficient for 

ln(RXNTM) was only slightly less than that for 

(RXNTM) 0' 5. Thus, it became apparent at this stage of the 

analysis that the use of a single predictive equation was 

not accurate in capturing the true kinetic response of 

the trihalomethane reaction. This is because the selected 

reaction time functionality does not adequately simulate 

the rapid initial increase of MTTHM during the first 

eight hours followed by a much slower rate of increase at 

longer reaction times. Neither a simple power function 
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[(RXNTM) 0 " 5 ] nor logarithmic function [ln(RXNTM)] 

adequately captures this response; visual examination of 

a typical trihalomethane formation curve corroborates 

this dilemma. Demonstrating a similar kinetic response, 

Qualls and Johnson (1983) found that the chlorine demand 

of a fulvic acid occurs in two distinct phases: an 

initial rapid depletion of available free chlorine 

followed by a subsequent slower depletion at longer 

reaction times. 

At this stage, a decision was made to develop a 

model consisting of two submodels: one submodel for 

short term predictions and a second submodel for long 

term predictions. This objective was accomplished by 

conducting two separate regressions involving either 

short term data (corresponding to reaction times of 0.1 

to 8 hours; 654 cases) or long term data (corresponding 

to reaction times of 24 to 168 hours; 436 cases). The 

observed shapes of experimentally derived trihalomethane 

formation curves were used as the principal basis for 

designating which specific reaction time ranges 

corresponded to a short term or long term classification. 

The short term and long term regression equations which 

evolved from this analysis are presented below along with 

relevant statistical information. 

Short Term Equation (RXNTM ~ 8 Hours) 

MTTHM = -1.89 + 0.318(UVABS*TOC) + 0.491(RXNTM) 0 · 5 
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+ 0.0251(CLDOSE) + 0.00179(TEMP) 2  + 0.201(BR) 

+ 0 . 0927(PH - 2.6) 

R 2  = 0.762 SSE = 232 F = 346 

n = 654 SEE = 0.598 a< 0.001 

Long Term Equation (RXNTM > 24 Hours) 

MTTHM = -5.35 + 0.634(UVABS*TOC) + 0.185(RXNTM) 0' 5  

+ 0.105(CLDOSE) + 0.00483(TEMP) 2  + 0.737(BR) 

+ 0.271(PH - 2.6) 

R 2  = 0.798 SSE = 934 F = 283 

n = 436 SEE = 1.48 OC. < 0.001 

It can be seen that both equations take the form 

of additive, multiple parameter models. Both submodels 

predict a linear response to UVABS*T0C, CLDOSE, BR, and 

0 5 
PHSTAR while responses to reaction time, (RXNTM) ' , and 

2 temperature, (TEMP) , are nonlinear. All of the 

regression coefficients with the exception of the 

reaction time coefficient are of greater magnitude for 

the long term submodel. However, the model constant is a 

larger negative number than the corresponding model 

constant for the short term equation. It is interesting 

to note the differences in the regression coefficients 

for reaction time: a value of 0.491 for the short term 

equation versus a value of 0.185 for the long term 

equation, indicating that the slope of the predicted THM 

formation curve will be steepest during shorter reaction 

times and will be less steep at longer reaction times. 
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The merits of the two submodel approach are 

o 
evidenced by the higher R values as well as the lower 

SSE than that observed for the single equation model (an 

SSE of 2,179 for the single equation model versus a sum 

total SSE of 1,166 for the two equation model). , However, 

it should be recognized that the two submodel approach 

creates a potential problem since two separately derived 

equations are used to define different portions of a 

trihalomethane formation curve. The use of two different 

statistically based equations may result in a 

discontinuity at the interface between the short term and 

long term reaction time ranges. Data corresponding to 

reaction times of 0.1, 0.5, 1.0, 2.0, 4.0 and 8.0 hours 

were regressed to develop a short term equation while 

data corresponding to reaction times of 24, 48, 96, and 

168 hours were used to statistically derive and calibrate 

a long term equation. Of course, a least squares 

regression will provide the best fit of either short term 

or long term data without special regard to fitting data 

at the interface. In some situations, 8 hour and 24 hour 

predictions may not provide a "smooth curve" or continuum 

but rather may result in a noticeable discontinuity. 

Potentially, there are two possible types of 

discontinuities that may arise: either a decrease or an 

exaggerated increase in predicted levels when progressing 

from the 8 hour to the 24 hour prediction. 
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Log/Log Model (Model II) 

Engerholm and Amy (1983a, 1983b) found that 

chloroform formation from humic acid under different 

conditions of pH, temperature, precursor concentration, 

and chlorine to NVTOC ratio could be accurately modelled 

by transforming both dependent and independent variables 

into natural log forms. This previously successful 

modelling approach was also applied to the entire data 

base (1,090 cases). Ordinary multiple linear regression 

was employed to analyze ln(MTTHM) as a function of 

In(UVABS*T0C), ln(RXNTM), ln(CLDOSE), In(TEMP), In(BR), 

and In(PHSTAR). Subsequently, this approach was slightly 

modified after it was observed that a better correlation 

emerged when using In(BR + 1) rather than In(BR) since, 

in the latter case, most values of ln(BR) would be 

negative as a consequence of all ambient bromide levels 

being less than 1.0 mg/L. The multiple parameter 

additive model which emerged from this analysis is 

summarized below along with pertinent statistical 

information: 

In(MTTHM) -5.73 + 0.378 ln(UVABS*TOC) 

+ 0.517 In(CLDOSE) + 0.252 ln(RXNTM) 

+ 0.985 ln(TEMP) + 0.640 ln(PH-2.6) 

+ 0.0536 In(BR + 1) 

R 
2 

0 .864 SSE = 172 F •  1,150 

n = 1,090 SEE = 0.399 <  0 . 0 0 1  
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n = 1,090 SEE = 0.399 <aL< 0 .001 

The log/log model exhibited a significant 

advantage over the linear (previously discussed) and 

nonlinear (discussed next) models in that there is a 

single equation applicable to all reaction times, thus 

eliminating possible discontinuity problems between short 

term and long term predictions. The log/log model in its 

transformed variable format can be modified by taking 

antilogs of both sides. The resultant multiple parameter 

power function, allowing direct calculation of MTTHM, is 

presented below: 

MTTHM=0.0032 5(UVABS*T0C) 0' 3 7 8(CLDOSE) 0  * 5 1 7(RXNTM) 0  * 2 5 2  

...(TEMP)°- 9 8 5(PH - 2.6) 0 , 6 4 0(BR + 1 }0.0536 

Expressed in the above form, the log/log model 

cannot yield a negative prediction as long as the pH is 

maintained above a level of 2.6 and a measurable amount 

of bromide is present. Moreover, if UVABS*T0C, CLDOSE, 

RXNTM, or TEMP are zero, the multiple parameter power 

function predicts a MTTHM of zero, as theoretically 

expected. 

Nonlinear Model (Model III) 

As with the multiple linear modelling strategy, 

the entire data base (1,090 cases) was first used to 

develop a single equation representing a nonlinear 

regression model with MTTHM as the dependent variable. 
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Next, in acknowledgment of the complexity of modelling 

reaction time, a model consisting of two submodels was 

developed: one submodel for short term predictions 

(RXNTM ~ 8 hours) and another submodel for long term 

predictions (RXNTM ~ 24 hours). 

As a prelude to the above analyses, it was first 

necessary to define the most appropriate relationship 

between the dependent variable and each independent 

variable. Following a procedure used by Minear (1983), 

these specific relationships were defined by separately 

analyzing certain portions of the data base to isolate 

the linear or nonlinear effects of a given parameter on 

trihalomethane formation. The following correlations were 

examined between the dependent variable (MTTHM) and each 

independent variable (x.}: MTTHM, {MTTHM} 0 · 5 , (MTTHM) 2 , 
~ 

-1 0 5 2 -1 ln(MTTHM) and MTTHM versus X, x . ,X , lnx, and X . 

Thus, for each variable, a five by five correlation 

matrix was developed, consisting of 25 correlation 

coefficients, r. This analysis was accomplished by using 

the "PEARSON CORR 11 subroutine of SPSS. Since the results 

of these simple regressions might be influenced by 

reaction time, separate regressions were conducted for 

either long term (96 hour) or short term {2 hour) data. 

As a general rule, the best simple correlation 

coefficient was used as a basis for defining the most 

appropriate relationship between MTTHM and each 
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independent variable. In most cases, the same general 

functionality held true for either long term or short 

term reaction times. This analysis helped in the general 

formulation of a multiple nonlinear model. The general 

model formulation indicated a linear response to changes 

in UVABS*T0C and PH with nonlinear responses associated 

with the other variables; power functions were designated 

for CLDOSE, BR and RXNTM while an exponential 

functionality was selected for TEMP. 

This portion of the modelling effort involved the 

preliminary development of a single equation using the 

entire data base (1,090 cases). The resultant equation 

was characterized by a total SSE of 2,049 with MTTHM as 

the dependent variable. As was the case with the linear 

model, use of a single reaction time term, in this case 

b^(RXNTM) n, had serious shortcomings when the entire data 

base was used for model calibration. The single equation 

nonlinear model tended to seriously underpredict MTTHM at 

shorter reaction times and significantly overpredict at 

longer reaction times. Consequently, it became apparent 

that the two submodel approach applied in the linear 

model development would likely provide a better 

correlation for a nonlinear model. 

Subsequent analysis focused on developing a model 

comprised of two submodels: one for short term 

predictions (< 8 hours) and one for long term predictions 
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(>_24 hours). Cases within the data base corresponding to 

reaction times of 0.1 to 8.0 hours (654 cases) were used 

to calibrate the first equation while the remaining data 

corresponding to reaction times of 24 to 168 hours (436 

cases) were used to calibrate the second equation.' The 

resultant nonlinear model is presented below: 

Short Term Equation (RXNTM < 8 Hours) 

MTTHM = -3.34 + 0.317(UVABS*TOC) 

+  0.597 e x p°.0457(TEMP) +  

0 . 0101(CLD0SE) 1  • 2 2  + 

1 7 0 
0 . 201 (BR) - 1  + 

0 217 
1.32(RXNTM) + 

0.0926(PH - 2.6) 

n = 6 54 

SSE = 229 

Long Term Equation (RXNTM > 24 Hours) 

MTTHM = -11.0 + 0.618*(UVABS*T0C) + 

0.0968 e x p0'. 124 (TEMP) +  

0.0266(CLDOSE) 1* 3 3  0.795(BR) 1  * 7 7  

+ 5.66(RXNTM)°•° 9 4 3  + 0.285(PH - 2.6) 

n = 436 

SSE = 873 

The advantages of the two equation over the 

single equation approach are reflected by the lower total 

SSE (a sum total of 1,102 for the two equation model 

versus an SSE of 2,049 for the one equation model). 
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However, as indicated in the section on linear model 

development, the two equation approach creates a 

potential problem of prediction curve discontinuities at 

the interface between the designated short term and long 

term reaction time ranges. 

