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Full Name : [FAYZUL KABIR] 

Thesis Title : [Implications of Plumbing System on Heavy Metal Concentrations in 

Tap Water] 

Major Field : [Civil and Environmental Engineering] 

Date of Degree : December, 2017] 

 

Exposure to heavy metals in tap water can have various chronic and sub-chronic effects to 

human health. Stagnation of water in the plumbing pipes (PP) and hot water tanks (HWT) 

prior to reaching the tap is likely to increase the concentrations of several heavy metals, 

which may exceed the regulatory guidelines. This study investigates the occurrences and 

variability of different heavy metals in water from water distribution systems (WDS), PP 

and HWT. The water samples were collected and analyzed for 7 times a day on bi-weekly 

basis to represent the WDS, PP and HWT. The concentrations of heavy metals in HWT 

were 1.2-8.1 and 1.4-6.7 times to the heavy metals in the WDS and PP respectively. The 

concentrations of As, Cr, Cu, Pb, Hg, Ni and Zn were in the increasing order on WDS, PP 

and HWT. The sampling times were not found to be sensitive, while some heavy metals 

were seasonally variable with higher values during the summer months. Following data 

analysis and identification of significant factors, three types of models (linear, non-linear 

and neural network) were trained for predicting the changes of heavy metals from WDS to 

the PP and HWT. Several models showed moderate to good predictive performances in 

predicting the heavy metals in PP and HWT. The findings highlight the limitations of the 

current sampling locations for regulatory compliance, which may need further attention to 

achieve better control on heavy metal concentrations at the exposure point. 
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 ملخص الرسالة

 
 

  فيض ال كبير :ملاالسم الكا
 

  اآلثار المترتبة على نظام السباكة على تركيزات المعادن الثقيلة في مياه الحنفية  :عنوان الرسالة

 

 الهندسة المدنية والبيئية :التخصص
 

 2017 ، ديسمبرالعلمية : تاريخ الدرجة 
 

 

والبعيد، ركود المياه في وجود المعادن الثقيلة في صنابير المياه يمكن ان يتسبب بمضاعفات صحية على المدى القريب 

انابيب المياه وخزانات المياه الساخنة قبل وصولها الى الصنبور يتسبب في زيادة تركيز العديد من المعادن الثقيلة والذي 

بدوره يؤدي الى تجاوز القيم المسموح بها في المواصفات ، تقوم هذه الدراسة باستكشاف وجود ومقدار تغير المعادن 

(، وخزانات المياه الساخنة PP( ، انابيب المياة )WDSفة في الماء المستخدم في انظمة توزيع المياه )الثقيلة المختل

(HWT( تم تجميع عينات المياه التي تمثل .)WDS,PP,HWT وتحليلها سبع مرات يوميا وبشكل اسبوعي. تركيز )

مرات أكثرمقارنة بمقدارها في انظمة توزيع  ,656 – 1,4و  8,1 – 1,24المعادن الثقيلة في خزانات المياه الساخنة بلغ 

( ازداد تصاعديا في انظمة As, Cd, Cr, Cu, Pb, Hg, Ni, Znالمياه و انابيب المياة  على التوالي. مقدار تركيز )

(. توقيت تجميع العينات لم يكن ذا تاثير HWT(، وخزانات المياه الساخنة )PP( ، انابيب المياة )WDSتوزيع المياه )

بير في حين كانت بعض المعادن الثقيلة موسميا متغيرة بقيم مرتفعة خالل الصيف. بعد تحليل البيانات وتحديد العوامل ك

المؤثرة ، ثالثة أنواع من النماذج )خطية وغير خطية وشبكات عصبية( تم استخدامها  للتنبؤ بمقدار تغير المعادن الثقيلة 

(.  . النتائج سلطت الضوء HWT( وخزانات المياه الساخنة )PPيب المياة )( الى انابWDSمن انظمة توزيع المياه )

على جوانب قصور مواقع أخذ العينات الحالي على التوافق المنهجي والذي يحتاج الى المزيد من االهتمام للتحكم بشكل 

 .أفضل في مقدار تركيز المعادن الثقيلة في النقاط المكشوفة
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1 CHAPTER 1 

INTRODUCTION 

Heavy metals are characterized by the specific density of more than 5g/cm3, which are bio-

accumulative and have long half-lives [1]. The residential or occupational exposure to 

thirty-five metals can cause human health risk while twenty-three of these metals are 

known as heavy metals [2]. The heavy metals have continuous impact on the environment 

(e.g., water, soil) and humans, which have been a concern for the past few decades. These 

metals are often originated from rocks and concentrated in water, soil or in air through 

multiple transferring media. Drinking water is one of the potential sources for human 

exposure to heavy metals [3]. The atmospheric heavy metals are washed away during 

rainfall and ultimately reach to the potential sources of drinking water (underground water, 

rivers, lakes or reservoirs) [4]. The manufacturing and industrial activities (e.g., chemical 

industries, metal smelting and electroplating) can also serve as the anthropogenic sources 

for heavy metals in water [5]. For example, the Kamioka Zinc Mine of Japan was 

responsible for cadmium contamination in the Jinzu River, which resulted in kidney 

problems among the surrounding populations [6].  The agricultural, industrial and mining 

activities around Sonora, Mexico caused elevated levels of Cu, As, Hg, Pb and Cd in 

groundwater [7]. Approximately 43% of samples exceeded the action level (i.e., the 

concentration, above which water system must follow treatment process) for Pb (i.e., 15 

µg/L) and 8.9% samples exceeded the WHO recommended value of As (i.e., 10 µg/L) [7–
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9]. The industrial, mining, and agricultural activities in the surrounding areas polluted the 

drinking water sources [7]. 

Despite the efforts of removing heavy metals, several metals remain in drinking water in 

trace concentrations. Leaching of heavy metals from water distribution system (WDS) can 

further increase the concentrations of these metals [10]. The diurnal and seasonal 

variability in water usage, temperature fluctuations and water chemistry also have 

implications on the concentrations of these metals in drinking water. In 2007, 

concentrations of Pb were reported to be higher than 10 µg/L in approximately 25% of 

older houses in London, ON, Canada [11]. Tamasi and Cini (2004) reported higher levels 

of Fe, Cu, Zn, and Pb at the dead end of WDS than in the origin (e.g. treatment plants) in 

Mount Amiata and downtown Siena, indicating the leaching of metals from the water 

distribution pipes into water [12]. Similarly, during the transportation of water through 

distribution pipe, the level of Cu in treatment plant (i.e., below ICAP detection limit) 

increased up to 3000 µg/L at consumer tap [13].  Comparatively higher concentration of 

Pb (0.58±0.23 µg/L), As (0.29±016 µg/L) and Zn (5.9±2.3 µg/L) in tap water of Dakhlia, 

Egypt were observed than bottled water [14]. Corrosion of plumbing pipe (PP) was 

considered as the major source for this contamination. Stagnation of water in distribution 

network of Riyadh caused exceeded levels of Fe than the WHO recommended value (i.e., 

300 µg/L) for 2% of the total samples [15]. The concentration of Cu increased up to 67% 

while conveying from the first floor (Cu= 600 µg/L) to the top floor (Cu= 1000 µg/L) of a 

six-story building in Dhahran, Saudi Arabia [13]. A study on 127 randomly selected HWT 

water sample of Dalmatian county, Croatia indicated the occurrences of Zn (mean=180 

µg/L), Fe (mean=40 µg/L), Cu (mean=10 µg/L) and Mn (mean=4.96 µg/L); where the 
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mean water temperature was 54°C and several sampling locations exceeded the maximum 

contaminant levels [16].  

The municipal water enters the plumbing premise of a house or building from the WDS. 

Based on the size of the plumbing network, water may stay in the PP and hot water tank 

(HWT) for significant amount of time, which can cause additional metal to release into 

drinking water. For instance, a study on 12,000 school and workplace tap water in USA 

showed exceeded concentrations of lead (i.e., 15 µg/L) for 17.2% of the samples during 

the first-draw, while flushing the source prior to using reduced this percentage [17]. In 

addition, water quality parameters in the plumbing premise, types of pipe materials and 

faucets can also affect the release of heavy metals into drinking water. Increased 

concentrations of few heavy metals were reported in the water cooler compared to WDS 

[18,19]. The study on 400 coolers in Riyadh area revealed the maximum concentrations of 

Fe (411.7 µg/L), Pb (59.82 µg/L) and Ni (228.68 µg/L) in cooler output while the feed 

water from WDS had negligible concentrations (i.e., Fe=20.43 µg/L, Pb=2.85 µg/L and 

Ni=1.72 µg/L) [20]. 

In context to Saudi Arabia, the desalinated water is blended with the treated groundwater, 

pH adjusted and chlorinated prior to supply to the communities. This relatively corrosive 

water typically contains trace amount of several heavy metals including Pb, Zn, Fe, Ca and 

Mg [13,15]. In addition, the desalinated and blended water is likely to increase the release 

of heavy metals from the pipe materials and pipe coatings into drinking water. Past studies 

reported increased levels of several heavy metals (e.g., copper, iron, zinc) from desalination 

plants to consumer tap where the pipe lengths showed significant effects [13]. In addition, 

stabilization and pH adjustment of desalinated water increased the levels of As, Cd, Hg 
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and Se in drinking water from few desalination plants in Saudi Arabia [21]. Further, water 

spends significant time in the plumbing premise prior to reaching the tap in the 

house/building, which can also increase the concentrations of several heavy metals.  

The populations are exposed to tap water, which is likely to have higher levels of heavy 

metals than the WDS. Some heavy metals, including Cd, As, Pb, Cr, Hg, Ni and Cu in 

drinking water can pose risks to human health [8,22]. Some of these effects includes  

mental disorder [23], brain damage, central nervous system failure [24], damage of DNA 

structure [25], skin infections [26], blood composition disorder, failure of lungs, heart, 

liver, kidneys and other major organs [26,27]. Chronic exposure to few heavy metals can 

induce hypertension, ischemic heart disease and allergies [28,29]. As an example, exposure 

to As in water caused cancer and skin damage, while Cd was reported to be responsible for 

kidney damage [8]. Some other impacts, such as, liver and kidney function damage form 

Hg, high blood cholesterol and heart diseases from Sb and gastrointestinal disorder from 

Cu were also reported [8].  

To minimize human health risk from heavy metals in drinking water, several regulatory 

agencies have endorsed the maximum allowable levels for some metals [8]. The regulatory 

agencies, health professionals and/or monitoring programs generally collect water samples 

from WDS or water treatment plants to ensure regulatory compliance and to perform 

exposure and risk analysis. As such, the effects of plumbing premise have not been given 

much attention. Although many studies have focused on heavy metal occurrences from 

corrosion of plumbing materials and health concerns of heavy metal contaminated drinking 

water, limited information is available on implications of plumbing premise on the 

concentrations of heavy metals in tap water or changes of heavy metal concentrations from 
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WDS to PP and HWT. Further, no study has been reported to date on modeling the changes 

of heavy metals from WDS to PP and HWT.  

1.1 Importance of the Study 

The major fraction of drinking water in the Middle Eastern countries, including Saudi 

Arabia, is supplied through desalinating seawater from the Arabian Gulf and the Red Sea 

while the seawater is polluted due to biogenic and anthropogenic activities. The blended 

water typically contains several heavy metals [15,20]. In addition, the relatively corrosive 

water is likely to increase the release of heavy metals from the pipe materials and pipe 

coatings into drinking water. Further, water spends significant time in the plumbing 

premise and HWT prior to reach the tap water in the house/building, which can increase 

the concentrations of several heavy metals. The regulatory agencies and/or monitoring 

programs generally collect water samples from the WDS or the water treatment plants to 

ensure regulatory compliance. The impacts of water stagnation in the plumbing system and 

HWT on the change of heavy metals from the WDS to the exposure point have not been 

given much attention. Past studies focused mainly on the heavy metals release from 

corrosion of plumbing materials. There are limited studies on changes of heavy metal 

concentrations from WDS to PP and HWT. 

The populations are likely to be exposed to the tap water with elevated concentrations of 

heavy metals compared to WDS. In this study, the related issues were investigated, which 

will assist in better understanding of the changes of heavy metals concentrations from WDS 

to tap water. The factors affecting the changes of heavy metals concentrations between the 

WDS and tap water and the diurnal and seasonal variability of metal release were also 
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investigated. The findings may provide baseline to set policies for establishing regulatory 

guidelines for heavy metals in drinking water.  

1.2 Objectives of the Study 

The goal of the study is to understand the occurrences and variability of heavy metals in 

water distribution system (WDS), plumbing pipes (PP) and hot water tanks (HWT). The 

goal was achieved through fulfilling the following objectives:  

i. Investigating the occurrences and variability of heavy metals in WDS, PP and 

HWT 

ii. Investigating the correlations of heavy metal release with the water quality 

parameters (WQP) 

iii. Developing models to predict the changes in heavy metal concentrations from 

WDS to PP and HWT 

iv. Validating the models using an additional set of data, which were not used in 

developing the models 

1.3 Organization of Thesis 

This thesis work is divided into six chapters. The introduction of the thesis is presented in 

Chapter 1. 