The short term and long term submodels 

collectively represent an additive, multiple parameter, 

nonlinear model. It is important to recognize that, 

although the original model formulation has a rational 

chemical basis, model calibration is entirely predicated 

on a statistical basis in which a least squares approach 

is used in conjunction with an algorithm to minimize the 

total SSE through an iterative process. The magnitudes 

of all the model "multiplier" constants were greater for 

the long term equation than the short term equation with 

the exception of the temperature related multiplier 

which, in turn, is multiplied times an exponential term. 

The overall model constant was a much larger negative 

number for the long term equation. It is of particular 

interest to note the differences in the exponential 

constant associated with the RXNTM terms, a value of 

0.217 for the short term submodel versus a value of 

0.0943 for the long term submodel. This reflects the 

lower rate of THM formation at longer reaction times. At 

first glance, the exponential constants associated with 

the CLDOSE and BR terms do not entirely conform to 
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theoretical expectations. For a given water source, one 

would expect MTTHM to either increase linearly with 

CLDOSE (an exponent equal to 1.0) or to increase in a 

nonlinear manner such that MTTHM levels begin to level 

off at high CLDOSE levels (an exponent of less than 1.0). 

However, in both the short term and long term submodels, 

the CLDOSE exponent was slightly greater than 1.0. It 

would seem reasonable to conclude that these results are 

just a statistical anomoly of the least squares analysis. 

Indeed, examination of relevant scattergrams (Figures 

5-12 and 5-13) showing the effects of CLDOSE indicated 

that there is a substantial degree of data scatter when 

one represents data from nine different waters on a 

single scattergram. Although data derived from an 

individual water may respond in the anticipated manner, 

this behavior may be masked when the nonlinear regression 

technique selects model constants which minimize the 

total SSE and thus provide the best fit of all data. 

This same explanation would also apply to the bromide 

related power which assumed values of 1.70 and 1.77 for 

the short term and long term equations, respectively. 

Proportional Model (Model IV) 

The previous models represent additive multiple 

parameter models which indicate "incremental" 

contributions of each parameter to total trihalomethane 
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formation. A subsequent sensitivity analysis will 

examine the relative contribution of the various 

parameters to each model prediction. All of the 

previously developed models have limitations in that they 

can theoretically predict (1) negative MTTHM values or 

(2) nonsensical results (for example, MTTHM levels of 

greater than zero with a chlorine dose of zero). 

Mbreover, application of the linear and nonlinear models, 

each consisting of two submode1 equations, may lead to a 

discontinuity between short term and long term 

predictions when developing an overall triha1omethane 

formation curve. The proportional model discussed in 

this section represents an alternative approach to 

overcome the above limitations. 

In the proportional model, parameters are assumed 

to affect THM formation independently and 

"proportionally". This overall modelling approach first 

requires the definition of an atypical formation curve 

which captures the essence and characteristic shape of a 

curve derived with a positive chlorine residual present 

over the entire reaction timeframe. The atypical 

formation curve to be defined is, in actuality, an 

average "baseline" formation curve which represents an 

average curve derived from the nine waters studied under 

baseline conditions. This curve is intended to reflect a 

characteristic shape by portraying "interim" values of 
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molar trihalomethane concentration, MTTHMX, as a function 

of reaction time. The interim curve, exhibiting a 

characteristic shape, is then proportionally "expanded" 

or "compressed" by multiplying interim values of molar 

trihalomethanes, MTTHMX, by a series of factors which 

reflect the effects of various parameters. The overall 

model consists of three parts: (1) two generalized 

interim prediction equations [one for long term (>_24 

hours) and one for short term (<_ 8 hours) predictions of 

MTTHMX], which define the characteristic shape of the 

interim formation curve; (2) five separate "factor" 

equations used to compute multipliers which impart the 

effects of precursor, pH, temperature, chlorine, and 

bromide; and (3) a multiplicative equation in which 

MTTHMX predictions are sequentially multiplied by each of 

the five factors to yield the desired MTTHM predictions. 

The overall model, including the interim prediction 

equations, factor equations, and multiplicative equation 

are presented below: 

Short Term Interim Prediction Equation (RXNTM < 8 Hours) 

MTTHMX = 0.00267 + 1 .07(RXNTM) 0  * 2 4 6  

n = 5 4 

SSE = 38.5 

Long Term Interim Prediction Equation (RXNTM > 24 Hours) 

n Q ft ft 
MTTHMX = -4.54 + 5.03(RXNTM) 

n = 36 
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Factor Equations 

HSF 

PHF 

TEMPF 

CLTOCF 

SSE = 152 

(UVABS*TOC)/I.98 

= 0 .993 + 0.172(PH - 7.3) 

1.00 + 0.00137[(TEMP) 2  - (20) 2] 

= 0 .978 + 0.327 [ln(CLTOC) -

In(3)] 

BRF = 1.03 + 0.141(BR - 0.112) 

Overall Equation 

MTTHM = MTTHMX(HSF)(PHF)(TEMPF)(CLTOCF)(BRF) 

A detailed discussion of the development of the 

proportional model is provided below. As indicated 

previously, the interim formation curve equations 

represent a somewhat average response of all nine waters 

studied under baseline conditions (i.e., amb. pH, amb. 

bromide, 20 °C, chlorine to NVT0C ratio = 3). These two 

equations were developed by conducting two separate 

nonlinear regressions between MTTHM and b(RXNTM) n  with 

either "baseline" short term data (< 8 hours, 54 cases) 

or long term data (> 24 hours, 36 cases). A plot of the 

resultant equations resembled a smooth continuous curve 

generally representative of formation curves derived 

under the condition of a positive chlorine residual. 

The next task was to develop a means of adjusting 

or modifying this average response to account for 

precursor related effects. This was accomplished by 
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defining a precursor related or humic substances factor, 

HSF, as being equal to the ratio of the UVABS*T0C of a 

given water divided by 1.98, the average value of 

UVABS*T0C for the nine waters studied. 

The effects of pH, temperature, chlorine, and 

bromide were handled in a slightly different manner. 

Applicable portions of the data base were selected to 

isolate the effects of a given parameter and then were 

subjected to simple linear regressions to develop the 

other factor equations. 

The expression for the pH related factor, PHF, 

was developed by analyzing selected data in which pH was 

the only parameter that varied from its baseline level. 

An analysis was conducted using representative long term 

(96 hour) and short term (2 hour) data. For each 

selected case, a value of PHF was estimated by computing 

a ratio of the MTTHM concentration of that case divided 

by the MTTHM concentration of the corresponding 

"baseline" case. Thus, for each water source, three 

values of PHF were computed for each of the 2 hour and 96 

hour data sets. Values of PHF for the baseline 

experiment were always equal to unity (1.0) while, for 

the low pH experiment (amb. pH - 1.5 units) and high pH 

experiment (amb. pH + 1.5 units), the computed PHF values 

were <1.0 and > 1.0, respectively. Computed values of 

PHF were regressed against the parameter (PH - 7.3) where 
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the value of 7.3 represents the average ambient pH level 

of the nine waters studied. A total of 54 cases (nine 

waters, three pH levels, and two reaction times) were 

included in the regression, yielding the following 

o 
equation with an r value of 0.65: 

PHF = 0.993 + 0 . 17 2(PH - 7.3) 

Theoretically, the intercept of the above 

equation should be 1.00 (i.e., the PHF should be equal 

1.00 when the PH is 7.3). However, the least squares 

regression provided an equation with a slightly lower 

intercept value of 0.993. The PHF equation predicts a 

+/- 17.2% change in MTTHM in response to a change of 

+/- 1.0 pH units. 

A simil-ar approach was used to develop a 

relationship for the temperature related factor, TEMPF. 

Relevant data taken from experiments demonstrating the 

effects of varying temperature were employed in the 

analysis and, once again, 96 hour and 2 hour data were 

selected as being representative of long term and short 

term responses. For each of the cases selected, an 

estimate of the temperature factor, TEMPF, was calculated 

by dividing the MTTHM concentration associated with that 

case by the MTTHM concentration of the corresponding 

"baseline" case. Thus, estimated values of TEMPF for 

experiments conducted for temperatures of 20, 10, and 30 

degrees centigrade were equal to 1.00, less than 1.00, or 
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greater than 1.00, respectively. Computed values of TENPF 

were regressed against corresponding values of the 

parameter [(TEMP) 2  - (20) 2] where the value of 20 

corresponds to the baseline condition temperature. An 

assumption was made that trihalomethane formation will 

2 
vary approximately as a function of (TEMP) , based on 

insight derived from the preliminary evaluation of 

individual parameter effects. A total of 54 cases were 

included in the regression (nine waters, three 

temperatures, two reaction times), resulting in the 

2 
following regression equation with an r of 0.87: 

TEMPF = 1.00 + 0.00137[(TEMP) 2  - (20) 2] 

The above regression equation yields the 

theoretically anticipated intercept of 1.00 when the 

temperature is equal to the baseline conditions of 20 6C. 

The effects of chlorine were next addressed by 

developing a chlorine to NVT0C ratio factor, CLT0CF. 

This task was accomplished by analyzing applicable data 

taken from experiments in which chlorine to NVT0C ratio 

was the only parameter varied from its baseline level. As 

before, 96 hour and 2 hour data were selected as being 

representative of short term and long term behavior, 

respectively. Values of CLTOCF were estimated for each 

selected case by dividing the MTTHM concentration by the 

MTTHM concentration of the corresponding "baseline" case. 

Computed values of CLTOCF were found to be equal to l.OO 
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for the baseline experiment (CLTOC = 3.0), less than 1.00 

for experiments employing lower ratios (CLTOC = 0.5 or 

1.0, respectively), and greater than 1.00 for experiments 

employing higher ratios (CLTOC = 5.0). Estimates of 

CLT0CF were regressed against the parameter [ln(CLTOC) -

ln(3.0)] where the value of 3.0 corresponds to the 

chlorine to NVTOC ratio of the baseline condition. It 

was assumed that MTTHM will vary as a function of the 

natural log of CLTOC, based on trends observed during the 

preliminary evaluation of individual parameters. The 

regression utilized a total of 72 cases (nine waters, 

four chlorine to NVTOC ratios and two reaction times) and 

2 
resulted in the following equation with an r value of 

0.71: 

CLTOCF = 0.978 + 0.327[In(CLTOC) - ln(3.0)] 

Although the intercept of the above equation 

should theoretically equal 1.00, the least squares 

regression technique provided a slightly lower value. 

The last factor equation to be developed was for 

the bromide related factor, BRF. Relevant data taken 

from experiments in which only bromide varied from its 

baseline level were used in the analysis. Once again, 96 

hour and 2 hour data were used as being representative of 

long term and short term responses. Eperiments in which 

bromide varied were not run for Verde river water. A 

total of 64 cases (eight waters, four bromide levels, and 
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two reaction times) were included in the analysis. Number 

of cases on this regression was smaller because for each 

case, a value of BRF was estimated by computing the ratio 

of the MTTHM concentration divided by the MTTHM 

concentration of the corresponding "baseline" case. 

Estimated values of BRF were regressed against the 

parameter (BR -  0.112) where the value of 0.112 

represents the average ambient bromide concentration (in 

mg/L) of the various waters studied. The regression with 

2 
an r of only 0.17, provided the following equation: 

BRF = 1.026 + 0.141(BR - 0.112) 

The statistically derived estimate of the 

intercept is slightly higher than the theoretically 

expected value of 1.00. This equation predicts a 14.1% 

increase in the molar THM level for each additional 1.0 

mg/L of bromide present. 

Individual Water Models 

The previous sections focused on the development 

of several types of "universal" models, applicable to 

various water sources, for predicting total 

trihalomethane formation resulting from the chlorinfition 

of untreated natural waters. Although these overall 

models provided a reasonable degree of statistical 

correlation, it would be expected that similar modelling 

approaches applied to a data base derived from a single 
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water source would yield more accurate models. This 

implies that, using each of the previous modelling 

approaches, it is possible to develop a source specific 

model: a unique linear, nonlinear, or log/log model 

applicable to each of the nine natural waters. 

For the purpose of uniformity, it was considered 

advantageous to employ the same model formats specified 

in the overall models. This course of action was taken in 

spite of the fact that slightly more accurate linear 

models might have emerged if the stepwise regression 

technique was employed for developing each individual 

water model; for example, the reaction time term selected 

0 5 
for one water may have been (RXNTM) ' while, for another 

water, the term ln(RXNTM) may have been selected. 

Likewise, in the case of nonlinear models, different 

functionalities for a given parameter may have provided a 

better correlation for certain waters; for example, the 

choice between the alternative chlorine functionalities 

of b(CLDOSE) n  versus In (CLDOSE). Not only were the same 

model formats employed, both the linear and nonlinear 

individual water models consisted of two submodels for 

each water: one equation for short term predictions (< 8 

hours) and one equation for long term predictions (> 24 

hours). It should be noted that experiments involving 

bromide addition were not run for the Verde River and 

hence, models associated with this water source do not 
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contain a bromide related term. Moreover, a precursor 

related parameter was absent from the models since data 

derived from each water was developed from a single 

sample, implying that UVABS*TOC was not a variable. 

The individual multiple linear models developed 

for each water conformed to the format; 

MTTHM = b Q  + b 1(TEMP) 2  + b 2(CLDOSE) 

b (BR) + b.(RXNTM) 0• 5  + b c(PH-2.6) 
o 4 o 

Model constants and relevant information regarding 

statistical correlation and inference for individual 

water linear models (Model I format) are summarized in 

Table 5-3. Good correlations were observed for the 

individual water models, based on the rather high 

2 
multiple coefficients of determination, R . For the 

2 
individual water short term equations, R values ranged 

2 
from 0.835 to 0.893, compared to the R value of 0.762 

found for the overall short term equation. The values of 

2 
R for the individual water long term equations ranged 

2 
from 0.846 to 0.953, compared to the R value of 0.798 

determined for the overall long term equation. The better 

correlation associated with the individual water models 

was further exemplified by the total SSE values; the 

summations of all SSE values for the nine short term and 

the nine long term equations were 84.9 and 296, 

respectively. These values can be contrasted against the 

SSE values of 232 and 934 found for the overall short 
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term and long term equations, respectively. It is 

apparent that the individual water models have a distinct 

advantage over the overall model in not having to account 

for the effects of the unique precursor characteristics 

of each water. 

Individual water models based on the overall 

nonlinear model format (Model III) were also developed, 

consisting of short term and long term equations in the 

following format: 

MTTHM = b Q  + b 1exp b2 ( T E M P )  

+ b 3(CLD0SE) b4 + b 5(BR) b6 

+ b ?(RXNTM) b8 + b g(PH - 2.6) 

Once again, it is important to note the absence 

of a precursor related term since the parameter UVABS*TOC 

was constant and thus was not a variable within the set 

of experiments conducted for a given water. A summary of 

constants for the individual water short term and long 

term equations appears in Table 5-4. The summations of 

the SSE values for all the individual water short term or 

long term equations were 73.1 and 202, respectively. 

These values can be contrasted againt the SSE values of 

229 and 873 found for the short term and long term 

equations, respectively, of the overall nonlinear model. 

As before, it is apparent that the individual water 

models are more accurate than the overall models, mainly 

because each individual water model only simulates the 
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response of a single sample derived from one precursor 

source. 

Additional insight can be gained by comparing the 

model constants derived for the individual water 

nonlinear equations with the model constants associated 

with the overall nonlinear equations. First, considering 

temperature related constants, it is apparent that each 

water has its own unique response to temperature. As a 

general rule, the multiplier constant (b ) for a given 

individual water model was lower than the corresponding 

constant for the overall model if the exponential 

constant (b 2) for that individual water model was greater 

than the corresponding constant for the overall model. 

Perhaps the most important difference between the 

individual water and overall models is the difference in 

chlorine related model constants, particularly the power 

constant. For both the short term and long term overall 

model equations, the power constant associated with the 

CLDOSE term was greater than 1.0, a value with more 

statistical than chemical basis. In contrast, this power 

was found to be less than 1.0 for all nine of the 

individual water long term equations and for seven of the 

nine short term equations. This supports the original 

premise that values of the power constant for the overall 

model equations were really more of a statistical 

anomoly. An apparently similar anomoly also was observed 
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for the bromide power constant. While the value of this 

power constant was greater than 1.0 for both the long 

term and short term overall model equations, the value 

determined in most of the individual water equations was 

less than 1.0. 

Individual water models were also developed in 

accordance with the log/log model format (Model II). The 

generalized equations, in transformed and retransformea 

versions, are summarized below: 

ln(MTTHM) = lnb Q  + b 1  ln(CLDOSE) + i> 2  In (RXNTM) 

+ b 3  In(TEMP) + b 4  ln(PH - 2.6) + b &  In(BR + 1) 

MTTHM=b Q(CLDOSE) b1(RXNTM) b2(TEMP) b3(PH-2.6) b4(BR+l) b5 

Model constants and relevant statistical 

information are presented in Table 5-5. For all nine 

2 
individual water models, R values were greater than 0.9 

2 
while a R value of 0.864 was determined for the overall 

log/1og mode 1. 

Sensitivity Analysis 

An important consideration in defining the 

applicability of a model is to establish a set of 

"boundary conditions". Designated boundary conditions 

represent ranges of various independent variables within 

which use of the model is considered to be most 

appropriate. A good approximation of these boundary 
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conditions would correspond to the ranges of parameters 

used in developing the data base and calibrating the 

models. Boundary conditions or parameter ranges 

associated with this research are summarized in Table 

5-6, along with an indication of "midrange" levels as 

defined by either the average or "baseline" level. Use 

of any model outside of these boundary conditions is 

discouraged. Moreover, as an additional constraint, there 

is a need to specify that predicted negative values be 

defaulted to a value of zero. Finally, it is assumed that 

a model user will avoid specifying input parameter levels 

in additive type models which will lead to the prediction 

of erroneous results (i.e., CLDOSE equal to zero, etc.). 

The general approach adopted for establishing boundary 

conditions and conducting related sensitivity analyses is 

patterned after the approach used by Minear (1983) . 

The results of the sensitivity analysis conducted 

for Model I, the additive/mixed transform linear model, 

are summarized in Table 5-7. Considering either the 

average or baseline level of each parameter, it is 

possible to define the relative order of importance of 

the independent variables, on the basis of an incremental 

contribution ( A  umol/L), to the overall model 

prediction. The linear model indicated the following 

order of importance: 



Table 5-6. Specified Boundary Conditions for Model Parameters. 

Average or 
Parameter Boundary Conditions Baseline Level 

CLDOSE (mg/L) 1.5 to 69 21.4 

TEMP (°C) 10 to 30 20 

RXNTM (hours) 0.1 to 168 

PH - 4.6 to 9.8 7.3 

BR (mg/L) .010 to 1.245 .112* 

T0C (mg/L) 3.0 to 13.8 7.14 

L'VABS (cm"1) .063 to .489 .240 

UVABS*T0C .189 to 5.53 1.98 

CLTOC (dimension]ess) 0.5 to 5.0 3.0 

* 

average ambient level 



Parameter 

UVABS*TOC 

0 5 
RXNTM ' 

CLDOSE 

TEMP2 

(PH - 2.6) 

BR 

Table 5-7. Summary of Sensitivity Analysis for Model I. 