Chapter 2 describes the background of this thesis. It includes water supply system of Saudi 

Arabia, sources and occurances of heavy metals, health concerns and regulatory limits of 

heavy metals in drinking water. The factors affecting heavy metal release in plumbing 

system and chemistry of metal release are also described in Chapter 2.  
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In Chapter 3, methodologies of sample collection, sample analysis and data analysis are 

described. The approaches of modeling heavy metals in PP and HWT are also discussed in 

this chapter.  

In Chapter 4, the experimental data are analyzed to determine the correlation, diurnal, 

seasonal and overall variability of heavy metals in WDS, PP and HWT. The data were also 

summarized 

In Chapter 5, the significant factors for modeling were identified. Training of different 

linear, nonlinear and neural network models were performed and the models were validated 

using an additional set of experimental data.   

Chapter 6 discussed the summary of this study. 

Finally, in Chapter 7, the limitations of the study and recommendations for future study is 

presented.
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2 CHAPTER 2 

LITERATURE REVIEW 

2.1 Water Supply System of Saudi Arabia 

The Kingdom of Saudi Arabia is a semi-arid country (Lat. 16.5–32.5 N; Lon. 33.75–56.25 

E), where most of the populations live in the urban areas. The major populous municipal 

areas are Riyadh (5.19 million), Jeddah (3.43 million), Makkah (1.53 million), Madinah 

(1.10 million), Dammam, Al-Khobar and Dhahran (1.24 million) [30]. The domestic water 

demand in 2014 was approximately 2600 million m3, which has been increasing at a rate 

of 2.1% per year [31,32]. The major sources of water supply are the desalinated water, 

renewable surface and groundwater sources, non-renewable groundwater sources and 

treated wastewater [32]. Approximately 90% of the domestic water demand in the populous 

cities (e.g., Riyadh, Jeddah, Makkah, Madinah, Buraidah and Dammam) are fulfilled by 

desalinated water [33]. The Saline Water Conversion Corporation (SWCC) operate 28 

desalination plant in the coastal zone of the Arabian Gulf and the Red Sea, which have 

produced 1247.9 million m3 of desalinated water during the year 2015 [34]. The desalinated 

water is blended with the treated groundwater, pH adjusted and chlorinated prior to 

supplying to the WDS. The relatively corrosive desalinated and blended water are 

transported through a network of 21 water transmission systems and 7176 km long 

distribution pipelines to reach the consumers throughout the country [34]. There are 56 

pumping stations in operation for propelling water into 285 reservoirs with total storage 
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capacity of 12.7 million m3 [34]. A total of 3 mixing stations are used for blending 

desalinated water with the treated groundwater in the country [34]. 

2.2 Occurrences of Heavy Metals 

The main sources of domestic water in Saudi Arabia are: groundwater, surface water and 

desalinated seawater while the desalination process is the prime source for drinking water 

in many arid and semi-arid countries including Saudi Arabia [35]. The treatment types, 

source and finished water quality, distribution network and plumbing systems (i.e., length, 

outline and materials) serve as the major sources for heavy metals in drinking water [3]. 

The source water quality is often affected by the anthropogenic and biogenic activities. The 

agricultural, industrial and mining activities surrounding the Sonora state of Mexico caused 

elevated levels of Cu, As, Hg, Pb and Cd in groundwater, which was used as drinking water 

[28]. The groundwater sources near the industries (e.g., steel, plastic, and battery 

manufacturer) also had higher levels of several heavy metals (e.g., Ni, Cd, Al and Pb) [36]. 

The physical and chemical water quality parameters (WQP) were found to be correlated 

with heavy metals in the WDS [37]. Stabilization and pH adjustment of desalinated water 

increased the levels of As, Cd, Hg, Pb, Cr and Se in drinking water from few desalination 

plants in Saudi Arabia [21]. The scale formation in the WDS is due mainly to upstream or 

in-situ corrosion and post-treatment deposits. The characteristics and composition of 

corrosion scale varied with WQP and pipe materials. Deposition of several heavy metals 

including, Al, As and Ra were reported in the corrosion scale [38]. In the tap water from 

Dakhlia governorate in Egypt, elevated levels of Cd, Pb, As, Se and Zn were reported [14]. 
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The dead end of WDS showed elevated levels of Cu, Fe, Pb and Zn in drinking water, 

indicating the potential leaching of metals from WDS [12].  

2.3  Factors Affecting Heavy Metal Release  

2.3.1 Effects of Pipe Materials  

The pipe materials and coatings can have effects on the leaching of heavy metals into 

drinking water. In the past, lead pipes were commonly used for water distribution and 

plumbing premise. In the recent years, different polymeric pipes (e.g., polypropylene 

[POPR], polyvinyl chloride [PVC] and polyethylene [PE]) are used. Several stabilizers, 

composed of metallic salt (i.e., Ca-Zn, Ba-Zn), are often used as additive of PVC polymer, 

which may serve as the potential sources of metal contamination [39]. It is to be noted that 

the polypropylene and polyethylene pipes do not require these stabilizers. The galvanized 

iron (GI) pipe generally consists of zinc coating, which can be a potential source of zinc 

and lead release in stagnant water [40]. Lasheen et al., [37] demonstrated the variability of 

lead and iron release depending on pipe materials following a 72 h water stagnation 

experiment.  The iron release was similar in POPR (0.067 mg/L) and PVC pipe (0.068 

mg/L) network while around 20 times higher values were observed for GI pipe (1.379 

mg/L). The release of lead from POPR pipes (0.04 mg/L) was lowest while it was highest 

in the PVC pipe (0.113 mg/L).  

2.3.2 Effect of Stagnation Period and Pipe Age 

Stagnation period can have significant effects on metal release from pipe network. Past 

study demonstrated exponential increase in metal release during 20-24 h of stagnation 

period [41]. Heavy metal release was also reported to increase with the increase of pipe 
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age [37]. The overnight stagnation of water in cooler was reported to increase Cr, Al, Cu, 

Fe, Zn, Ni, Mn, and Pb in tap water [20]. Al-Malack [42] showed the increase of lead 

release from 0.43 to 0.78 mg/L between 10 to 72 hrs of stagnation in PVC pipe. 

Approximately 26% increase in lead release was reported for an increase in stagnation from 

2 to 20 weeks while approximately 100% increase in iron release was observed during this 

period [37].  

2.3.3 Effect of pH 

Decrease of pH from neutral to acidic can increase the metal release from plumbing 

materials. At lower pH, dissolution rate of lead increases with increase of dissolved 

inorganic carbon (DIC) in water [43]. Kim et al. [11] reported approximately 50% 

reduction of lead concentration in drinking water when pH was increased from 7.1 to 7.7 

in several houses in ON, Canada. The results were consistent to the batch and pipe loop 

experiments [11]. Release of iron and copper was reported to increase with lowering pH to 

acidic range [44] while decrease in iron release was observed when the pH was increased 

from 7.5 to 9.5 [45]. The rate of ferric hydroxide formation increased with increasing of 

pH above the neutral range, where ferric hydroxides are less likely to dissolve than ferrous 

solid and the scales formed are less porous [46]. 

2.3.4 Effect of Alkalinity  

Increase of alkalinity in water reduces the release of few metals (e.g., iron, copper and lead) 

from pipe materials [45]. At equilibrium of lead carbonate, higher alkalinity decreases 

solubility of lead and reduces lead concentrations in water [47]. The increase of alkalinity 

at anoxic conditions reduces the solubility of ferrous carbonate phase and thus decrease 
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iron release. On the contrary, dissolution of carbonate-containing iron (i.e., FeCO3) 

increases iron concentration in water at lower alkalinity [45]. The higher alkalinity offers 

higher buffer capacity and the denser scale structure can decrease iron release [46].   

2.3.5 Impact of Chlorine Disinfectant 

In the lead pipe, elevated lead concentrations in WDS may be due to the deposition of 

corrosion products (i.e., lead (II) carbonates and Oxides, lead(IV) oxides (PbO2)) [48,49]. 

Among the different types of lead products, PbO2 is rare and it can be formed in the pipe 

network due to the presence of free chlorine (i.e., HOCl and OCl-), which is often used as 

the residual disinfectant to protect water quality in the WDS [50]. Generally, PbO2 is less 

soluble and its stability is changed with the presence of residual disinfectant (e.g., free 

chlorine or chloramines). To reduce the formation of disinfectant byproducts, the 

Washington DC tap water system substituted the free residual chlorine by chloramines, 

which resulted in higher lead concentrations in water [51]. An intermediate species, formed 

during the mono-chloramine deterioration process, was considered to be responsible for 

lead release from PbO2 [52]. A study on PbO2 dissolution rate in presence of disinfectant 

(e.g., monochloramine and free chlorine) using a completely mixed continuous-flow 

reactor reported free chlorine as the most active inhibitor for PbO2 dissolution [53]. 

However, the WDS with the free chlorine and monochloramine reported lower levels of 

lead than the WDS without disinfectant. At acidic pH, PbO2 dissolution rate was faster in 

presence of monochloramine, which could be lowered using the free chlorine as residual 

disinfectant [53].  
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2.3.6 Effects of Temperature and Seasonal Variability 

Change of temperature and seasonal variability can play an important role on the release 

of heavy metals from WDS. Water temperature has impacts on the physical properties of 

water, corrosion scale, chemical reaction rates and thermodynamic properties (i.e., activity 

coefficients, solubility, and enthalpy of reaction) of corrosion scale. The cyclic variation 

of temperature over a short period (i.e, diurnal variation) might affect the rates of iron 

corrosion [46]. The change in water temperature may lead to formation of heterogeneous 

scale of multiple compounds on an iron surface. Volk et al. [54] reported lower iron 

concentrations and corrosion rates in WDS during the winter months while more red water 

incidents (i.e., higher iron release) was reported during the warmer summer months [46]. 

Temperature variability in different seasons caused variable levels of lead in drinking water 

from several houses in ON (Canada) at constant pH [11,55]. Temperature dependent 

variation was also observed in corrosion of copper [55] and  lead [56] in WDS.  

2.3.7 Sequence of Pipe and Flow Rate 

The distribution network is consists of different metal piping system. Partial replacement 

of lead (Pb) pipe with copper (Cu) pipe reduced lead exposure at consumer level [57]. 

During continuous flow of water through Pb-Cu combined network, galvanic corrosion 

was reported to be negligible [58]. However, due to 48-72 h stagnation of water, galvanic 

corrosion was much higher and caused long-term effects [59]. Through changing flow 

acceleration, on/off flow regimes and/or varying water demand at different time of the day, 

corrosion could be controlled [60]. The medium flow ( 8 L/min) and high flow ( 32 

L/min) conditions generated turbulent flow regimes in WDS leading to increased lead 

release in comparison to low flow ( 1.3 L/min) condition [61]. A pilot study on replacing 



 

14 

 

50% of lead pipes by copper pipes at upstream and downstream showed slightly lower lead 

release comparted to 100% lead pipe system during the low flow condition [61]. During 

medium and high flow conditions, lead release in the combined pipe system (Pb - Cu) were 

significantly higher. The same study showed that installation of a copper pipe at upstream 

of a lead pipe increased lead release to 1.6 folds compared to copper pipe at downstream 

of lead pipe. Presence of two electrochemically dissimilar metal (Pb - Cu) could induce 

galvanic corrosion, resulting in more lead particulates in water even in presence of zinc 

orthophosphate corrosion inhibitor.   

2.3.8 Plumbing Fixtures 

Although there are regulatory standards on faucet materials to ensure health safety, the 

aptitude of licensed elements to meet the standards is yet to be fulfilled [62]. Use of brass 

faucets in plumbing system can be a potential source of metal release [63,64]. The brass 

faucets consist of Zn and Cu, which can be corroded continuously. Corrosion of zinc 

coating (dezincification) may serve as a major booster for lead release at the end of service 

line [65,66]. Higher chloride in distribution network (> 200 mg/L), lower alkalinity, pH of 

approximately 8, higher ammonia (> 15 mg/L) and higher level of natural organic matter 

(NOM) (> 1 mg/L) are the main factors for dezincification [67,68]. Leaching of nickel 

from nickel/chromium-plated taps and corrosion of stainless steel pipes and fittings may 

also induce metal releases into tap water. An increase in pH to optimal level may provide 

a partial solution to Cu and Ni corrosion [69].  
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2.3.9 Presence of Other Metals 

Presence of iron oxide particles in distribution network enhances particulate lead release 

in water. Iron oxide/hydroxide has high affinity to lead [70,71]. Kim et al., [11] reported 

higher level of particulate lead in presence of high concentrations of iron in WDS, 

indicating possible correlations between particulate lead release and iron concentration. 

Further, mechanical disturbance may also increase the release of several metals (e.g., Pb, 

Fe and Al) [72]. 

2.4   Chemistry of Metals in Drinking Water 

The metals with relatively high densities, atomic weights, or atomic numbers are defined 

as heavy metals. Several low-molecular-weight cations that do not have the physical 

properties of metals (i.e, magnesium, calcium, sodium) are also considered with 

significance, due mainly to their role in mammalian metabolism [73]. The following 

sections discusses the chemistry of some metals in drinking water. 