Incremental Contribution to Model Prediction ( A umol/L) 

Short-Term Equation Long-Term Equation 

Boundary Conditions 

.060 to 1.76 

.155 to 1.96 

.038 to 1.73 

.179 to 1.61 

.185 to .667 

.002 to .250 

Ave. or Baseline 

.630 

* 
.694 

.537 

.716 

.436 

.023 

Boundary Conditions 

.120 to 3.51 

.740 to 2.34 

.158 to 7.25 

.483 to 4.35 

.542 to 1.95 

.007 to .918 

Ave. or Baseline 

1 . 2 6  

* 
1 . 8 1  

2.25 

1.93 

1 .27 

0.83 

Model Constant -1.89 -5.35 

MTTHM Prediction 1.15 3.25 

* 

2 or 96 hours 
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Short Term Equation 

TEMP > RXNTM > UVABS*TOC > CLDOSE > PHSTAR > BR 

Long Term Equation 

CLDOSE > TEMP > RXNTM > PHSTAR > UVABS*TOC > BR 

It should be noted that, in the above analysis, 

the values of RXNTM employed were 2 hours and 96 hours, 

respectively, for the short term and long term equations. 

In all cases, the incremental contributions of each 

individual parameter were greater for the long term 

equation than for the short term equation, as expected. 

Ideally, in a multiple parameter additive model, it would 

be best to develop a model in which the overall model 

constant is equal to or near zero. The fact that the 

model constants are not zero is indicative of the 

explanatory power of the models; quite simply, there are 

additional parameter terms or relationships not taken 

into account which influence trihalomethane formation. 

The sensitivity analysis conducted for Model III, 

the additive multiple nonlinear model, appears in Table 

5-8. Based on either average or baseline parameter 

levels, the order of importance of the independent 

variables, on an incremental contribution basis 

( A  umol/L), is: 

Short term Equation 

RXNTM > TEMP > UVABS*TOC > PHSTAR > CLDOSE > BR 



Table 5-8. Summary of Sensitivity Analysis for Model III. 

Incrementnl Contribution to Model Prediction ( Aumol/L) 

Short-Term Equation Long-Term Equation 

Parameter 

UVABS*TOC 

b(RXNTM)" 

b(CLDOSE)" 

b(exp(n*TEMP)) 

(PH - 2.6) 

b(BR)" 

Boundary Conditions 

.060 to 1.75 

.801 to 2.41 

.017 to 1.77 

.943 to 2.35 

.185 to .667 

<.001 to .292 

Ave. or Baseline 

.628 

* 
1.53 

.424 

1 .49 

.435 

.005 

Boundary Conditions 

.117 to 3.42 

7.35 to 9.18 

.046 to 7.42 

.335 to 3.99 

.570 to 2.05 

<.001 to 1.17 

Ave. or Baseline 

1 . 2 2  

* 
8.71 

1.56 

1 . 1 6  

1.34 

0 . 1 6  

Model Constant -3.34 -11.0 

MTTHM Prediction 1.17 3 . Ol 

# 
2 or 06 hours 
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Long Term Equation 

RXNTM > CLDOSE > PHSTAR > UVABS*TOC > TEMP > BR 

Once again, the values of RXNTM used in the above 

analysis were 2 hours and 96 hours for the short term and 

long term equations, respectively. 

At this stage, a comparison of the sensitivity 

analyses conducted for the linear and nonlinear models 

indicates that the bromide parameter is not very 

influential in either model. Moreover, the incremental 

contributions associated with the UVABS*TOC and PHSTAR 

terms are similar. This is not surprising if one 

considers that each of these parameters is represented by 

linear terms in both models. The incremental 

contributions of the other parameters are different 

because of the different parameter functionalities used 

in the linear as opposed to the nonlinear models. Based 

on inputing either average or baseline parameter levels, 

the overall model predictions are comparable. 

The results of the sensitivity analysis conducted 

for Model II, the additive log/log transform linear 

model, are presented in Table 5-9. Considering either 

average or baseline levels, the order of importance of 

the various parameters, on an incremental contribution 

basis ( Aumol/L), was found to be: 

TEMP > CLDOSE > PHSTAR > UVABS*TOC > ( BR + 1) 

The inclusion of reaction time in the above 



Table 5-9. Summary of Sensitivity Analysis for Model II 

Incremental Contribution to MTTHM 
in term of [ In (umol/L)] 

Parameter Boundary Conditions Ave. or Baseline 

ln(UVABS*TOC) -.630 to .646 .258 

In(RXNTM) -.580 to 1.29 .175 or 1.15* 

ln(CLDOSE) .210 to 2.19 1.58 

In(TEMP) 2.27 to 3.35 27^5 

In(PH - 2.6) .444 to 1.26 .990 

In(BR + 1) .001 to .043 .006 

Model Constant -5.73 

MTTHM Prediction .229 to 1.20* 

* 
2 or 96 hours 
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analysis would, of course, be influenced by the actual 

value of RXNTM designated; for a two hour reaction time, 

RXNTM would fall between UVABS*T0C and (BR + 1) in the 

above sequence, while for a reaction time of 96 hours, 

RXNTM would fall between CLDOSE and PHSTAR. Once again, 

bromide concentration is not an influential parameter, 

even though it actually appears as the term (BR +1) in 

the mode1. 

The three previous sensitivity analyses were 

conducted on "additive" models which lend themselves to a 

straightforward analysis. A slightly different approach 

is required to conduct a sensitivity analysis for Model 

IV, the proportional model containing multiplicative 

terms. An analysis was conducted to determine the effects 

of different parameter levels on the magnitude of the 

various factors (i.e., PHF, TEMPF, BRF, HSF, CLTOCF) used 

in conjunction .with this model. Parameter level ranges 

encompassing the previously indicated boundary conditions 

as well as parameter levels corresponding to average or 

baseline conditions were used to estimate values of each 

of the factors. While the average of each individual 

factor as well as the composite product of the various 

individual factors were approximately equal to a value of 

unity, the composite product of the various factors can 

assume values as low as 0.012 or as high as 9.16 without 

violating the prescribed boundary conditions. Recall 
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that, for this particular model, an "interim" prediction, 

MTTHMX, is sequentially multiplied by these factors to 

yield an overall prediction of MTTHM. 

Based on the previous discussion of boundary 

conditions and corresponding sensitivity analyses, 

caution is urged in applying a model at the extremes of 

the range of boundary conditions. The closer that the 

parameter levels are to their average or baseline level, 

the greater the confidence that can be placed in a given 

model. In extrapolating a model toward parameter 

extremes, it is best to try to account for extreme 

variation in only one parameter at a time (for example, a 

temperature of 30 °C with average/baseline levels of all 

other parameters). Use of a model to simulate extreme 

levels associated with more than one parameter is 

discouraged because the models do not contain terms which 

directly model multiplicative or composite effects, even 

though "extreme condition" experiments (i.e., conditions 

most or least conducive to THM formation) were used in 

calibration of the models. Under normal circumstances, 

severe extrapolation of the models will not be necessary 

for many of the parameters; it is anticipated that most 

predictions will be based on temperatures of 

approximately 20 CC, pH levels of approximately 7.0, and 

bromide levels of less than 0.245 mg/L (the maximum 

ambient bromide concentration present in the various 
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waters studied). The two parameters which will 

potentially cause the most problems in terms of model 

extrapolation are UVABS*TOC and CLDOSE; it is anticipated 

that problems may arise in applying the models to low 

precursor level waters or waters subjected to low applied 

chlorine doses. 

Model Validation 

Internal Model Validation 

Final validation of any model should be 

accomplished with data other than the original data base 

used for model calibration. However, preliminary testing 

of a model against the original data base, hereafter 

referred to as "internal validation", can provide insight 

into model applicability and limitations. Each of the 

four overall models (I through IV) was tested against the 

entire data base (1,090 cases). Predicted values of MTTHM 

were compared against measured values in accordance with 

two general approaches. 

The first approach was adapted from a procedure 

used by Minear (1983) and involves estimating an "index 

of agreement", I, as defined below: 

I = (Predicted MTTHM - Measured MTTHM)/(Measured MTTHM) 

A "criterion of agreement" for I was defined as 

follows: 
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0.8 < I < 1.2 

Thus, for a given case, the criterion of 

agreement is met if a predicted value falls within + 2 0 Sfe 

o f the actual measured value. 

Results of the index of agreement analysis are 

presented in Table 5-10. It can be seen that the log/log 

model provided the best overall fit of data (46% of total 

cases) while the proportional model was the least 

accurate in simulating the data base (25% of total 

cases). Close scrutiny of Table 5-10 reveals that, while 

the log/log model was the best overall model, it was not 

useful in simulating data derived from the Biscayne 

Aquifer. Excluding these particular results, the log/log 

model was within the criterion of agreement for over 50% 

of the remaining cases. On the other extreme, the 

proportional model proved to be relatively accurate for 

only three of the water sources, the Edisto and Grasse 

Rivers and the Ilwaco Reservoir, all very reactive 

waters. For these particular waters, the index of 

agreement criterion was met by 56% of the cases using the 

proportional model. In contrast, the proportional model 

was unable to predict within the index of agreement 

criterion for any case associated with the Verde River, 

the least reactive of all the water sources. It is 

evident that the proportional model is extremely 

sensitive to the precursor related parameter UVABS*T0C. 



Table 5-10. Summary of Index of Agreement Analysis According to 
Water Source. 

Water 

Edisto 

Scioto 

Biscayne 

Ilwaco 

Kaw 

Grasse 

Pearl 

James 

Verde 

n 

130 

1 2 0  

110 

130 

130 

130 

130 

130 

80 

Number of Cases within -v ' -  20 % of Xeas. MTTHM 

Model I 

46 

49 

10 

63 

53 

52 

46 

27 

10 

Model II 

42 

79 

3 

82 

8 1  

46 

69 

53 

41 

Model I I I  

49 

46 

16 

64 

51 

41 

48 

31 

10 

M o d e l  I V  

54 

19 

7 

95 

16 

57 

13 

1 2  

0 

All Waters 1.090 356 496 356 27 3 

% of cases 100 33 46 33 
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None of the models proved to be capable of accurately 

simulating results derived from the Biscayne Aquifer. 

The previous discussion indicates that model 

performance varied from water to water and that certain 

models provided more accurate simulation. An alternative 

index of agreement analysis was conducted to show the 

performance of the models according to experiment type. 

Focusing on experiments employing chlorine to NVTOC 

ratios of 0.5 or 1.0, it was apparent that the models do 

not accurately portray results derived from low applied 

chlorine doses. The models were least accurate in 

simulating the results of the low extreme experiment . 

Overall, the models were most accurate in simulating 

results obtained from experiments employing baseline 

level or higher chlorine to NVTOC ratios (3.0 and 5.0). 

As a general rule, the models were more accurate at 

ambient temperature and pH as opposed to low/high 

temperature pH levels . 

The above analyses utilized the entire data 

base. However, it is likely that a higher percentage of 

cases would meet the index of agreement criterion if only 

cases corresponding to a positive chlorine residual were 

analyzed. Indeed, as indicated previously, none of the 

modeIs were very accurate in simulating results derived 

from experiments in which chlorine to NVTOC ratios of 

less than or equal to 1.0 were employed and also in which 



a positive chlorine residual was not maintained 

throughout the entire reaction timeframe for many of 

these experiments. 

A second approach to "internal validation" 

involved conducting a regression of predicted values of 

MTTHM against measured values for each overall model, and 

developing a corresponding "scattergram". According to 

2 
this analysis, a "perfect" model would result in a r 

value of 1.00 and yield a regression equation with an 

intercept of zero and a slope of 1.00. Scattergrams 

representing predicted MTTHM for the overall linear, 

log/log and nonlinear models are presented in Figures 

5-27 through 5-30 respectively. These scattergrams yield 

2 
the following values for Models I through IV; (a) r 

values of .826, .921, .836, and .918, respectively, (b) 

intercepts of .355, .255, .313, and -.235, respectively, 

and (c) slopes of .826, .812, .827, and 1.16, 

respectively. Although correlations between measured and 

predicted values were generally good , the intercepts and 

slopes of the regression equations indicated that Models 

I, II, and III showed a tendency to overpredict at low 

MTTHM levels while underpredicting at high MTTHM levels. 

Thus, these models tend to overpredict for conditions 

least conducive to trihalomethane formation while 

underpredicting at conditions most conducive to 

trihalomethane formation. Conversely, Model IV tends to 
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underpredict at low MTTHM levels and overpredict at high 

MTTHM levels. 

External Model Validation 

The next phase of model validation was to 

progress from "internal" to "external" validation, 

implying that data not actually used to calibrate the 

model are used to validate the model. After a review of 

the pertinent literature , selected data were taken from 

the literature to test and validate the various models. 

Ideally, each literature source used to validate the 

models should clearly identify and quantify all relevant 

parameters (i.e., pH, temperature, etc.) as well as 

providing accurate trihalomethane formation data in the 

form of either measured molar trihalomethane levels or 

weight basis THM species as a function of time. 

Unfortunately, this ideal situation was rarely 

encountered and certain inherent inaccuracies were often 

incurred in estimating trihalomethane formation data 

directly from actual data plots or in providing 

reasonable assumptions of parameters not clearly 

identified or quantified. Many literature articles 

reported total trihalomethanes on a weight basis without 

any information on speciation. Often, bromide was not 

reported and, in many cases, only NVTOC was reported to 

define precursor content.' Many of the trihalomethane 
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formation curves published in the literature were small 

scale, leading to difficulty in accurately estimating 

data directly from plots. 

The first model validation undertaken focused on 

data derived from a North Carolina surface water 

(University Lake, an impoundment on Morgan Creek in 

Chapel Kill, North Carolina) by Singer(1980). Results of 

this validation analysis are summarized in Table 5-11 

which portrays measured versus predicted values derived 

from each of the overall models for each of several 

reported reaction times. Some of the required parameter 

estimates as well as necessary assumptions are also 

indicated in the table. Attention should be given to the 

assumed value of UVABS*T0C; Singer reported TOC and COLOR 

but not UVABS and thus, it was necessary to estimate a 

value of UVABS from a correlation established during the 

research between UV Absorbance (254 nm, pH 7) and Color 

(Amy,G . ,1984) . Since temperature was not specified, a 

temperature of 20°C was assumed. Also, because only 

chloroform was measured and reported, it was assumed that 

no brominated haloforms were present. Employing these 

various assumptions, three of the models (i.e., linear, 

nonlinear, and log/log) tended to underpredict while the 

proportional model generally overpredicted, particularly 

at longer reaction times. The best agreement was found at 

intermediate reaction times (12 or 24 hours). For the 



Table 5-11 Summary of Model Validation Analysis Using Data 

Derived from Morgan Creek, North Carolina. 

Predicted MTTHM (umol/L) 
Meas. MTTHM 

RXNTM (hours) (umol/L) Model I Model II Model III Model IV 

4 2.93 2.11 2.00 2.11 3.06 

12 3.35 2.83 2.64 2.60 4.01 

24 3.93 3.73 3.15 3.22 4.97 

72 4.77 4.39 4.15 4.05 6.58 

168 6.82 5.22 5.14 4.76 7.95 

Given or Assumed Conditions: T0C = 8.9 mg/L CLD0SE = 20 mg/L 
Color = 79 pcu PH = 7.0 
UVABS = .411 BR = 0 mg/L 
UVABS*T0C =3.66 TEMP = 23 °C 
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five reaction times considered, predicted values were 

within + 20% of measured values in three cases for either 

the linear or proportional model, and in two cases for 

either the nonlinear or log/log model. 

The next validation attempt focused on data 

developed by Edzwald (1981,1984) for the Glenmore 

Reservoir water, a surface water located in New York. 

Several THM formation curves were presented for this 

water in one reference (Edzwald,J1981) but data 

permitting calculation of the UVABS*T0C parameter was 

found for only one of the waters (Edzwald,J.,1984). A 

chlorine dose of 20 mg/L was assumed since it was 

reported that trihalomethane formation experiments were 

conducted with the addition of between 15 and 20 mg/L 

chlorine. It was also necessary to estimate THM data 

directly from a small scale actual plot of various 

formation curves given in terms of weight basis total 

THMs (assumed to be all chloroform). Bromide levels were 

not reported and were assumed to be zero. The results of 

this validation analysis are presented in Table 5-12. 

All of the models proved to be very accurate in 

simulating the response of this water. Considering the 

four reaction times, both the linear and log/log models 

provided predictions which were within + 20* of measured 

values in all cases while nonlinear and proportional 

model predictions were within + 2 0 %  in all but one case. 



e 5-12 Summary of Model Validation Analysis Using Data 

Derived from Glenmore Reservoir, New York. 

Predicted MTTHM (umol/L) 

Meas. MTTHM 
RXNTM (hours) (umol/L) Model I Model II Model III Model IV 

4 

24 

72 

120 

1 . 2 1  

1.56 

1.99 

2.29 

1.07 

1.54 

2 . 2 0  

2 . 6 6  

1.13 

1.78 

2.35 

2.67 

1 . 0 8  

1 . 1 8  

2 . 0 1  

2.43 

0.95 

1.49 

2.04 

2.24 

Given or Assumed Conditions: TOC =4.3 mg/L 
UVABS .225 
UVABS*T0C = .968 

CLDOSE = 20 mg/L 
PH = 7.5 
BR = 0 mg/L 
TEMP = 20 °C 
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Another attempt at model validation focused on 

data developed by Minear (1983) in which a mixture of 

Tennessee River water and Aldrich humic acid were 

studied. All relevent data and parameters necessary to 

test the models were reported except for UVABS. Minear 

studied a mixture with a total NVTOC of 3.2 mg/L, 

comprised of a natural water with an "ambient" NVTOC of 

1.6 mg/L in which the NVTOC was doubled by adding Aldrich 

humic acid. Thus, the humic acid concentration was 1.6 

mg/L as C. Based on previous work conducted during this 

research, Aldrich humic acid was determined to have a 

Specific Absorbance of 0.081/mg C. Thus, a 1.6 mg/L as C 

solution of Aldrich humic acid can be assumed to have a 

UV Absorbance (254 nm and pH 7) of approximately 0.130. 

It is assumed that the natural water TOC (1.6 mg/L) will 

increase this to roughly 0.164, based on the Specific 

Absorbance for the Verde River (0.021/mg C), the water 

with the lowest precursor level of those studied and the 

water considered to be most likely to resemble the 

Tennessee River water. This was the only assumption 

required since Minear reported all other requisite data. 

With this important assumption, the validation analysis 

summarized in Table 5-13 was conducted. It can be seen 

that both the proportional and log/log models are fairly 

good in predicting MTTHM levels. Both the linear and 

nonlinear models are fair predictors ,at very short (1 or 



Table 5-13 Summary of Model Validation Analysis Using Data 

Derived from Tennessee River Water Spiked with Humic Acid 

Predicted MTTHM (umol/L) 
Meas. MTTHM 

RXNTM (hours) (umol/L) Model I Model II Model III Model IV 

1 0 ,  .304 . 190 .439 .250 .293 

2 0. 400 .393 .522 .465 .347 

4 0 .446 .681 .622 .714 .412 

8 0 ,  .540 1 .09 .741 1.00 .488 

24 0 .824 .205 .977 .061 .640 

48 0 .927 .581 1 .16 .577 .773 

72 0 .994 .869 1 .29 .895 .856 

96 1 .06 1 .11 1 .39 1.13 .916 

* 
Given or Assumed Conditions: TOC = 3.24 mg/L CLDOSE - 10 mg/L 

UVABS .164 PH = 7.4 
UVABS*T0C = .531 BR = .04 ihr/L 

TEMP = 20 °C 
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2 hours) or very long (72 or 96 hours) reaction times. 

However, the simulation performance of these particular 

models is poor within the intermediate reaction time 

range. Moreover, the previously discussed problem of a 

discontinuity between short term and long term 

predictions occurred. Linear and nonlinear predictions 

for a reaction time of 8 hours were higher than 24 hour 

predictions. It may be that this anomoly occurred as a 

consequence of the low precursor level associated with 

this particular water source. 

Model validation efforts next considered data 

developed by Edzwald using a water sample taken from the 

Grasse River in October of 1980 (Edzwald,J.,1981,1984). 