2.4.1 Magnesium 

Magnesium (Mg) has the atomic weight and density of 24.312 g/mole and 1740 kg/m3 

respectively. The Mg containing main minerals are dolomite (𝐶𝑎𝑀𝑔(𝐶𝑂3)2) and 

magnesite (𝑀𝑔𝐶𝑂3). It is one of the commonly occurring metals in seawater with average 

concentrations of approximately 1300 mg/L. The presence of Mg with other alkali caused 

the hardness of water. Water at room temperature has no considerable effect on Mg due to 

its slow-reaction nature while the presence of oxygen changes its reactivity. The reaction 

of Mg with water vapor forms magnesium hydroxide and hydrogen gas as follows: 
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𝑀𝑔 (𝑠) + 2𝐻2𝑂 (𝑔) ⟶ 𝑀𝑔(𝑂𝐻)2 (𝑎𝑞) + 𝐻2 (𝑔)                        (2.1) 

The Mg2+ ion is commonly occurring form of Mg in water, while 𝑀𝑔𝑂𝐻+ and 𝑀𝑔(𝑂𝐻)2  

may also present. The solubility of 𝑀𝑔(𝑂𝐻)2, 𝑀𝑔𝐶𝑂3  in water are 12 mg/L and 600 mg/L 

respectively.  

2.4.2 Chromium 

Chromium (Cr) has atomic weight of 51.996 g/mole and density of 7.19 g/cm3. The main 

chromium mineral is chromite and it does not occur freely in nature. The concentration of 

Cr in seawater varies between 0.2 and 0.6 µg/L, while in river, its around 1 µg/L. In water, 

Cr may be present in trivalent 𝐶𝑟(𝑂𝐻)3 or hexavalent 𝐶𝑟𝑂4
2− form. However, the later one 

is abundant in natural water. Water at room temperature have no considerable reaction with 

Cr. The trivalent Cr(III) are generally insoluble in water while the hexavalent Cr (VI) are 

water soluble. The Cr(VI) compounds are stable in aerobic condition, but reduces to 

trivalent form under anaerobic condition.  

2.4.3 Iron 

Iron (Fe) has the atomic weight of 55.85 g/mole and density of 7.8 g/cm3. The concentration 

of Fe in seawater, rivers and groundwater are in the ranges of 1-3 µg/L, 0.5-1 mg/L and 

100 - 125 mg/L respectively. The common form of Fe in water is 𝐹𝑒(𝑂𝐻)2 in the acidic or 

neutral condition. The solubility of iron carbonate, iron sulfide and iron vitriol in water are 

60 mg/L, 6 mg/L and 295 g/L respectively. The water solubility of some iron compounds 

increases at lower pH. The reaction of Fe under aerobic condition can be presented as:  

4𝐹𝑒 + 3𝑂2 + 6𝐻2𝑂 ⟶ 4𝐹𝑒3+ + 12𝑂𝐻− ⟶ 4𝐹𝑒(𝑂𝐻)3 𝑜𝑟 4𝐹𝑒𝑂(𝑂𝐻) + 4𝐻2𝑂   (2.2) 
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2.4.4 Lead 

Lead (Pb) is a soft and highly malleable metal with atomic weight of 207.2 g/mole and 

density of 11.34 g/cm3. The concentration of Pb in seawater and rivers are 2-30 g/L and 3-

30 µg/L respectively. Lead is not soluble in water in normal condition while its reactivity 

increases in contact with moist air. A thin layer of lead oxide (PbO) is formed on the metal 

surface under oxidized condition.  In presence of oxygen and water, the following reaction 

is occurred.  

2𝑃𝑏 (𝑠) + 𝑂2 (𝑔) + 2𝐻2𝑂 ⟶ 𝑃𝑏(𝑂𝐻)2 (𝑠)                              (2.3) 

Lead may bond to carbonate and form 𝑷𝒃𝑪𝑶𝟑 𝒐𝒓 𝑷𝒃(𝑪𝑶𝟑)𝟐
𝟐−. Lead compounds are 

generally soluble in soft, slightly acidic water. Inside the pipes, a layer of hardly soluble 

alkaline lead carbonate is formed. This layer functions as a protective coating for the 

underlying lead of pipes.  

2.4.5 Zinc 

Zinc (Zn) is a lustrous bluish-white metal with atomic weight of 65.37 g/mole and density 

of 7.11 g/cm3. The most significant zinc ores include sphalerite (ZnS) and smithsonite 

(𝑍𝑛𝐶𝑂3). It is a reactive metal and it combines with oxygen and other non-metals. Zn is 

naturally present in water. The concentration of Zn in seawater and rivers are in the ranges 

of 0.6-5 µg/L and 5-10 µg/L respectively. Elementary zinc does not react with water while 

the ion forms a protective layer as follows: 

𝑍𝑛2+ + 2𝑂𝐻− ⟶ 𝑍𝑛(𝑂𝐻)2 (𝑠)                          (2.4) 
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The higher concentrations of Zn salts cause milky turbidity in water and imparts an 

unwanted taste to water. The solubility of Zn in water varies with temperature and pH. The 

solubility increases with increasing acidity and remains insoluble under neutral pH. The 

solubility of 𝑍𝑛𝐶𝑂3 and 𝑍𝑛𝑆𝑂4. 7𝐻2𝑂 in water are 0.21 g/L and 580 g/L respectively.  

2.4.6 Strontium  

Strontium (Sr) is a soft metal with atomic weight of 87.62 g/mole and density of 2.6 g/cm3. 

The most significant strontium mineral is celestite (𝑆𝑟𝑆𝑂4) and strontianite (𝑆𝑟𝐶𝑂3). It has 

high reactivity with water and present in 𝑆𝑟2+ or 𝑆𝑟𝑂𝐻+ form. The concentration of Sr in 

seawater and rivers are approximately 8 mg/L and 50 µg/L respectively. The Sr is dissolved 

in water as follows: 

𝑆𝑟 (𝑠) + 2𝐻2𝑂 ⟶ 𝑆𝑟(𝑂𝐻)2(𝑎𝑞) + 𝐻2 (𝑔)                      (2.5) 

2.4.7 Arsenic  

Arsenic (As) has atomic weight of 74.9216 g/mole and density of 5.7 g/cm3. Arsenic in 

water mainly present as: 𝐻𝐴𝑠𝑂4
2−, 𝐻2𝐴𝑠𝑂4

−,  𝐻3𝐴𝑠𝑂4,  𝐴𝑠𝑂4
3− or  𝐻2𝐴𝑠𝑂3

− forms. The 

major species of arsenic in natural waters are As(III) and As(V). The concentration of As 

in seawater and rivers are in the ranges of 2-4 µg/L and 0.5-2 µg/L respectively. In water, 

arsenic exists in the forms of particulate (>0.45 μm), colloidal (3000 Da - 0.45 μm) and 

dissolved states (<3000 Da). With the increase of dissolved organic matter in groundwater, 

As in dissolved and colloidal states increase significantly. The molecular distributions of 

humic acid and Fe to Carbon (C) ratios influence the colloidal fraction of As. The 

particulate form of As varies with pH and the maximum particulate fraction was reported 

at pH of 4 [74]. The following reactions are common for arsenic in natural water:  
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OHAsOHeHAsOH 23343 22                     (2.6) 

2.4.8 Nickel 

Nickel (Ni) has the atomic weight of 58.71 g/mole and density of 8.9 g/cm3. The 

concentration of Ni in seawater and rivers are in the ranges of 0.5-2 µg/L and 0.3 µg/L 

respectively. The common form of Ni in water are Ni2+ or 𝑁𝑖𝐶𝑂3, and may be either 

dissolved, or complexed with inorganic ligands. It may also be bound to particles. Ni is not 

reactive to water under normal conditions, but its compounds may be water-soluble.  

2.4.9 Mercury  

Mercury (Hg) is a silvery-white liquid metal with atomic weight of 200.59 g/mole and 

density of 13.6 g/cm3. It remains liquid at ordinary temperatures. The commonly occurring 

Hg salts are 𝐻𝑔𝐶𝑙2, 𝐻𝑔2𝐶𝑙2  or 𝐻𝑔𝑆.  

2.4.10 Copper 

Copper (Cu) is a reddish metal with atomic weight of 63.546 g/mole and density of 8.9 

g/cm3. Cu is stable in its metallic state and forms monovalent (cuprous) and divalent 

(cupric) cations. Dissolved Cu may cause unpleasant metallic, bitter taste to drinking water. 

The dissolved Cu in tap water can form the blue to green staining on porcelain sinks and 

plumbing fixtures. 

The reactivity of Cu with water is complex and influenced by pH, dissolved oxygen and 

the presence of oxidizing agents and chelating compounds or ions [75]. Surface oxidation 

of copper produces copper (I) oxide or hydroxide. The common copper compounds 

include: Copper(II) acetate monohydrate [𝐶𝑢(𝐶2𝐻3𝑂2)2 · 𝐻2𝑂], Copper(II) chloride 
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[𝐶𝑢𝐶𝑙2], Copper(II) nitrate trihydrate [𝐶𝑢(𝑁𝑂3)2 · 3𝐻2𝑂], Copper(II) oxide [𝐶𝑢𝑂] and 

Copper(II) sulfate pentahydrate [𝐶𝑢𝑆𝑂4 · 5𝐻2𝑂]. In most instances, copper (I) ion is 

oxidized to copper (II) ion. Copper (II) ion is the major species in water for pH up to 6. At 

pH of 6 – 9.3, aqueous 𝐶𝑢𝐶𝑂3 is prevalent while at pH of 9.3–10.7, the aqueous 

[𝐶𝑢(𝐶𝑂3)2]2− ion predominates. 

2.4.11 Manganese  

Manganese is a chemically active metal with atomic weight of 54.9380 g/mole and density 

of 7.43 g/cm3. It is one of the most abundant metals in Earth’s crust, usually occurring with 

Fe. It has high reactivity with water and dissolves in dilute acids. It may cause staining of 

plumbing fixtures, clothing, or has an off-taste or odor.  

2.5   Health Effects of Heavy Metals and Regulatory Limits  

The populations are likely to be exposed to higher concentrations of heavy metals from tap 

water. Some heavy metals, including Cd, As, Pb, Cr, Hg, Ni and Cu in drinking water can 

pose risks to human health [76,77]. Table 2.1 summarizes the effects of some of this heave 

metals in drinking water.  

Some of these effects were mental disorder [78], brain damage, central nervous system 

failure , damage of DNA structure [79], skin infections [80], blood composition disorder, 

failure of lungs, heart, liver, kidneys and other major organs [80,81]. Chronic exposure to 

few heavy metals can induce cancer, hypertension, ischemic heart disease and allergies 

[82,83].  
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Table 2.1: Possible human health effects from priority metals in drinking water [84] 

Metal 

Type 
Possible human health effects 

Arsenic 

Problems with circulatory systems, vascular and neurological effects, skin 

damage, heart disease, embryotoxicity, developmental disabilities, 

hyperpigmentation, cancer of lung, bladder, liver and skin. 

Mercury  
Kidney and liver damage, Irreversible neurological symptoms, developmental 

disabilities, minamata disease 

Lead  

 

Neurobehavioural effects of children, slight deficits in attention span and 

learning abilities for children, high blood pressure, kidney problems, anaemia, 

probably carcinogenic to humans, embryotoxicity, neoplasia, bone marrow 

suppression, seizures etc.  

Copper  Liver or kidney damage, gastrointestinal distress  

Chromium  
Irritation of the skin, allergic dermatitis, asthma, cholestasis of liver, neoplasia, 

respiratory and gastrointestinal tracts problem by Cr (VI)  

Cadmium  
Damage of kidney, neonatal death, pulmonary edema, developmental 

disabilities, neoplasia, and softening of bone  

Beryllium  Intestinal lesions, granuloma in lungs and respiratory tracts 

Barium  Blood pressure increase, cardiovascular disease 

Nickel 

Nausea, vomiting, diarrhea, giddiness, lassitude, headache, shortness of breath, 

gastrointestinal effects, allergic contact dermatitis, asthma, neoplasia, kidney 

problem 

Manganese  
Pneumonia, neurotoxicity, bronchitis, cirrhosis of liver, influenza, 

schizophrenia, dullness, weak muscles, headaches and insomnia. 

Zinc  
Pulmonary edema, corneal ulceration, esophagus damage, nausea, vomiting, 

dizziness, colics, fevers and diarrhea  

Iron  
Excessive dosage my cause damage of pancreas, liver, spleen and heart of 

haemochromatose patients  

Strontium  
Accumulates in hypophysis and ovaries, disrupts infant hormonal development 

and infant growth. increase infant mortality, Problems in cell division 
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The possible health concerns of these heavy metals have forced many organizations to 

establish guidelines and/or limitations on metals concentrations in drinking water (e.g. 

maximum contaminant levels). Few organizations, including the European Union (EU), 

Health Canada (HC), World Health Organization (WHO) and the United States 

Environmental Protection Agency (USEPA) have established the regulatory limits on 

heavy metal concentrations in drinking water. Table 2.2 summarizes the guideline values 

of different metals that are currently endorsed by different organizations.  