Of course, the Grasse River itself is one of the natural 

waters used in developing the data base generated during 

this research. Although Edzwald's sample is totally 

different from that used in generating the data base, it 

could be argued that this does not represent a true 

external validation of the models. However, the scarcity 

of suitable data for model validation necessitated use of 

this data. Results of the validation analysis are 

presented in Table 5-14. Among the various models, the 

proportional model provided the best simulation while the 

nonlinear model significantly underpredicted. Predictions 

of the proportional model were within +20* of measured 

values for three of the five reaction times analyzed. 



Table 5-14 Summary of Model Validation Analysis Using Data 

Derived from Grasse River, New York. 

Predicted MTTHM (umol/L) 
Meas. MTTHM 

RXNTM (hours) (umol/L) Model I Model II Model III Model IV 

2 2.09 1.26 1.35 1.31 1.57 

4 2.59 1.55 1.61 1.56 1.87 

24 3.43 2.48 2.53 2.11 3.03 

72 4.52 3.14 3.33 2.95 4.01 

168 5.11 3.97 4.13 3.65 4.84 

Given or Assumed Conditions: TOC = 6.9 mg/L 
UVABS = .355 
UVABS*T0C =2.45 

CLDOSE = 20 mg/L 
PH = 7.5 
BR = .01 mg/L 
TEMP = 20 °C 
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Data derived from chlorination of an earlier 

sample of the Biscayne Aquifer water were also used to 

validate the models. These data were generated by Cooper 

(1984) who studied an entirely different sample from that 

used to construct the data base. One very important 

difference between these two samples is that Cooper's 

sample contained 2.0 mg/L of ammonia-N while the latter 

sample used in this research contained 0.8 mg/L of 

ammonia-N. A preliminary attempt at model validation 

indicated that all of the models had a propensity to 

significantly overpredict. In response, a second 

analysis was conducted whereby a "net" chlorine dose was 

used to test the model. This "net" dose was defined as 

the applied dose minus the ammonia related chlorine 

demand. According to the stoichiometry of the breakpoint 

chlorination reaction, the theoretical chlorine demand is 

approximately 8 mg/L of chlorine per 1.0 mg/L of 

ammonia-N. The particular kinetic experiment selected 

from Cooper's data base for this analysis was based on an 

applied chlorine dose of 36 mg/L. Thus, the "net" 

chlorine dose used in this analysis was 20 mg/L. The 

results of this second validation attempt are presented 

in Table 5-15. As a general rule, model predictions were 

fairly accurate, although the models tended to slightly 

overpredict, particularly at longer reaction times. 



Table 5-15 Summary of Model Validation Analysis Using Data 

Derived from Biscayne Aquifer, Florida. 

Predicted MTTHM (umol/L) 
Meas. MTTHM 

RXNTM (hours) (umol/L) Model I Model II Model III Model IV 

1 0.92 1.02 1.05 1.02 1.02 

2 1.16 1.22 1.25 1.23 1.21 

4 1.32 1.51 1.49 1.48 1.43 

8 1.58 1.92 1.77 1.77 1.69 

24 1.77 2.61 2.34 2.02 2.32 

48 1.88 2.98 2.78 2.54 2.78 

96 2.63 3.52 3.31 3.09 3.28 

144 3.08 3.92 3.67 3.43 3.59 

Given or Assumed Conditions: TOC = 6.0 mg/L CLDOSE = 20 mg/L (net dose) 
UVABS = .269 PH = 7.0 
UVABS*T0C =1.61 RR = .250 mg/L 

TEMP = 23 °C 
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Considering the eight reaction times studied, predictions 

were within +_ 20* of measured values by the nonlinear, 

log/log, proportional, and linear models for seven, five, 

five, and three of the eight reaction times, 

respectively. 

Internal Validation of Individual Water Models 

The index of agreement approach was next applied 

to the various individual water models. A summary of 

this analysis appears in Table 5-16. Based on the index 

of agreement criterion, it can be seen that the 

individual water models are significantly more accurate 

in predictive capability than the overall models. This 

behavior, of course, can be attributed to the absence of 

any precursor related parameter as a variable in the 

individual water models. 

The better predictive abilities of the individual 

water models can be further demonstrated by conducting 

simple regressions and developing corresponding 

scattergrams to portray predicted MTTHM versus measured 

MTTHM for a given water using the appropriate individual 

water models. Representative scattergrams for data 

derived from the Kaw Reservoir water is shown in Figures 

5-31 through 5-33, based on the individual water linear, 

log/log and nonlinear models applicable to this specific 

water source. These scattergrams provided the following 



Table 5-16 Summary of Index of Agreement Analysis 

for Individual Water Models 

Number of Cases within +/- 20 % of Meas. MTTHM 

Water 

Edisto 

Scioto 

Biscayne 

Ilwaco 

Kaw 

Grasse 

Pearl 

James 

Verde 

n 

130 

120 

110 

130 

130 

130 

130 

130 

80 

Model I 

88 

94 

71 

89 

93 

88 

79 

76 

26 

Model II 

103 

108 

70 

102 

106 

89 

97 

80 

64 

Model III 

87 

71 

80 

82 

96 

83 

85 

80 

62 

All Waters 1.090 704 819 726 

% of cases 100 65 75 67 
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2 
results; (a) r values of .959, .970, and .965, 

respectively, (b) intercepts of .048, -.036, and .039, 

respectively, and (c) slopes of .962, 1.03, and .963, 

respectively. It can be seen that the individual water 

models are far more accurate than the overall models, 

2 
with scattergrams characterized by high r values as well 

as intercepts close to zero and slopes near 1.00. 

External Validation of Individual Water Models 

External validation of individual water models 

actually serves two purposes; (1) determining the 

accuracy of the models in simulating THM formation 

kinetics associated with a specific sample of a given 

water source and (2) demonstrating that the modelling 

approach used in this research potentially represents a 

conceptual framework for future development of a source 

specific models for any water sources. 

The individual water models developed herein were 

derived from data generated from a single sample of the 

source water. Thus, a precursor-related parameter does 

not appear in any of the individual water models since 

the experiments conducted for a given water were based on 

a single precursor source and concentration. It has been 

reported in the literature that some surface waters 

exhibit significant seasonal variations in levels of 

trihalomethane precursors and humic substances. Thus, a 
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question arises as to how applicable the individual water 

equations are to modeling trihalomethane formation in 

other samples taken from the same source. 

As an illustrative example, consider the Grasse 

River individual water model presented previously. This 

particular model is based on a September 1983 sample with 

the following precursor characteristics: a NVTOC of 6.56 

mg/L, a UV Absorbance of 0.288, and a calculated 

UVABS*T0C of 1.89. Edzwald (1984) conducted an extensive 

study of seasonal variations for this same water source. 

An analysis was conducted for Edzwald 1s data and it is 

found that the average parameter levels of Winter samples 

(seven total samples taken during January-March 1982) 

were: THMFP = 299 ug/L, NVTOC = 4.37 mg/L, and UV 

Absorbance = 0.188. The average UVABS*T0C of these seven 

samples was calculated to be 0.822. Of course, the major 

concern is whether the individual water model (calibrated 

with data derived from a Summer sample) can be either 

directly or indirectly employed to simulate 

trihalomethane formation during chlorination of a Winter 

sample taken from the Grasse River. Tentatively, as a 

starting point, if it is assumed that different samples 

of a given water source will exhibit similar responses in 

THM formation to changes in pH, temperature, chlorine, 

and bromide, it would then be possible to first use the 

individual water model to develop an "interim" formation 



1 59 

curve exhibiting a general "shape" and then to normalize 

those results according to some precursor-related 

parameter. 

Ostensibly, if the parameter UVABS*TOC is an 

accurate indication of THMFP, one possible approach to 

normalizing individual water models would be to simply 

use the individual water model to develop an "interim-" 

prediction and then to multiply this prediction by the 

ratio of the UVABS*TOC of the actual water sample divided 

by the UVABS*TOC of the original sample used in 

calibrating the model. However, there are some 

convincing arguments against an unqualified use of this 

approach, as discussed in the following paragraphs. 

Returning to the Grasse River as an example, 

Edzwald's data (Edzwald,J. , 198 1 , 1984) indicate that 

significant changes in the organic content of the water 

(as reflected by NVTOC) occur on a seasonal basis. The 

total amount of UV Absorbing material also varies 

seasonally. However, analysis of Edzwald's data reveals 

that the fraction of the organic matter present at 

anytime which absorbs UV light does not vary much at all; 

the ratio of UVABS to TOC (i.e., the specific absorbance) 

averaged 0.046/mg C (for a total of 53 samples acquired 

by Edzwald from February 1980 to March 1982). Moreover, 

although the THMFP of the water also varied seasonally, 

the reactivity of the organic matter in forming THMs, as 
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represented by the THM yield or the ratio of THMFP to 

NVTOC, varied only slightly with an average of 77.3 ug/mg 

C and a standard deviation of only 9.6 ug/mg C. One 

possible explanation is that, for this particular water 

source, there is a common "pool" of humic source 

materials within the Grasse River watershed available for 

dissolution and the amount solubilized is a complex 

function of organogeochemical processes and 

meteorological conditions. The slow geochemical 

weathering of humic source material and concurrent 

dissolution of humic substances would be affected by 

water chemistry, water temperature and pH, as well as 

some dilution that may occur during periods of high 

runoff. Although more research is needed, it may be that, 

for this particular water source, precursor variations 

are more a matter of changes in precursor concentration 

as opposed to precursor composition. 

Edzwald also conducted an extensive evaluation of 

another water source, the Glenmore Reservoir near Oneida, 

New York (Edzwald,J1981,1984). Analysis of Edzwald's 

data indicated that while the average values of specific 

absorbance and THM reactivities were comparable to the 

Grasse River (0.040/mg C and 75.9 ug/mg C, respectively), 

the corresponding standard deviations were higher 

(0.0075/mg C and 16.2 ug/mg C, respectively). 
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The analysis of Edzwald's data indicates that, for 

the Grasse River, UVABS proved to be the best surrogate 

for THMFP (r 2=.939) followed by UVABS*TOC (r 2=.885) and 

TOC (r 2=.812). This same trend was also found for the 

Glenmore Reservoir where the coefficients of determina-

tion, r 2 , were .823, .789, and .719, respectively. These 

results suggest that, for the Grasse River model, the most 

appropriate normalization procedure would be to multiply 

model predictions by the ratio of the actual UVABS divided 

by the UVABS of the Grasse River sample used to calibrate 

the individual water model. If an individual water model 

existed for the Glenmore Reservoir, it also appears that 

UVABS would be the best normalization parameter. 

The above analysis is not meant to detract from 

the ability of the UVABS*TOC parameter to · describe the 

variation in precursors from source to source. This 

approach, of course, was taken in developing the overall 

models with UVABS*TOC simulating precursor variations. 

Certainly, one would expect the humic content of the 

Edisto River to vary substantially from that of the Verde 

River, given the differences in watershed 

characteristics, climate, and water chemistry, as 

exemplified by the broad ranges in specific absorbance 

and THM yields observed for the various raw waters in 

Table 5-1. Ostensibly, one can regard the NVTOC as being 

generally representative of total organic content of the 
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water while UV Absorbance is more indicative of the 

presence, and possibly reactivity, of the humic material. 

Thus, there is a strong chemical as well as statistical 

rationale for using UVABS*TOC to differentiate precursors 

found in different water sources. However, the 

multiplicative parameter UVABS*TOC may not be the most 

appropriate parameter to describe changes in humic 

substances at a specific source due to seasonal and 

temporal variations. 

Presently, there is simply insufficient data, 

either in the open literature or developed during this 

reasearch, to specify a standard normalization procedure. 

At this time, it appears that the best approach is to 

define a specific normalization procedure for each 

individual water model on a case-by-case basis. After 

development and calibration of an individual water model 

with data derived from a single sample, it would then be 

necessary to generate additional data for normalization 

purposes. Additional data requirements would consist of 

seasonal monitoring of a water source for THMFP, NVTOC, 

and UV Absorbance. These data could then be analyzed in 

a manner similar to the analysis of Edzwald's data to 

Identify the specific parameter that correlates best with 

THMFP —  either TOC, UVABS, or UVABS*TOC. This parameter 

could then be used in the normalization procedure. Based 

on analysis of Edzwald's data, it appears that, for a 
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water in which both the specific absorbance and THM yield 

remain fairly constant over time, either UVABS or 

possibly TOC may prove to be the most accurate basis for 

normalizat ion. 

The same data developed by Edzwald and used to 

test the overall models were also employed to test the 

individual water model for the Grasse River in order to 

ascertain whether this model could accurately predict 

MTTHM for a totally different sample obtained from the 

same source. As indicated previously, since there is no 

explicit precursor-related term in this individual water 

model, it is necessary to normalize model predictions 

according to some parameter which portrays precursor 

characteristics. Based on the analysis of Edzwald 1s data, 

the adopted normalization procedure was to multiply 

"interim" model predictions by the ratio of the UVABS of 

the actual sample divided by the UVABS of the sample used 

to calibrate the model. The results of this model 

validation analysis are presented in Table 5-17. It can 

be seen that Model II (log/log) and Model III (nonlinear) 

for the Grasse River proved to be fairly accurate in 

simulating the data. In fact, all of the model 

predictions except the nonlinear four-hour predictions 

were within +_2 0 %  of the measured values. The log/log 

model provided the best simulation at lower reaction 

t imes. 



Table 5-17 Summary of Individual Water Model Validation Analysis 

Using Data Derived from Grasse River, New York. 

Predicted MTTHM (umol/L) 

Meas. MTTHM 

RXNTM (hours) (umol/L) Model I Model II Model III 

2 2.09 1.68 1.95 1.72 

4 2.59 1.99 2.29 2.00 

24 3.43 3.30 3.50 3.06 

72 4.52 4.11 4.54 3.95 

168 5.11 5.11 5.55 4.86 

Given or Assumed Conditions: TOC = 6.9 mg/L CLD0SE = 20 mg/L 
UVABS = .355 PH = 7.5 

UVABS*T0C =2.45 BR = .01 mg/L 
TEMP = 20 °C 

CT> 
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The data developed by Cooper also provided an 

opportunity to test and validate the individual water 

models developed for the Biscayne Aquifer. Considering 

the substantial chlorine demand exerted by the 2.0 mg/L 

of ammonia-N present in Cooper's sample, it was 

considered necessary to take this demand into account 

during the validation procedure. Thus, a preliminary 

analysis was based on the "net" chlorine dose (i.e., 

applied chlorine minus chlorine demand). The results of 

this preliminary analysis indicated that the models 

tended to significantly underpredict. This response was 

eventually attributed to the fact that the individual 

water models for the Biscayne Aquifer were developed on 

the basis of applied chlorine dose rather than net 

chlorine dose. As a consequence, the calibrated Biscayne 

Aquifer models have a "built-in" ability to simulate the 

effects of the chlorine demand imparted by the 0.8 mg/L 

of ammonia-N present in the sample used in model 

calibration. A subsequent analysis was undertaken in 

which Cooper's sample was considered to have a "relative" 

chlorine demand based on the difference between the 

ammonia-N level of Cooper's sample and the "built-in" 

ammonia-N level (i.e., 2.0 - 0.8 = 1.2 mg/L ammonia-N). 

As part of the model validation analysis, some 

consideration was given to identifying a normalization 

procedure to account for differences in precursor. 
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Unfortunately, unlike the Grasse River, there was not 

sufficient seasonal or temporal data (either presented by 

Cooper or reported elsewhere in the literature) to define 

the most appropriate normalization approach for the 

Biscayne Aquifer. However, due to the nature of 

groundwater systems, one would not expect to find 

dramatic seasonal changes in precursor level and 

composition (although long-term temporal changes may be 

observed due to phenomena such as droughts in recharge 

areas, etc.). Therefore, it was not surprising to find 

that precursor levels in Cooper's sample (July 1981) and 

the sample used to calibrate the model (October 1982) 

were quite similar. The ratios of precursor parameter 

levels observed in Cooper 's sample to levels observed in 

the model calibration sample were calculated to be 1.07 

for UVABS, 0.923 for TOC, and 0.988 for UVABS*T0C. Due 

to the strong similarity in precursor-related parameters, 

it was decided that this particular validation analysis 

did not absolutely require a normalization step. The 

results of this analysis are presented in Table 5-18. As 

a general rule, the models analyzed tended to slightly 

underpredict, with the log/log model providing the best 

simulation with all predicted values being within + 20% 

of the measured values. 

The above discussion focuses on how an individual 

water model derived from a single sample (and thus 



Table 5-18 Summary of Individual Water Model Validation Analysis 

Using Data Derived from Biscayne Aquifer, Florida. 

Predicted MTTHM (umol/L) 

Meas. MTTHM 

RXNTM (hours) (umol/L) Model I Model II Model III 

2 1.16 0.915 1.11 0.862 

4 1.32 1.08 1.01 1.25 

24 1.77 2.35 1.75 2.08 

96 2.63 2.84 2.32 2.55 

168 3.08 3.05 2.53 2.72 

Given or Assumed Conditions: TOC =1.6 mg/L CLD0SE = 36 mg/L 
UVABS = .269 PH = 7.0 

UVABS*T0C =0.433 BR = .25 mg/L 
TEMP = 20 °C 

05 
<1 
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containing no precursor term) could be used for 

predictions based on a different sample. A viable 

alternative approach would be to include a 

precursor-related parameter in an individual water model 

developed for a given water source. For example, if a 

model is to be developed for a source other than the nine 

water sources studied in this research, the data base 

used for model calibration could be developed from 

several different samples reflecting seasonal differences 

in precursor. This data would permit the inclusion of a 

precursor-related parameter in the individual water 

model. The actual parameter selected for inclusion would 

be based on an analysis similar to that conducted in this 

research for the overall models. Indeed, this alternative 

approach is consistant with the assertion that this 

research provides a conceptual framework for developing a 

source specific model for any water source. 

Accounting for Free Chlorine Exhaustion 

Up to this point, all of the models assume that a 

positive chlorine residual is maintained throughout a 168 

hours reaction timeframe. Trihalomethanes are simply 

assumed to continue to increase as a function of time in 

response to the principal reactants, namely chlorine and 

precursor. Of course, a problem occurs if free available 
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chlorine is depleted or exhausted prior to the end of the 

designated reaction time. It would certainly be useful 

to develop some kind of submodel for predicting the time 

at which free available chlorine is exhausted or depleted 

hereafter referred to ,by the acronym EXTTIME. A submodel 

for predicting EXTTIME could then be used in conjunction 

with the previosly developed MTTHM prediction models. The 

latter models would provide an indication of MTTHM 

formation as a function of RXNTM while the EXTTIME 

submodel would indicate an upper time limit for which the 

MTTHM predictions are valid. At reaction times greater 

than this upper limit, it can be assumed that 

trihalomethane formation has assymptotically leveled off 

at a maximum and that MTTHM remains constant as a 

function of RXNTM. 

As indicated previously, the untreated natural 

water data base consisted of 1,090 cases derived from a 

total of 109 kinetic experiments. While a positive 

chlorine residual was maintained throught 168 hours for 

the majority of these experiments, the absence of a 

chlorine residual was observed at some time during 29 of 

these experiments. Of these, 24 experiments involved low 

chlorine to NVTOC ratios of less than or equal to 1.0 

associated with Experiments 2, 3 and 13. In these 24 

experiments, chlorine was depleted after reaction times 

ranging from 0.1 to 96 hours. It is interesting to note 
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that a positive chlorine residual was maintained 

throughout 168 hours in only 3 of the total 27 

experiments comprising the 2, 3 and 13 series of 

experiments. The remaining five experiments in which 

chlorine was depleted included three Experiment 8 series 

(high temperature) one Experiment 12 series (high 

expreme) and one Experiment 1 series (baseline experiment 

for Biscayne aquifer water). Considering these latter 

five experiments, chlorine was depleted after 96 hours in 

four of them and after 48 hours in the remaining 

experiment. 

As discussed in Chapter 4, a qualitative 

determination of free chlorine residual was made at the 

end of each designated reaction time. Consequently, it 

was not possible to determine the precise instant at 

which free chlorine was depleted. For example, the 

presence of a positive residual after 48 hours followed 

by an absence of positive residual after 96 hours 

indicates that chlorine depletion occured at some time 

within this range. The best estimate of EXTTIME was 

simply assumed to be the midpoint of this range or 72 

hours. It is evident that this method of estimation will 

represent a substantial source of error in developing an 

EXTTIME submodel. 