Table 2.2:  Regulatory limits on metals in drinking water (µg/L) 

USEPA: United States Environmental Protection Agency; UK: United Kingdom; AUS: 

Australia; NZ: New Zealand; HC: Health Canada; WHO: World Health Organization 

 

Metal 

Type 

USEPA 2017 

[85] 

HC 2017 

[86] 

WHO 2011 

[87] 

NZ 2005 [88] AUS 2011 

[89] 

UK 2015 

[90] 

As 10 10 10 10 10 10 

Hg 2 1 6 (Inorganic) 7 (Inorganic) 1 1 

Pb 15 10 10 10 10 10 

Cu 1300 ≤ 1000 2000 2000 2000 2000 

Cr 100 50 50 50 50 50 

Cd 5 5 3 4 2 5 

Be 4 - -  60 - 

Ba 2000 1000 1300 700 700 - 

Fe 300 ≤ 300 100 200 300 200 

Mn 50 ≤ 50 0 40 500 50000 

Zn 5000 ≤ 5000 5000 1500 3000 - 

Na - ≤ 200000 50000 200000 180000 20000 

Ni - - 70 80 20 20 

Mo - - - 70 50 - 
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3 CHAPTER 3 

METHODOLOGY 

3.1 Sample Collection 

Water leaves the WDS to flow through plumbing pipe (PP) and hot water tank (HWT) prior 

to reaching the consumer tap. In this study, water samples were collected from WDS, PP 

and HWT at different times of the day. A typical water supply system is illustrated in Figure 

3.1, where the water passes the WDS and subsequently flows through PP and HWT to 

reach consumer tap. The water samples were collected in duplicates from a housing 

complex in King Fahd University of Petroleum and Minerals (KFUPM), Dhahran, Saudi 

Arabia. 

The samples were collected on bi-weekly basis during November 2015 to June 2016. A 

total of seven samples were collected in each sampling cycle (Figure 3.2). The seven 

samples in a day represented the diurnal variability of heavy metals in WDS, PP and HWT. 

The first sample (S1) was collected at the late evening after 10 minutes of free flush in tap 

water to represent the WDS. The second sample (S2) was the first flush of water collected 

in the early morning of the next day from the same tap. The second sample represented the 

effects of overnight (e.g., 8 - 12 hours) stagnation of water in PP. During this period, there 

was no use of water from the tap. The third sample (S3) was collected in the morning from 

hot water tap to represent the HWT samples. The fourth sample (S4) was collected after 10 

minutes of free flow of cold water through the tap, which represented the water from WDS. 
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The fifth and sixth samples (S5 and S6) were collected from the taps of cold and hot water 

respectively, in the afternoon following normal usages during the day. These samples 

represented the PP and HWT respectively. The seventh sample (S7) was collected at 

afternoon after 10 minutes of free flow through the tap to represent the sample from WDS. 

Each sample was collected in 100 mL glass bottle for metal analysis and and the samples 

for other parameters (e.g., pH, temperature, UV254, DOC etc.) were collected in 125 mL 

plastic bottles. The samples were transported to the laboratory in a cooler (< 4 ºC). Figure 

3.2 summarizes the overall sampling and analysis programs.  

  

 

 

 

 

 

 

 

 

 

 

Figure 3.1: Typical plumbing system of a house with water intake points 

  

Shower 

    

 

Sink Kitchen Toilet 

Grey 

Water 

Tank 

Hot 

Water 

Tank 

 

 
 

   
   

 

 

 

Municipal 

Water Inlet 
 

Municipal 

Sewer 



 

25 

 

 

 

 

 

 

 

 

 

 

Figure 3.2: Sampling program for data collection and methodology 

3.2 Laboratory Analysis 

Concentrations of heavy metals and relevant water quality parameters for each sample were 

analyzed in the laboratory. The water samples were collected and analyzed following 

standard methods [91]. The total chlorine (TCl), free residual chlorine (FCl), UV 

absorbance at 254 nm (UV254), dissolved organic carbon (DOC), temperature, pH, turbidity 

and residence time were measured for each sample. Temperature and pH were measured 

in-situ. The total chlorine (TCl) and free residual chlorine (FCl) were measured by HACH 

spectrophotometer (HACH DR 3900 model) following HACH methods 8021 and 8167 
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respectively. DOC was measured using a Shimadzu TOC analyzer (Model: TOC-L-CSN) 

according to standard method 5310B developed by American Public Health Association 

[92]. The UV254 was measured using a spectrophotometer (Genesys 10 UV VIS model) at 

254 nm wavelength with a 10-mm optical path quartz cell. Before measuring DOC and 

UV254, samples were filtered through 0.45 µm membrane filters. The heavy metals were 

measured with Inductively Coupled Plasma - Mass Spectrometry (ICP-MS) (Thermo 

electron corporations, Model: ICP-MS XSERIES-II)  followed by USEPA method-200.8 

and the data were processed by PlasmaLab windows platform software [93].   

3.3 Statistical Analysis 

The experimental data for the WDS, PP and HWT were analyzed using the JMPTM and 

MinitabTM statistical software [94,95]. The data summary were generated. These data were 

analyzed for trends, diurnal and seasonal variability, outliers and correlation structure. The 

data varaibility and statistical distributions were investigated. The coefficient of variation 

(CV) was calculated to determine the dispersion of data as: 

 

𝐶𝑉 =
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝑀𝑒𝑎𝑛
                                      (3.1) 

 

Box plots were generated to identify the outliers of dataset. The bottom and top of the 

boxes represent the first quartile (Q1) and the third quartile (Q3) respectively. The lower 

whisker extends up to [Q1 – 1.5*(Q3–Q1)] and upper whisker extends up to [Q3+1.5*(Q3–

Q1)]. The horizontal lines within the box represent the medians of the data. The value 
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larger than Q3 or smaller than Q1 by at least 1.5 times the interquartile range (IQR) are 

considered as the outliers. All the data were compared for the WDS, PP and HWT. 

3.4   Model Development 

The predictions of heavy metals in the PP and HWT were performed through training the 

linear, nonlinear and neural network models. The models were validated using an 

additional set of experimental data, which were not used in model development. The 

statistical packages: JMPTM and MinitabTM were used to perform the data analysis and 

model development works. 

3.4.1 Linear Models 

Among different linear models, the linear main factors (LMF), linear main factors with 

interactions and higher orders (LMFI), and linear logarithmic (LL) models were 

investigated. The simplest form of multiple linear models are the LMF models, where the 

predictor variables and model coefficients are linear. The significant main factors are only 

considered in this model [96]. The matrix plot of the dataset and the Pearson correlation 

(r) of WQP and metal concentrations were used as basis for initial selection of significant 

factors. The final section of signification factors was performed through effect analysis 

using the JMPTM statistical package.  

The generic form of   linear models with main factors is shown in Equation 3.2. In the 

LMFI models, the significant main factors, interactions of two factors and higher order 

relationships (e.g., cubic, quadratic and) are incorporated. Equation 3.3 represents the 

generic form of LMFI models. In case of LL models, the dataset obtained for different 
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factors are converted into logarithmic form and the linear regression is performed for 

transformed data. The logarithmic from of factors and parameters are linear. The generic 

form of LL models is presented by Equation 3.4.  
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Where,  

y = model output; β0 = model intercept; β = model parameters; ε = residuals and x = 

predictor variables; i, j = 1, 2, 3………n. 

3.4.2 Nonlinear Models 

The nonlinear models (NL) are complex than the linear models. In these models, the 

parameters are nonlinear. Two parameters and one predictor variable generate the simplest 

form of nonlinear model. The construction of nonlinear models follows the procedure of 

defining the preliminary model based on the correlation structure in the matrix plot and the 

Pearson correlation (r) of WQP and metal concentrations. By using the JMPTM “Nonlinear 

models” library, the initial models were tested with the data [94]. The parameters for 

nonlinear models were defined by attaining convergence using the Analytic Gauss Newton 

method [94]. Upon the convergence, the corresponding RMSE were observed. The plot of 

predicted versus experimental data and their corresponding R2 values were used to confirm 
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the model adequacy. Seven types of nonlinear models were tested in this study. The forms 

of different non-linear models are shown in Equations 3.5-3.11. 

Logistic model (3 parameters): 

))(1( 32
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Logistic model (4 parameters): 
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Weibull model (4 parameters): 

}]){[( 4321 WDSZnLnExpExpy                                (3.7) 

Biexponential model (4 parameters): 

)()( 4321 xExpxExpy                                                 (3.8) 

Quartic model: 
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Quintic model: 
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Cubic model: 

3

4

2

321 )()( xxxy                                                               (3.11) 

Where,  

y = model output 

x = predictor variables and 

θ1 to θ6 = model parameters  

3.4.3 Neural Network Models 

A neural network (NN) is a series of algorithms that attempts to identify the underlying 

relationships in a set of data by using a process analogous to the vast network of neurons 

in a brain. The NN structure consists of an input layer, an output layer and one/several 

hidden layers (Figure 3.3). The neuron or nodes are the basic elements of the layers. The 

hidden nodes explain the hyperbolic tangent function of input variables (i.e., WQP and 

metal concentrations). Each node in a layer is connected to the node of next layer, but not 

within the same layer [97]. The dataset for WQP defines the number of nodes in each layer. 

Equations 3.12 and 3.13 represent the generic forms of a three-hidden-node NN model.  





3

1

0



 Hy
                                     (3.12) 

 iy xHH 10(*5.0tan                     (3.13) 

Where, 

Hγ = γth   hidden node  
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λ = coefficients for the NN model.  

α0 = intercept of predictor variables 

αi = coefficients of predictor variables associated with each hidden node. 

The hidden node (Hγ) is a hyperbolic tangent function, which is a sigmoid function. The 

output ranges from -1 to 1 and is the centered and scaled version of logistic function. For 

each node of this model, the hidden node (Hγ) is estimated as the hyperbolic tangent 

function of linear combinations of the predictor variables.  

 

 

 

 

 

 

 

 

Figure 3.3: Structure of a typical neural network diagram  
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4. CHAPTER 4 

OCCURANCES AND VARIABILITY OF METAL 

4.1 Data 

The water quality parameters in WDS, PP and HWT for seven sampling scenarios are 

summarized in Table 4.1. The average temperature in WDS, PP and HWT were 27.2 °C, 

26.7 °C and 60.4 °C respectively and the corresponding ranges were 23-33 °C, 22.5-32 °C 

and 58-62 °C respectively. The averages of FCl in WDS, PP and HWT were 0.04, 0.055 

and 0.045 mg/L respectively and the ranges were 0.01-0.21, 0.02-0.33 and 0.01-0.17 mg/L 

respectively. The averages of pH in WDS, PP and HWT were 6.93, 6.83 and 6.77 

respectively with the ranges of 6.37-8.2, 6.17-7.4 and 6.26-8.04 respectively. The average 

of pH were below the neutral value, indicating possible corrosive nature of water. The 

UV254 in WDS, PP and HWT were in the ranges of 0-0.005 cm-1, 0-0.009 cm-1 and 0-0.009 

cm-1 respectively with the averages of 0.001 cm-1, 0.0025 cm-1 and 0.002 cm-1 respectively. 

The averages of DOC in WDS, PP and HWT were 0.65 mg/L, 0.73 mg/L and 0.84 mg/L 

respectively with the wide ranges of 0.11-10.24 mg/L, 0.24-3.98 mg/L and 0.30-4.48 mg/L 

respectively. Further details will be explored in the following sections. 
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Table 4.1:  Water quality parameters at different sampling points 

Std. Dev: Standard deviation; Min: Minimum; Max: Maximum; CV: Coefficient of variation; TCl: Total 

chlorine; FCl: Free residual chlorine; UV254: UV absorbance at 254 nm; DOC: Dissolved organic carbon 

 

The concentrations of metal at different sampling points are summarized in Table 4.2. 

There was significant variability in metal concentrations at different scenarios and several 

metals showed wide ranges (e.g., high coefficient of variation [CV]). Few metals had 

higher concentrations and higher variability in HWT than the WDS and PP. Concentrations 

of Ca and Mg in HWT were higher and showed higher variability (e.g., higher CV) in 

Samples   Temp (°C) FCl (mg/L) TCl (mg/L) pH UV254 (/cm) DOC (mg/L) 

S1 

Mean 27.04 0.04 0.03 7.06 0.002 1.13 
Std. Dev 3.04 0.04 0.03 0.44 0.002 2.75 

Min 24.00 0.02 0.02 6.60 0.000 0.11 

Max 33.00 0.12 0.11 8.20 0.007 10.24 

CV 0.11 0.91 0.83 0.06 0.964 2.43 

S2 

Mean 25.91 0.06 0.05 6.81 0.003 0.81 
Std. Dev 1.81 0.09 0.08 0.38 0.002 1.00 

Min 23.00 0.02 0.02 6.17 0.000 0.24 

Max 29.00 0.33 0.29 7.40 0.009 3.98 

CV 0.07 1.52 1.50 0.06 0.847 1.25 

S3 

Mean 60.77 0.04 0.05 6.75 0.002 0.99 
Std. Dev 1.11 0.04 0.07 0.47 0.001 1.29 

Min 58.00 0.01 0.02 6.26 0.000 0.32 

Max 62.00 0.17 0.26 8.04 0.005 4.48 

CV 0.02 1.16 1.37 0.07 0.652 1.30 

S4 

Mean 27.23 0.04 0.05 6.93 0.001 0.40 
Std. Dev 2.82 0.04 0.10 0.29 0.002 0.21 

Min 24.00 0.01 0.01 6.53 0.000 0.16 

Max 32.00 0.15 0.37 7.67 0.005 0.83 

CV 0.10 1.06 1.85 0.04 1.303 0.53 

S5 

Mean 27.50 0.05 0.03 6.84 0.002 0.64 
Std. Dev 2.92 0.07 0.02 0.43 0.002 0.33 

Min 22.50 0.02 0.02 6.33 0.000 0.31 

Max 32.00 0.22 0.10 7.87 0.005 1.27 

CV 0.11 1.26 0.77 0.06 0.983 0.51 

S6 

Mean 60.05 0.05 0.07 6.79 0.002 0.69 
Std. Dev 1.09 0.03 0.07 0.47 0.003 0.43 

Min 58.00 0.01 0.01 6.31 0.000 0.30 

Max 61.00 0.09 0.25 8.02 0.009 1.90 

CV 0.02 0.58 0.96 0.07 1.188 0.62 

S7 

Mean 27.41 0.04 0.04 6.79 0.001 0.41 
Std. Dev 3.33 0.05 0.06 0.29 0.001 0.18 

Min 23.00 0.02 0.02 6.37 0.000 0.24 

Max 33.00 0.21 0.24 7.19 0.004 0.87 

CV 0.12 1.45 1.65 0.04 0.957 0.45 
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comparison to the samples from the WDS and PP. The average concentrations of Cr in S6 

and S1 were 0.79 and 0.60 µg/L with the ranges of 0.19-1.34 and 0.23-0.98 µg/L 

respectively. Concentrations of Fe, Zn, Br, Sr, Ba and Co were also higher in HWT than 

WDS. Concentrations of Cu, As, Hg and Ni were higher in PP (S2 and S5) than the WDS 

(S1, S4 and S7), due possibly to overnight stagnation of water in plumbing premise. In the 

PP, average concentrations of Cu, Hg and Ni were 4.3, 2.6 and 28.9 µg/L respectively 

while in the WDS, the averages were 0.4, 0.8 and 1.6 µg/L respectively. In PP, the ranges 

of Cu, Hg and Ni were 0.02-38.28, 0.08-25.40 and 0.12-113.7 µg/L respectively while in 

WDS, the ranges were 0.04-4.76, 0.05-14.87 and 0.15-59.22 µg/L respectively.  
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Table 4.2: Metal concentrations at different sampling points (in µg/L) 

Std Dev: Standard deviation; Min: Minimum; Max: Maximum; CV: Coefficient of variation 

Samples   Na Mg Ca V Cr Mn Fe Cu Zn As  Sr Mo Ba   Hg  Pb Ni Co 

S1 

Mean 186229 5487 9570 4.58 0.60 1.04 60.89 0.43 6.72 1.09  324.9 2.36 74   2.00  3.95 1.79 0.19 
Std. Dev 291009 10464 17290 7.38 0.22 1.22 28.83 0.69 12.22 1.48  623.3 3.94 987   4.03  3.23 2.05 0.07 
Min 248 21.51 38.65 0.03 0.23 0.02 8.01 0.04 0.07 0.09  1.7 0.01 1.52   0.09  0.29 0.18 0.04 
Max 788040 27219 45100 21.05 0.98 3.45 99.70 2.67 45.32 4.16  1649 13.16 3394   14.87  8.90 5.40 0.27 
CV 1.56 1.91 1.81 1.61 0.36 1.17 0.47 1.62 1.82 1.35  1.9 1.67 1.33   2.01  0.82 1.15 0.39 

S2 

Mean 109405 2764 5886 5.05 0.57 2.70 51.23 4.30 398 0.88  170.9 34.94 1241   2.64  4.08 28.89 1.09 
Std. Dev 202231 7029 11823 7.90 0.23 5.06 29.40 10.9 931 1.14  432.2 72.14 2200   6.89  3.34 46.74 1.38 
Min 266 31.68 60.11 0.03 0.18 0.03 3.83 0.04 0.72 0.06  2.5 0.01 1.17   0.08  0.13 0.12 0.06 
Max 747648 24921 40506 21.64 0.92 18.6 93.14 38.3 3032 3.88  1564 209.8 7525   25.40  10.57 113.7 3.89 
CV 1.85 2.54 2.01 1.56 0.40 1.87 0.57 2.53 2.34 1.29  2.5 2.06 1.77   2.61  0.82 1.62 1.26 

S3 

Mean 257644 13910 32144 5.62 0.68 1.06 68.51 0.79 201 1.69  723.4 1.78 2772   1.70  3.67 14.23 0.31 
Std. Dev 331341 19473 57468 7.56 0.33 1.37 23.86 1.14 642 1.62  949.9 2.38 4379   2.31  3.61 29.73 0.35 
Min 4000 143 493 0.04 0.12 0.03 36.24 0.01 0.22 0.22  8.2 0.01 1.42   0.12  0.16 0.12 0.01 
Max 994600 67050 213600 23.98 1.29 4.23 114.1 3.73 2334 4.91  3023 8.97 15010   7.48  9.21 87.55 0.85 
CV 1.29 1.40 1.79 1.35 0.48 1.29 0.35 1.44 3.19 0.96  1.3 1.34 1.58   1.36  0.98 2.09 1.12 

S4 

Mean 126848 3403 6982 5.20 0.63 0.69 54.45 0.92 9.47 0.86  193 35.90 1248   0.81  3.60 1.58 0.45 
Std. Dev 174413 6217 11957 7.21 0.23 0.88 22.19 1.31 15.87 0.96  351.6 83.60 2369   0.92  3.15 1.81 0.66 
Min 2863 41 120.2 0.04 0.33 0.02 14.81 0.05 0.57 0.08  3.7 0.02 0.76   0.05  0.18 0.16 0.01 
Max 521444 16824 30545 19.61 1.03 2.78 93.57 4.76 55.99 3.09  991.8 239.8 7960   3.10  9.02 4.51 1.99 
CV 1.37 1.83 1.71 1.39 0.36 1.28 0.41 1.42 1.68 1.11  1.8 2.33 1.90   1.14  0.87 1.15 1.45 

S5 

Mean 90651 1964 4258 3.61 0.57 1.12 54.57 2.00 10.42 1.05  103.5 26.04 1931   1.50  4.25 11.11 0.42 
Std. Dev 126509 4644 8248 4.31 0.24 1.01 20.26 5.05 12.49 1.61  222.8 47.39 3500   1.77  3.29 28.93 0.40 
Min 2479 44.22 119.6 0.03 0.22 0.01 28.22 0.02 0.48 0.07  3.5 0.05 2.96   0.18  0.17 0.27 0.02 
Max 471086 15915 26934 10.57 0.99 2.48 91.11 18.7 47.6 5.78  770.8 122.8 11160   4.51  10.90 82.66 1.00 
CV 1.40 2.36 1.94 1.19 0.42 0.90 0.37 2.52 1.20 1.53  2.2 1.82 1.81   1.18  0.78 2.60 0.97 

S6 

Mean 352681 18042 39152 9.97 0.79 0.85 75.40 1.16 3.62 2.39  969.7 19.12 3998   1.74  3.74 4.62 0.30 
Std. Dev 366156 17405 49941 9.63 0.36 1.16 25.25 1.28 4.02 1.84  842.9 44.58 6897   2.93  3.81 2.13 0.16 
Min 5482 148.61 199.9 0.15 0.19 0.01 11.40 0.06 0.10 0.16  9.2 0.02 0.59   0.03  0.14 0.12 0.05 
Max 895500 64280 195300 24.59 1.34 3.92 113.3 3.47 15.14 4.73  2726 159.6 24180   10.62  10.58 6.60 0.59 
CV 1.04 0.96 1.28 0.97 0.46 1.37 0.33 1.10 1.11 0.77  0.9 2.33 1.72   1.68  1.02 0.46 0.55 

S7 

Mean 145387 3287 6195 5.64 0.63 1.45 61.63 1.12 114.2 0.96  190.8 33.21 1365   1.79  3.56 8.79 0.76 
Std. Dev 207850 7503 12326 7.78 0.22 1.39 21.38 1.25 383.7 1.11  429.5 81.38 2486   2.33  3.24 20.45 1.17 
Min 3155 44 165.2 0.02 0.27 0.11 17.84 0.05 0.29 0.08  3.5 0.01 2.22   0.10  0.18 0.15 0.01 
Max 689535 23692 39462 22.28 0.99 3.22 94.19 4.04 1390 3.64  1443 272.5 8877   6.68  8.90 59.22 3.00 
CV 1.43 2.28 1.99 1.38 0.35 0.96 0.35 1.12 3.36 1.16  2.3 2.45 1.82   1.30  0.91 2.33 1.54 
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4.2 Correlation and Variability of Metals 

The Pearson correlation coefficients (r) for the metals and WQP are presented in Table 4.3. To 

show the patterns and linear correlations (r) among the factors, a matrix plot of the dataset is shown 

in Figure 4.1. The initial selection of important variables for model development is performed 

based on the matrix plot. Temperature showed positive correlations with several metals (e.g., Zn, 

Cu, Mo, V), indicating possible implications due to temperature variation. The UV254 was 

positively correlated with Cu, Zn, As and V with r of 0.48, 0.41, 0.24 and 0.23 respectively while 

Pb and Fe were negatively correlated with UV254 with r of -0.32 and -0.21 respectively. The FCl 

were positively correlated with Hg, Mn, Ba and Pb with r of 0.6, 0.37, 0.35 and 0.22 respectively. 

The TCl were positively correlated with Hg, Ba, Ca, Mn and Mg with r of 0.56, 0.42, 0.35, 0.25 

and 0.22 respectively. In addition to the WQP, few metals showed moderate to strong correlations 

among themselves. Concentrations of Sr showed moderate to strong correlations with Na, Mg, Ca, 

V, Fe and As with r of 0.75, 0.98, 0.89, 0.56, 0.48 and 0.79 respectively. Concentrations of Pb 

were negatively correlated with Na, V and As with r of -0.63, -0.65 and -0.48 respectively. Further 

details can be found in Table 4.3.   
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Figure 4.1: Matrix plot of the dataset 
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Table 4.3: Pearson correlation (r) between water quality parameters 

 Temp. FCl TCl pH UV254 DOC Na Mg Ca V Cr Mn Fe Cu Zn As Sr Mo Ba Hg Pb 

Temp. 1.00 -0.08 0.03 -0.03 0.18 0.03 0.11 0.18 0.18 0.22 -0.06 0.09 -0.04 0.23 0.37 0.12 0.18 0.22 0.10 -0.01 -0.10 

FCl -0.08 1.00 0.70 0.19 0.03 -0.06 -0.17 0.07 0.16 -0.23 -0.21 0.37 -0.15 0.06 -0.05 0.08 0.04 -0.16 0.35 0.60 0.22 

TCl 0.03 0.70 1.00 0.33 0.03 -0.04 -0.13 0.23 0.35 -0.19 -0.23 0.25 -0.13 0.05 -0.05 0.07 0.18 -0.14 0.42 0.56 0.17 

pH -0.03 0.19 0.33 1.00 -0.08 -0.01 0.07 0.10 0.10 0.02 -0.10 -0.03 -0.14 -0.09 -0.12 0.07 0.10 -0.05 -0.04 0.14 -0.15 

UV254 0.18 0.03 0.03 -0.08 1.00 0.25 0.18 0.03 0.01 0.23 0.14 0.22 -0.21 0.48 0.41 0.24 0.03 0.19 -0.16 0.19 -0.32 

DOC 0.03 -0.06 -0.04 -0.01 0.25 1.00 0.06 -0.01 -0.01 0.02 -0.08 0.06 -0.17 -0.04 0.11 0.03 0.00 -0.03 -0.09 -0.03 -0.22 

Na 0.11 -0.17 -0.13 0.07 0.18 0.06 1.00 0.64 0.39 0.82 0.41 0.16 0.39 0.08 -0.03 0.87 0.75 -0.04 -0.29 0.03 -0.63 

Mg 0.18 0.07 0.23 0.10 0.03 -0.01 0.64 1.00 0.95 0.46 0.16 0.04 0.44 -0.02 -0.11 0.72 0.98 -0.15 0.44 0.24 -0.22 

Ca 0.18 0.16 0.35 0.10 0.01 -0.01 0.39 0.95 1.00 0.26 0.00 0.04 0.32 -0.03 -0.08 0.54 0.89 -0.13 0.61 0.31 -0.09 