The above procedure permitted an estimate of 

EXTTIME, the time to chlorine exhaustion, for each of the 
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29 experiments in which a free residual was not 

maintained. The next consideration was to formulate a 

predictive model for EXTTIME as a function of parameters 

affecting chlorine utilization. In theory, TEMP, CLDOSE, 

PH, BR and some precursor related parameter such as 

UVABS*TOC could serve as candidate independent vairables. 

However, the data base to be used for this analysis 

consisted of at most 29 cases and in only one experiment 

(an Experiment 12) did bromide vary from its baseline 

level. In the Experiment 13 series, both temperature and 

pH varied from their baseline conditions; however, 

individual effects of these parameters are masked by the 

multiplicative effects associated with low extreme 

experiments. Based on the above discusion, a decission 

was made to eliminate TEMP, BR, and PH as variables in 

the analysis. Thus, the development of a submodel for 

EXTTIME would be predicated on only a precursor related 

parameter and a chlorine related parameter. The two 

dependent variables selected for analysis included 

UVABC * TOC and CLTOC. Eighteen of the 27 experiments 

involving a negative residual (Experiments 1, 2 and 3 

series) were part of a group of experiments designed to 

isolate the effets of chlorine with all other parameters 

held at their baseline condition. However, rather than 

using just these 18 cases to calibrate a submodel for 

EXTTIME, a decision was made to use all data from the 
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Experiments 1, 2, and 3 series (27 cases). For those 

particular cases in which chlorine was not depleted, an 

EXTTIME of 168 hours was assumed. 

Using these 27 cases, value of EXTTIME were 

regressed against values of CLTOC and UVABS*T0C, yielding 

the submodel presented below; 

EXTTIME = 11.8 + 5 3 . 2 *(CLTOC) - 3.21 *(UVABS*NVTOC) 

n = 270 

R 2  = 0.643 

It is interesting note the signs a.sociated with the 

regression coefficients. Positive sign preceeding the 

CLTOC means an increase in CLTOC (i.e. the more chlorine 

available) increases the time to chlorine extinction. 

Conversely, as the value of UVABS*T0C increases (i.e. the 

more precursor present) the time to chlorine exhaustion 

de creases. 

Table 5-19 summarizes several model predictions 

based on the four CLTOC values employed in developing the 

data base as well as the minimum and maximum values of 

UVABS*T0C for the various waters studied. As a general 

rule, it is a reasonably safe to assume that a chlorine 

residual will be maintained throughout 168 hours if the 

CLTOC is greater than or equal to 3.0. Of the total of 

109 kinetic experiments, 84 involved chlorine to NVTOC 

ratios of 3.0 or greater and in only 5 of these, was 

chlorine depleted before 168 hours. Thus the real concern 



Table 5-19. EXTTIME Submodel Predictions (hours) 
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in estimating a value of EXTTIME for lower CLTOC ratios. 

o 
If the temperature is near 20 C, the pH is near neutral 

and the bromide level near 0.1 mg/1, the submodel for 

EXTTIME can be used for developing an estimate of 

EXTTIME. One can expect an EXTTIME ,of approximately 21 to 

38 hours for a chlorine to NVTOC ratio of 0.5 or an 

EXTTIME of roughly 35 to 53 hours for a ratio of 1.0 

2 
based on this model. Unfortunately, the low R value of 

only 0.643 and the limited number of cases involved in 

the analysis do not install a great deal of confidence in 

using the EXTTIME submodel. 

Developing a Source Specific Model 

As stated previously, an objective of this 

research was to develop general overall models which 

could be used by water utilities or other researchers to 

directly or indirectly (via a normalization procedure) 

formulate their own source specific model for predictive 

purposes. As an alternative to this approach a second 

objective was to define a framework for developing source 

specific models from scratch. This section discusses 

some of the more important elements of this modelling 

framework. 

The first task would be to formulate a general 

model in terms of the parameters which will serve as 
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Independent and dependent variables. It may be desirable 

to omit some of the parameters considered in this 

research, such as bromide which are not very Influential 

or are difficult to measure. An important consideration 

in omitting parameters would be anticipated parameter 

ranges. For example, if pH is expected to vary from only 

6.5 to 7.5 it may be advantageous to omit pH as an 

independent variable. The general model formulation will 

simply state that total trihalomethanes (molar or weight 

basis) are to be considered a function of the designated 

parameters such as UVABS, TOC, CLDOSE, TEMP, etc. If 

prediction of a total formation curve is not that 

important, single reaction time models can be formulated. 

After model formulation, the next task will be to 

generate an adequate data base for model calibration. If 

one adopts the approach taken in this research, 13 

kinetic experiments comprised of 130 cases could be run 

(experiments 1 through 13) to develop an individual water 

model without a precursor related term. This particular 

approach would necessitate a strategy for handling 

variations in precursor characteristics. One strategy 

would be to employ the normalization procedure discussed 

in the previous section on individual water model 

validation. A modest monitoring effort would be needed to 

define levels of trihalomethane formation potential, TOC, 

and UVABS for an analysis to determine the best 
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normalization parameter. 

As an alternative, one could generate a more 

extensive data base to permit development of a model 

containing a precursor related term. Thus, precursor 

variations would be reflected by a parameter as an 

internal feature of the model. This approach would 

require generation of a data base with several different 

samples taken from the same source. Ostensibly, one could 

subject three unique samples to the experimental protocol 

encompassing experiments 1 through 13, yielding a data 

base comprised of a total of 390 cases. 

The next decision to be made would be selection 

of a specific modelling approach. Either the linear, 

nonlinear, log/log or proportional model approach 

described in previous sections can theoretically be 

applied. In the case of the linear or nonlinear models, a 

functionality must be defined for each parameter. In the 

case of the linear model, a specific functiona1ity such 

0 5 
as RXNTM '  must be specified while, for the nonlinear 

model, a more general functionality is defined such as 

(RXNTM) n. Development of a model according to the 

proportional model format will require a separate 

analysis to define factor expressions (i.e. TEMPF, PHF, 

etc . ) 

After formation of a model, generation of a data 

base, and definition of parameter functionalities, the 



177 

final task will be to use an existing statistical package 

such as SPSS, BMDP, or SAS to calibratie the model. 



CHAPTER 6 

CONCLUSIONS 

The following conclusions were derived from this 

research. 

1. The linear multiple regression model has the 

most constraints regarding the functionality of the 

parameters. Fixed functionalities had to be defined for 

each of the parameters to implement this modelling 

strategy. It was not possible to define a single exact 

functionality for the reaction time parameter. Two 

submodels were developed, one for short reaction times 

(reaction time <8 hours, R 2  = 0.7 62 , SSE=23 2, F = 346, 

<0.001) and another for long reaction times (Reaction 

time>24 hours, R 2  = 0.798, SSE = 934, F = 283 and < 0.001). 

This modelling approach can result in prediction 

discontinuities between reaction times 8 and 24 hours. 

2. Nonlinear multiple regression models has some 

advantages over the linear models in that only the 

general functionality has to be defined not the exact 

function as in linear regression analysis. The same 

approach of developing two submodels was taken in this 

analysis (SSE=229 for reaction time<_8 hours and SSE=873 

for reaction time>24 hours) and the same potential 

178 
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problem of prediction discontinuities between short term 

and long term prediction may arise. 

3. The Log/Log transformation model was 

considered to be the best overall model, largely since a 

single parameter was able to define reaction time as 

opposed to the two submodel approach for linear and 

nonlinear models. In another sense, this model is also 

better as it has multiplicative format for the various 

parameters and hence will not predict negative or 

unrealistic THM values, as might occur when using the 

linear and nonlinear additive parameter models. 

4. In the proportional modelling approach, an 

"average" curve was developed and successively multiplied 

by various factors accounting for different parameters to 

yield a final prediction. As indicated by index of 

agreement analysis, this model was not particularly 

suitable for simulating extreme multiplicative parameter 

effects. 

5. The same general modelling approaches were 

taken in developing source specific models for individual 

waters. These models provided better simulation of THM 

formation than the overall models since there is no 

precursor variation in these source specific models. 
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CHAPTER 7 

RECOMMENDATIONS FOR FUTURE RESEARCH 

There were several complicating factors observed 

during modelling efforts associated with this research. 

More research should be undertaken to' resolve these 

complications, as summarized below; 

1. THM formation was found to be a more complex 

function of reaction time than was anticipated. The 

author could not find any single functional relationship 

between reaction time and THM concentration. Several 

attempts involving various arithmetic and logarithmic 

functions did not produce good results. Parabolic 

functions with an exponent close to 0.2 were found to 

provide a fair correlation, although this approach 

resulted in overprediction at shorter reaction times and 

underprediction at longer reaction times. More research 

and analysis should focus on defining the exact 

functionality between reaction time and THM 

concentration. 

2. The proportional modelling approach was a new 

concept developed during this research and it was 

expected that this approach would yield a more reasonable 

model since it won't predict nonsensical results for THM 

concentration (for example, predictions of THMs even when 

180 
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the chlorine dose is zero) as might occur when using the 

linear and nonlinear additive parameter models. This 

model was not found to be very accurate in simulating 

multiplicative parameter affects. More research is needed 

to provide more insight into multiplicative parameter 

effects on THM formation. 

3. Various surrogate parameters were examined 

during the current research for characterizing the nature 

of THM precursors. Various transforms of these paramters 

as well as various multiplicative product terms were 

analyzed for modelling purposes. Good correlations were 

not obtained with the individual parameter terms, 

indicating a need for more analysis of other product 

terms ana their transforms. Absorption spectrum in the 

infra red range should be examined as a possible new 

surrogate parameter term. 

4. Some researchers have found other halogenatea 

products such as carbon tetrachloride (Engerholm.B., 

1981), trichloroacetic acid, dichloroacetic acid, 

dichloroacetonitrile, and 1-1-1 trichloroacetone (Reckhow 

D.A. and B.C. Singer.,1984) when analyzing waters treated 

with chlorine. This suggests the possibility of future 

modelling involving TOX (Total Organic Halide) as the 

dependent variable rather than THM. 
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