V 0.22 -0.23 -0.19 0.02 0.23 0.02 0.82 0.46 0.26 1.00 0.22 0.23 0.12 0.11 0.05 0.66 0.56 0.53 -0.34 -0.06 -0.65 

Cr -0.06 -0.21 -0.23 -0.10 0.14 -0.08 0.41 0.16 0.00 0.22 1.00 -0.29 0.73 -0.07 -0.15 0.32 0.22 -0.20 -0.17 -0.21 0.15 

Mn 0.09 0.37 0.25 -0.03 0.22 0.06 0.16 0.04 0.04 0.23 -0.29 1.00 -0.31 0.23 0.32 0.24 0.07 0.18 -0.10 0.62 -0.29 

Fe -0.04 -0.15 -0.13 -0.14 -0.21 -0.17 0.39 0.44 0.32 0.12 0.73 -0.31 1.00 -0.11 -0.21 0.35 0.48 -0.42 0.18 -0.26 0.34 

Cu 0.23 0.06 0.05 -0.09 0.48 -0.04 0.08 -0.02 -0.03 0.11 -0.07 0.23 -0.11 1.00 0.70 0.22 -0.01 0.09 0.01 0.02 -0.17 

Zn 0.37 -0.05 -0.05 -0.12 0.41 0.11 -0.03 -0.11 -0.08 0.05 -0.15 0.32 -0.21 0.70 1.00 -0.04 -0.11 0.16 -0.09 -0.03 -0.18 

As 0.12 0.08 0.07 0.07 0.24 0.03 0.87 0.72 0.54 0.66 0.32 0.24 0.35 0.22 -0.04 1.00 0.79 -0.13 0.06 0.26 -0.48 

Sr 0.18 0.04 0.18 0.10 0.03 0.00 0.75 0.98 0.89 0.56 0.22 0.07 0.48 -0.01 -0.11 0.79 1.00 -0.14 0.32 0.20 -0.29 

Mo 0.22 -0.16 -0.14 -0.05 0.19 -0.03 -0.04 -0.15 -0.13 0.53 -0.20 0.18 -0.42 0.09 0.16 -0.13 -0.14 1.00 -0.19 -0.12 -0.27 

Ba 0.10 0.35 0.42 -0.04 -0.16 -0.09 -0.29 0.44 0.61 -0.34 -0.17 -0.10 0.18 0.01 -0.09 0.06 0.32 -0.19 1.00 0.26 0.52 

Hg -0.01 0.60 0.56 0.14 0.19 -0.03 0.03 0.24 0.31 -0.06 -0.21 0.62 -0.26 0.02 -0.03 0.26 0.20 -0.12 0.26 1.00 -0.08 

Pb -0.10 0.22 0.17 -0.15 -0.32 -0.22 -0.63 -0.22 -0.09 -0.65 0.15 -0.29 0.34 -0.17 -0.18 -0.48 -0.29 -0.27 0.52 -0.08 1.00 

 

TCl: Total chlorine; FCl: Free residual chlorine UV254: UV absorbance at 254 nm; DOC: Dissolved organic carbon
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4.3 Variability in WDS, PP and HWT 

Among the metals (Table 4.2), As, Pb, Cr, Hg, Ni and Cu can pose risks to humans [77,84]. For 

example, inorganic arsenic (As) is a known human carcinogen while Pb can complicate the neural 

development among the children [98]. Cu can have gastro-intestinal effects while Hg has been 

reported to have risk to kidney [77]. Further details on the effects of metals in drinking water can 

be found in literature [99,100]. The concentration profile of Cr, Mn, Fe, Cu, Zn, As, Hg, Pb, Mg 

and Ni at different sampling scenarios are shown by the box plot in Figure 4.2. The data for Pb 

and Cr showed no outlier while the other metals had several outliers (Figure 4.2). The box plots 

for Fe, Ni and Zn showed 1, 3 and 4 data points, respectively, as outliers while Mg, Hg, As and 

Cu had higher number of outliers indicating higher levels of data variability. For an example, 

average concentrations of Cu in S1 - S7 were less than 2 µg/L while the maximum was 38 µg/L. 

The average concentration of As in S5 was less than 0.5 µg/L with the maximum of 5.8 µg/L. The 

wide interquartile ranges of Pb, Fe and Cr in S1-S7 indicated higher variability of data (Figure 

4.2).  
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Figure 4.2: Box plot of metal variability in different sampling scenarios 
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Figure 4.3: Box plot of metal variability in WDS, PP and HWT 
 (WDS: water distribution system; PP: plumbing pipes; HWT: hot water tanks) 
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In hot water tank samples (S3), the interquartile ranges of Pb and Cr were 0.2-7.0 µg/L and 0.4-

0.95 µg/L respectively (Figure 4.2). Similar findings were noted for Mg and As in S3 and S6 

(Figure 4.2). In contrast, the smaller interquartile ranges of Cu, Zn and Ni indicated the closeness 

of the data to the averages (Figure 4.2). It is to be noted that the outliers are often discarded to 

achieve statistical consistency and modeling works. However, the outliers are likely to be 

important for human exposure and risk analysis due to their extremities and possible health 

concerns [76].  

Figure 4.3 shows the variability of metal concentrations in WDS, PP and HWT. The average 

concentration in WDS was calculated by taking the mean value from S1, S4 and S7. The mean of 

S3 and S6 represented HWT concentration while the average of PP was calculated by taking the 

mean of S2 and S5. Concentrations of most of the metals were higher in HWT than those in the 

WDS and PP. Concentrations of Fe and As in WDS were 60 and 0.5 µg/L respectively, which 

were increased to 72 and 1.0 µg/L, respectively, in HWT. The average concentrations and 

interquartile ranges of Cr, Mg, Cu, Hg and Ni were higher in HWT than those in the WDS. The 

sediments and precipitates along with the corroded metal were likely to be accumulated in HWT 

from its time of installation, which might be partially responsible for higher concentration in HWT 

sample [101]. In addition, the higher temperature might have accelerated the release of these metals 

during stagnation in HWT. The average concentrations Mn, Pb, Cu and Hg were higher in PP than 

those in the WDS. Average concentration of Mn in PP (1.91 µg/L) was almost two times the 

average concentration in WDS (1.05 µg/L). Average concentrations of Pb and Hg in WDS were 

3.7 and 0.9 µg/L respectively, which were increased to 4.2 and 1.1 µg/L in PP respectively (Figure 

4.3).  
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4.4  Diurnal Variability 

The diurnal variability of metal concentrations for the S1-S7 sampling scenarios are presented in 

Figure 4.4. The S1, S4 and S7 represented the WDS samples in the evening, early morning and 

afternoon. The S2 and S5 represented the PP samples in early morning and afternoon respectively 

while S3 and S6 represented the HWT samples in early morning and afternoon respectively. The 

time of sampling showed variable effects on the concentrations of metals (Figure 4.4). The diurnal 

variability for WDS, PP and HWT samples were also tested for the equality of medians through 

the non-parametric tests (Kruskal-Wallis and Mann–Whitney tests) due to the non-Gaussian 

distributions of the data. The  - value was considered to be 0.05, meaning the similarity of the 

medians when p> 0.05. For p ≤0.05, the medians were statistically different. 

Average concentrations of Cr in the WDS samples (S1, S4 and S7) were similar (median: 0.6-0.63 

µg/L; p = 0.9) indicating insignificant effects of sampling time. In the PP samples, averages of Cr 

were similar for S2 and S5 (median: 0.5-0.6 µg/L; p = 0.92). Averages of Cr in HWT (S3 and S6) 

were statistically different (median: S3 = 0.62 µg/L; S6 = 0.85 µg/L), indicating the impacts of 

sampling period. Average concentrations of As in S1, S4 and S7 were similar (median: 0.86-1.09 

µg/L; p = 0.88). Averages of As in all PP samples (S2 and S5) were also similar (median: 0.88-

1.05 µg/L; p = 0.8) while As in HWT samples S3 and S6 (median: S3 = 1.69 µg/L; S6 = 2.39 

µg/L) were different, which have also indicated significant effects of sampling time on the 

concentrations of As. The exact mechanisms of the release of Cr and As in HWT are yet to be 

established.  
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Figure 4.4: Diurnal variability of some significant metals 

(S1: WDS samples after last use of water in the late evening; S2: cold water samples in the early morning prior to the first 

water use; S3: hot water samples in the morning; S4: WDS samples in the morning; S5: samples collected from the cold water 

tap in the afternoon following normal uses; S6: hot water samples in the afternoon; S7: WDS samples in the afternoon) 
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The Cr might have released from the Ni-Cr heater alloys and stainless steel while As could have 

entered from the wall of HWT due to scale formation [102]. Following the usage of hot water, the 

scales are being sloughed off and released into hot water [103].   

Average concentrations of Pb in all WDS samples (S1, S4 and S7) were similar (median: 3.56-

3.95 µg/L; p = 0.92). In the PP samples (S2 and S5), these were also similar (median: 4.08-4.25 

µg/L; p = 0.96). The HWT samples (S3 and S6) also had similar concentrations (median: 3.67 - 

3.74 µg/L; p = 0.92). The concentrations of Hg in S1, S4 and S7 samples showed significant 

variability in the average values (median: 0.81-2 µg/L) (Figure 4.4). The diurnal variation was 

observed for the average concentrations of Hg in all PP samples (median: S2 = 2.64 µg/L; S5 = 

1.50 µg/L) while HWT samples (median: S3 = 1.7 µg/L; S6 = 1.74 µg/L; p = 0.88) showed 

insignificant variability.   

4.5   Seasonal Variability 

Figure 4.5 shows the seasonal variability of Cr, Mg, Mn, Cu, Fe, As, Zn, Hg and Pb in the WDS, 

PP and HWT samples. The concentration in WDS was calculated by taking the mean values of 

metals in S1, S4 and S7. The means of S3 and S6 represented the HWT concentrations while the 

concentration in PP was calculated by taking the averages of S2 and S5. The sampling duration 

(Nov 01, 2015 – May 29, 2016) was divided into three periods: P1, P2 and P3 representing Nov 

01 – Dec 31, Jan 01 – Mar 31 and Apr 01 – May 31 respectively. The average temperatures of 

water in the WDS during P1, P2 and P3 were 26.31°C, 25.38°C and 30.67°C respectively.   
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In WDS, average concentrations of Pb, Fe, Mn and Cr in P3 were 4.78, 72.01, 1.29 and 0.71 µg/L 

respectively. In P2, these values were reduced to 2.6, 54.18, 1.16 and 0.61 µg/L respectively. The 

higher concentrations of Pb, Fe, Mn and Cr in P3 might be partially attributed to higher temperature 

and increased water demand during P3, which could have increased the metal release from the 

WDS and/or plumbing system [101,104].  
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Figure 4.5: Seasonal variability of some significant metal 

(WDS: water distribution system; PP: plumbing pipes; HWT: hot water tanks) 
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In WDS, averages of Pb, Hg and Cu during P1 were 4.49, 3.34 and 1.31 µg/L respectively, which 

were 2.6, 1.05 and 0.71 µg/L, respectively, during P2. The lower values of these metals in P2 

might be attributed to lower water temperature.  

However, averages of Mg, Cu, Zn, As and Hg were higher in P2 than in P3. The average 

concentrations of Mg, Cu, Zn, As and Hg were 6658.1, 0.71, 80.7, 1.34 and 1.05 µg/L respectively, 

in P2. In P3, these values were 2992.9, 0.63, 8.4, 0.84, 0.91 µg/L respectively. In P1, the average 

concentrations of Cr, Mn, Fe, Zn and As were 0.52, 0.53, 51.25, 15.76 and 0.39 µg/L respectively, 

which were 0.61, 1.16, 54.18, 80.68 and 1.34 µg/L, respectively in P2. In PP, average 

concentrations of Mg, Cr, Fe, As and Pb were higher during P3 than those in P2. Average 

concentrations of Mg, Cr, Fe, As and Pb in P2 were 1542, 0.55, 46.88, 0.72 and 2.87 µg/L 

respectively while in P3, these values were 5176, 0.67, 67.67, 0.89 and 5.72 µg/L respectively.  

The higher concentrations of Mg and As in P3 might be partially due to accumulation of Mg and 

As in the PP [103]. The higher consumption rate and water temperature during P3 might have 

increased the dissolution of Mg, As and Fe in the stagnant water (e.g., PP). However, average 

concentrations of Mn, Cu, Zn and Hg were higher in P2 and those in P3. The average 

concentrations of Mn, Cu, Zn and Hg in P2 were 1.73, 4.87, 417.36 and 1.27 µg/L respectively 

while in P3, these were 0.95, 0.39, 4.37 and 0.67 µg/L respectively. The average concentrations of 

Cr, Fe and Cu during P1 and P2 have not shown significant variation. The averages of Mn, As, Hg 

and Pb were higher during P1 than in P2 while the averages of Mg and Zn were lower during P1 

than in P2.   
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In HWT, average concentrations of Mg, Mn, Cu, Zn and As were much higher during P2 than in 

P3. The average concentrations of Mg, Mn, Cu, Zn and As in P2 were 10889, 0.85, 0.91, 197.25 

and 1.94 µg/L respectively. In P3, these were 9191, 0.57, 0.84, 25.79 and 1.66 µg/L respectively. 

The average concentrations Cr, Fe, Hg and Pb were lower in P2 than in P3. The averages of Cr, 

Fe, Hg and Pb in P2 were 0.75, 61.71, 0.73 and 2.82 µg/L respectively. In P3, these were 0.90, 

80.23, 1.78 and 4.78 µg/L respectively. In HWT, several metals (e.g., Mg, Mn, Fe, Cu, Zn, As, Hg 

and Pb) showed insignificant decrease from P1 to P2. However, averages of Cr and Zn were 

increased from P1 to P2.   

Overall, the average concentrations of Pb in WDS, PP and HWT were highest during P3 followed 

by P1 and P2. In case of Zn, the average concentration in WDS and PP were highest during P2 

followed by P1 and P3. The average concentrations of Cu in PP were highest during P2 followed 

by P1 and P3. Both Zn and Cu showed decreasing trends with the increase in temperature. The 

average concentrations of Cr in WDS, PP and HWT were highest during P3 followed by P2 and 

P1. The average concentrations of Fe in WDS and PP were highest in P3 followed by P2 and P1. 

Concentrations of Mn in WDS were highest in P3 and lowest in P1. 

4.6   Summary on Variability of Heavy Metals 

Among the heavy metals, the average concentrations of Pb, Ni, Co, Hg, Cu, Mn and Zn were 

highest in the water samples from the PP (Table 4.2). The average concentrations of Na, Mg, Ca, 

V, Cr, Fe, Sr, Ba and As were highest in the HWT samples (Table 4.2). The samples from the 

WDS had the lowest averages in most cases (except Mo). Overall, concentrations of heavy metals 

in HWT were 1.24-8.1 and 1.4-6.65 times to the concentrations in the WDS and PP respectively. 
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In most scenarios, the average concentrations of As, Cr, Cu, Pb, Hg, Ni and Zn were in the 

increasing order for WDS, PP and HWT. Among these metals, release of Pb into drinking water 

has drawn significant attention due to its wide spread occurrences in drinking water and possible 

health effects, particularly to the children [77,84].  

Several physical and chemical parameters of water (e.g., temperature, pH, chlorine), and plumbing 

properties and configuration (e.g., pipe materials, plumbing arrangement) were reported to affect 

the release of heavy metals from PP. The water was the mixture of desalinated and blended water, 

in which pH was adjusted prior to supplying through the WDS. The averages of pH were lower 

than the neutral value in most cases (Table 1) resulting in the relatively corrosive water, which 

might have increased the release of heavy metals from PP. The extended reaction period due to 

stagnation of water in PP might have increased the rate of release of Pb from PP. Kim et al., [11] 

reported approximately 50% reduction of Pb concentration in drinking water when pH was 

increased from 7.1 to 7.7 in several houses in ON, Canada. The Pb dissolution rate was found to 

increase with the increase of dissolved inorganic carbon (DIC) in water [105].  Further, FCl was 

found to maintain the constant rate of Pb dissolution into drinking water [105,106]. However, 

alteration of FCl by mono-chloramine was reported to increase the concentration of Pb in drinking 

water significantly [107,108]. The Pb concentrations were observed to increase to 31-113 µg/L 

from 15 µg/L (90th percentile). An intermediate species, formed during mono-chloramine decay 

process, was responsible for Pb release from PbO2 [108]. 

In addition, the presence of iron oxide particles might have led the particulate Pb to release into 

water. The iron oxide/hydroxide has relatively high affinity to Pb [109,110]. Kim et al., [11] 
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reported higher levels of particulate Pb in water in presence of higher concentration of iron. The 

positive value of correlation coefficient between Pb and Fe (r = 0.34) also support this explanation 

to some extent. In addition, mechanical disturbances (e.g., repeated activation of the faucet, water 

hammer) could have increased the release of Pb and Fe [72]. The pipe materials and coatings could 

have affected the leaching of heavy metals into drinking water during stagnation in the PP. The 

galvanized iron (GI) pipes with zinc coating were the main components in the PP, which could 

have increased the concentration of Pb in the stagnant water [40]. Lasheen et al., [111] 

demonstrated the release of Pb and Fe into stagnant water using different pipe materials. Past study 

also demonstrated exponential increase in metal concentration (e.g., Pb and Cu) during 20-24 h of 

stagnation period [41]. Concentration of Pb and Fe were increased by 26% and 100% respectively, 

when the stagnation period was increased from 2 to 20 weeks [111]. The overnight stagnation of 

water in cooler was reported to increase Cr, Cu, Fe, Zn, Ni, Mn, and Pb in tap water [20], which 

were consistent to the findings in this study. The concentration of Cu was significantly higher in 

the PP than the WDS, due possibly to extended reaction during the overnight stagnation in PP 

[112]. The higher concentrations of Zn, Fe, Cu and Mn in HWT might be due to temperature driven 

extended reaction in the HWT [16].  

The higher concentrations of heavy metals in the PP and HWT might be a concern from 

monitoring, regulatory, human exposure and risk perspectives [9,97,112,113]. The regulatory 

agencies typically monitor the water quality in the treatment plant or in few locations of the WDS 

prior to entering the buildings. However, the plumbing premise can alter the concentrations of 

several heavy metals in the tap water significantly. The regulatory agencies may further look into 
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the strategy of water quality monitoring and regulatory compliance for the best protection of 

human health. 

Most of the metals in WDS, PP and HWT did not show noticeable diurnal variability. The sampling 

time had minimal effects on the concentrations of many metals. However, considerable variations 

were observed in the concentrations of As and Cr in HWT for the early morning and afternoon 

samples. The exact mechanisms for this variability are yet to be established. The corrosion in 

stainless steel wall of HWT and Ni-Cr heater alloys might have released Cr while As could have 

entered from the wall of HWT due to scale formation [102]. Following the whole day usage of hot 

water, the scales were sloughed off and increased the levels of As and Cr in afternoon samples 

[103]. 

Many of the metals in WDS, PP and HWT showed seasonal variability. The average 

concentrations of Pb in WDS, PP and HWT were highest during summer followed by pre-winter 

and winter seasons, due possibly to the highest temperature and water demands in summer 

followed by pre-winter and winter. Similar increasing trends were observed for Cr in WDS, PP 

and HWT, Fe in WDS and PP and Mn in WDS.  The average concentrations of Zn and Cu in WDS, 

PP and HWT showed decreasing trends with the increase in temperature (e.g., from winter to 

summer). The variability of these metals (e.g., Zn, Cu, Cr, Fe, Mn) in different periods needs 

further analysis through the cause and effect studies. The trends of metal release with seasons are 

different for different metals, and this phenomenon may pose enhanced risk to the consumers. 

Installation of a household filter to facilitate the treatment prior to consumption may be a potential 

option. 
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5 CHAPTER 5  

MODELING OF HEAVY METAL 

5.1 Model Development 

The models for predicting heavy metals in PP and HWT were developed through training of 

several linear, nonlinear and neural network models. The first step for model development was to 

identify the statistically significant factors through numerical and graphical analysis. The matrix 

plot (Fig. 4.1) and the Pearson correlation (r) of WQP and metal concentrations (Table 4.3) were 

used as basis for initial selection of significant factors. The final selection of signification factors 

was performed through effect analysis using statistical packages JMPTM.  

Among different linear models, linear main factors (LMF), main factors with interactions and 

higher orders (LMFI), and logarithmic models (LL) were investigated for predicting heavy metals 

in PP and HWT. The effect analysis was performed using the Analysis of Variance (ANOVA) to 

select the significant factors. The effects of significant factors were also tested using graphical 

techniques (i.e., half-normal plot, prediction profiler). The plot of residuals versus predicted, 

residuals versus row number and predicted versus experimental data were used to confirm the 

model adequacy.  

By using JMPTM ‘nonlinear models’ library, three parameter Logistic model (LM-3P), four 

parameter Logistic model (LM-4P), four-parameter Weibull model (WM-4P), four parameter 
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Biexponential model (BEM-4P), Quartic model (QRM), Quintic model (QUM) and Cubic model 

(CBM) were trained with the measured data [94]. Different nonlinear models were trained for 

modeling the concentrations of several significant metals (i.e., Mg, As, Cr, Pb, Hg, Cu, Mn, Zn, 

Fe) in PP an HWT. The NL models were tested for significant WQP and other metals in PP and 

WDS separately. The parameters for nonlinear models were selected by attaining convergence 

using the Analytic Gauss Newton method [94]. Upon fitting the best convergence, the 

corresponding RMSE were observed. The plot of predicted versus experimental data and their 

respective R2 were used to explain the model adequacy.  

The neural network (NN) model is a series of algorithms that attempt to identify the underlying 

relationships in a set of data using a process analogous to the network of neurons in a brain. The 

neural network structure for modeling heavy metals in PP and HWT consist of an input layer, one 

hidden layer with three nodes and the output layer. The input layer contains the WQP and metal 

concentrations in WDS, PP and HWT while the output layer denotes the concentrations of the 

metals in PP or HWT. The three hidden nodes explain the hyperbolic tangent function of input 

variables. Training of each NN model was accomplished by two thirds of the data from the dataset. 

The models were validated by “Excluded Rows” method, where one third of the data were used. 

The NN model was tested for modeling several significant metals (i.e., Mg, As, Cr, Pb, Hg, Cu, 

Mn, Zn, Fe) in PP and HWT samples. The plot of predicted versus experimental data for training 

and validation were used to assess the model adequacy. Finally, the models were validated using 

an additional set of experimental data, which were not used in model development. The statistical 

packages JMPTM, and MinitabTM were used to perform the model development works. 
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5.2 Models for Predicting Lead (Pb)  

5.2.1 Modeling Pb in PP 

Linear Model: 

Figure 5.1 summarizes the procedure of selecting factors and adequacy check for modeling of Pb 

in PP. Table 5.1 summarizes the ANOVA with significant factors (p-value < 0.01). Among the 

different linear models, the LMF model was found to be the best and was selected (Equation 5.1). 

The model had the R2 value of 0.96. The experimental data and predicted values were found to be 

consistent (Fig. 5.1d).  

Table 5.1:  Screening effects of the factors for modeling Pb-PP 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept  -0.894658 0.383462  -2.33 0.0302 

Pb-WDS 1.12266 0.056813 19.76 <0.0001 

Mo-PP 0.0201685 0.003139 6.43 <0.0001 

Zn-PP  -0.000645 0.000217  -2.97 0.0075 

DOC-PP 0.9390127 0.236508 3.97 0.0008 

Ca-WDS  -0.000042 1.253e-5  -3.35 0.0032 

 

WDSCaPPDOCPPZnPPMoWDSPbPPPb  543210          (5.1)  

Where: 000042.0;94.0;0006.0;02.0;12.1;89.0 543210    
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The plot of residuals versus predicted values (Fig. 5.1b) showed the data randomness. The plot of 

residuals versus row number (Fig. 5.1c) indicated that the residuals were uncorrelated. No 

evidence of lack of fit (P >= 0.1) was also observed. The screening effects of the main factors 

(Table 5.1) and the half-normal plot (Fig. 5.1a) show that Pb-WDS, Mo-PP, DOC-PP had positive 

effects on the occurrence of Pb in PP, while Zn-PP and Ca-WDS had negative effects.   

 

 

 

 

Figure 5.1:  For Pb-PP model: (a) half-normal plot (b) residual vs predicted (c) residual vs row 

number and (d) actual vs predicted data  

(a) (b) 

(c) (d) 



 

57 

 

Nonlinear Model:  

The nonlinear model selection for Pb in PP is explained in Fig. 5.2. The Pb in WDS showed the 

best performance for Pb-PP with the three parameter Logistic model (Fig. 5.2a). The other factors 

and models did not show similar performance. The three parameter Logistic model was developed 

for predicting Pb-PP (Equation 5.2), and the model had the RMSE of 1.15. The experimental data 

and predicted values (R2=0.88) were found to be consistent (Fig. 5.2b).  

))(1( 32

1

WDSPbExp
PPPb







                                    (5.2) 

Where: 55.0;5.23;25.11 321    

Neural Network Model: 

The NN model for predicting the concentrations of Pb-PP is shown in Equation 5.3. The model 

had the R2 and RMSE values of 0.91 and 0.95 respectively. The experimental data and predicted 

 

 

Figure 5.2: For Logistic model (3 P) of Pb-PP (a) model fitting (b) actual vs predicted plot  

(a) (b) 
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values were consistent (Fig. 5.3). The Equations 5.4-5.6 showed that Ca-WDS, Pb-WDS and 

DOC-PP had influence on the concentrations of Pb in PP.  

  

Figure 5.3: Actual vs predicted plot of Pb-PP for (a)data training (b) validation of NN model 

H3)063.6(H2)(-5.287H1)(-6.99649.7 PPPb                    (5.3) 

WDS)}]-P(-0.053 + WDS)-C(0.00007+PP)- DOC.8280( +1.347{tanh[0.5H1 ba          (5.4) 

WDS)}]-P(-0.23 + WDS)-C.000040(+PP)-DOC97.2( +.394{tanh[0.5H2 ba   (5.5) 

WDS)}]- P52(-0.+ WDS)-C(-0.00009+PP)- DOC.990(73.1{tanh[0.5H3 ba      (5.6) 

5.2.1.1  Model Comparison for Pb in PP  

The comparison of the models for predicting Pb in PP are shown in Figure 5.4. The LMF, NL 

(LM-3P) and NN models had the R2 values of 0.96, 0.88 and 0.95 respectively (Table 5.2). The 

lower RMSE of LMF model (RMSE=0.71) than the NN model (RMSE=0.95) and NL (LM-3P) 

model indicates better performance of LMF model than the other models. The LMF model used 

(a) (b) 
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two additional factors (e.g., Mo-PP, Zn-PP) than the NN model, which might have improved its 

performance (Table 5.2). The relatively lower performance of the NL (LM-3P) model might be 

attributed to the inclusion of a single factor for modeling (i.e., Pb-WDS). All models had better 

fits with measured data for low to medium concentrations of Pb (0-7.0 µg/L) while the LMF model 

predictions were closer to the line of equal concentration (LOEC) than the other models. 

Depending on the data availability, all models can be applied for predicting Pb in PP.  
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Figure 5.4: Measured and modeled concentration of Pb in PP 

(LM-3P: 3 P Logistic model; LMF: Main factors linear model; NN: Neural network model) 

Table 5.2: Comparison of different models for Pb in PP 

 Output Model Type Parameters R2 RMSE 

Pb-PP 

LMF DOC-PP, Ca-WDS, Pb-WDS, Mo-PP, Zn-PP 0.96 0.71 

NL (LM-3P) Pb-WDS 0.88 1.15 

NN DOC-PP, Ca-WDS, Pb-WDS 0.95 0.95 
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5.2.1.2  Model Validation for Pb in PP 

The predictive models for Pb in PP were validated using an additional set of data, which were not 

used in model development. The average concentrations of Pb-PP, obtained from validation study 

of LMF, NL (LM-3P) and NN models, were 4.05, 3.59 and 3.94 µg/L respectively and the ranges 

were 1.09-9.25, 0.51-9.57 and 0.23-9.49 µg/L respectively. The average concentrations the 

measured data was 4.08 µg/L with the range of 0.13-10.57 µg/L. From the plot of predicted vs. 

measured data, the values of correlation coefficients (r) were determined and shown in Table 5.3. 

The values of r for LMF, NL (LM-3P) and NN models were 0.76, 0.90 and 0.91 respectively. The 

comparison of different models for validation study are shown in Figure 5.5. The NN and NL (LM-

3P) models were much closer to LOEC and showed better fit with measured data than LMF model.  
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Figure 5.5: Measured and modelled concentration of Pb-PP in validation 

 

Table 5.3: Correlation coefficients for model validation of Pb in PP  

Output Model Type r (Corr. Coef.) 

Pb-PP LMF 0.76 

NL (LM-3P) 0.90 

NN 0.91 

 

5.2.2 Modeling Pb in HWT  

Linear Model: 

Figure 5.6 summarizes the procedure of selecting parameters and adequacy check for modeling of 

Pb concentrations in HWT samples. Table 5.4 summarizes the ANOVA with significant factors (p 

value < 0.01). Among the different linear models, the LMF model was found to be the best and 
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was selected (Equation 5.7). The model had the R2 value of 0.85. The experimental data and 

predicted values were found to be consistent (Fig. 5.6d). The plot of residuals versus predicted 

values (Fig. 5.6b) showed data randomness. No evidence of lack of fit (P >= 0.1) was also 

observed. The screening effects of the main factors (Table 5.4) and half-normal plot (Fig. 5.6a) 

showed that Pb-WDS, Cr-HWT and Ba-HWT positively influenced the occurrence of Pb in HWT 

samples while Na-HWT showed negative effect.  

Figure 5.6: For Pb-HWT model (a) half normal plot (b) residual vs predicted (c) residual vs row 

number and (d) actual vs predicted data 

 

 

 

 

 

(b) (a) 

(d) (c) 
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Table 5.4: Screening effects of the factors for modeling Pb-HWT  

Term Estimate Std Error t Ratio Prob>|t| 

Intercept  -0.65179 0.694267  -0.94 0.3585 

Pb-WDS 0.7563172 0.094491 8.00 <.0001 

Na-HWT  -3.887×10-6 9.05×10-7  -4.30 0.0003 

Cr-HWT 3.0806746 0.797723 3.86 0.0009 

Ba-HWT 0.0001236 4.726×10-5 2.61 0.0162 

 

HWTBaHWTCrHWTNaWDSPbHWTPb  43210           (5.7) 

Where: 00012.0;08.3;1089.3;756.0;65.0 33

6

210     

Nonlinear Model: 

The nonlinear model selection for Pb in HWT samples is explained in Figure 5.7. Among the 

different factors, Pb in the Pb-WDS showed the best performance with the three parameter Logistic 

model (Fig. 5.7a). The model for predicting Pb-HWT is shown in Equation 5.8 and the model had 

the RMSE of 1.39. The experimental data and predicted values (R2=0.86) were found to be 

consistent (Fig. 5.7b).  

    
))(1( 32

1

WDSPbExp
HWTPb







                                   (5.8) 

Where: 77.0;53.48;78.9 321    
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Figure 5.7: For three parameter Logistic model of Pb-HWT (a) model fitting (b) actual vs 

predicted plot 

Neural Network Model: 

Equation 5.9 shows the NN model for predicting Pb-HWT. The model had the R2 value of 0.99 

and RMSE of 0.34. The experimental data and predicted values were found to be consistent (Fig. 

5.8). The Equations of hidden nodes (Equation 5.10-5.12) showed that Pb-WDS, Na-HWT, Cr-

HWT and Ba-HWT had influence on the occurrence of Pb in HWT.  

H3)337.4(H2)(-2.467H1)(-2.717638.4 HWTPb                 (5.9) 

   HWT)}]- Ba(-0.003HWT)-Cr (-0.61 +WDS)- Pb(0.21 +9.2{tanh[0.5H1             (5.10) 

  HWT)}]- Ba(-0.0003HWT)-Cr (-7.31 +WDS)- Pb(3.09 +23.15{tanh[0.5H2        (5.11) 

HWT)}]- Ba(0.0003HWT)-Cr (22.59 +WDS)- Pb(3.68 +90.37{tanh[0.5H3      (5.12) 

 

 

 

(a) (b) 
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Figure 5.8: Actual vs predicted plot of Pb-HWT for (a) data training (b) validation of NN model 

5.2.2.1 Model Comparison for Pb in HWT   

The comparison of the models for predicting Pb in HWT are shown in Figure 5.9. The NN model 

showed better performance (R2 = 0.99; RMSE = 0.34) than LMF (R2 = 0.93; RMSE = 1.04). 

However, these two models had the same input factors (Table 5.5). The NL model (LM-3P) 

showed poor performance than the NN and LMF models, due possibly to the single input factor 

(e.g., Pb-WDS) while Pb in HWT could be affected by several other factors. All models showed 

better fit for low and mid-level concentrations of Pb (0-8.0 µg/L) (Figure 5.9), while for NN model, 

the measured data were much closer to the LOEC. The NN model is the model of choice for 

predicting Pb in HWT. 

 

(a) (b) 
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Figure 5.9: Measured and modeled concentration of Pb in HWT 

 (LM-3P: 3 parameters Logistic model; LMF: Main factors linear model; NN: Neural network 

model)  

Table 5.5: Comparison of different models for Pb in HWT 

Output Model Type Parameters R2 RMSE 

Pb-HWT 

LMF Pb-WDS, Na-HWT, Ba-HWT, Cr-HWT 0.93 1.04 

NL (LM-3P) Pb-WDS 0.86 1.39 

NN Pb-WDS, Na-HWT, Ba-HWT, Cr-HWT 0.99 0.34 

5.2.2.2   Model Validation for Pb in HWT 

The predictive models for Pb in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Pb-HWT, obtained from the LMF, 

NL (LM-3P) and NN models were 3.57, 3.55 and 3.78 µg/L respectively, and the ranges were 

0.18-9.52, 0.23-9.30 and 0.34-10.41 µg/L respectively. The average concentration of measured 
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Pb-HWT was 3.74 µg/L with the range of 0.14-10.58 µg/L. From the plot of predicted vs. 

measured data, the values of correlation coefficients (r) were determined and shown in Table 5.6. 

The values of r for LMF, NL (LM-3P) and NN models were 0.97, 0.98 and 0.99 respectively. The 

comparison of different models for validation study are shown in Figure 5.10. All the models were 

closer to LOEC and showed almost perfect fits with measured data.  

Table 5.6: Correlation coefficients for model validation of Pb in HWT 

Output Model Type r (Corr. Coef.) 

Pb-HWT LMF 0.97 

NL (LM-3P) 0.98 

NN 0.99 
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Figure 5.10: Measured and modelled concentration of Pb-HWT in validation 

For the Pb-PP and Pb-HWT models, the NN models were found to be the best while the NL models 

were showing poor performance. The nonlinear models were developed using the most important 

single factors, which might have ignored the effects of one or more less important main factors 

and the interaction effects, resulting in relatively rating the additional factors and their interaction 

effects. Most of the models for Pb in PP and HWT showed moderate to excellent predictive 

capacities.  

The factors of the models for predicting Pb-PP indicated that Pb in tap water (e.g., PP) was affected 

by the Pb in WDS (Pb-WDS). The relatively acidic water was likely to increase the release of 

metals due to increased reaction period with the pipe coatings and plumbing materials. The 

stagnation period also affected the corrosion of lead service line and caused the leaching effects in 

pipe network. In addition, mechanical disturbances (e.g., repeated activation of the faucet, water 
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hammer) could also release Pb along with Fe and Al [72]. The GI pipes contained the zinc coating, 

which could also be a source of Pb release in stagnant water [40]. The iron pipe corrosion by-

products contained several metals including Pb (i.e., Cu, V, Mn, Pb, Cr), which could have released 

Pb into PP due to changes of WQP (i.e., changing temperature, TCl) [115]. The models indicated 

that the Pb in HWT was affected by the Pb in WDS. In addition, scale deposits on the heater wall 

along with other corroded metals from the plumbing fixtures or service line might have served as 

the potential sources of Pb in HWT. Following the usage of hot water, the scales were sloughed 

off and released into hot water [103]. 

5.3 Models for Predicting Chromium (Cr) 

5.3.1 Modeling Cr in PP 

Linear Model: 

The ANOVA (Table 5.7) summarizes the significant factors (p value < 0.01) for modeling Cr in 

PP samples. Among the different linear models, the LMF model was found to be the best and was 

selected (Equation 5.13). The model had the R2 value of 0.91. The experimental data and predicted 

values were found to be consistent (Fig. 5.11d). The plot of residuals versus predicted values (Fig. 

5.11b) showed the randomness. The plot of residuals versus row number (Fig. 5.11c) confirmed 

that the residuals were uncorrelated. No evidence of lack of fit (P >= 0.1) was also observed. The 

screening effects of the main factors (Table 5.7) and the half-normal plot (Fig. 5.11a) showed that 

V-WDS, Fe-PP and Mn-PP had positive impact on the concentrations of Cr in PP.   
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Table 5.7: Screening effects of the factors for modeling Cr-PP 

 

 

 

 

 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept  -0.095117 0.057181  -1.66 0.1104 

V-WDS 0.01034 0.002329 4.44 0.0002 

Fe-PP 0.0109549 0.000805 13.61 <0.0001 

Mn-PP 0.0173407 0.004906 3.53 0.0019 

The screening effects of the main factors (Table 

4.5) and half normal plot (Fig. 4.7a) confirm the 

positive influence of V-WDS, Fe-PP and Mn-

PP on the occurrence of Cr in consumer tap 

(PP). It is evident that a Cr in consumer tap (PP) 

have negligible influence from Cr  in water 

distribution system (WDS). Corrosion of in 

house plumping premises or overnight 

stagnation in PP may cause occurrence of this 

leaching effect along with Fe and Mn.   

 

 

 

Figure 5.11: For Cr-PP model (a) half normal plot (b) residual vs predicted (c) residual vs row 

number and (d) actual vs predicted data  

(a) (b) 

(c) (d) 
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      PPMnPPFeWDSVPPCr  3210                              (5.13) 

Where: 017.0;01.0;01.0;095.0 3210    

Nonlinear Model:   

Figure 5.12 explains the nonlinear model selection process for Cr in PP samples (Cr-PP). Among 

the different parameters, Fe in PP samples showed best performance with the three parameter 

Logistic model (Fig. 5.12a) for predicting Cr-PP. The model was developed (Equation 5.14) and 

it had the RMSE of 0.098. The experimental data and predicted values (R2=0.82) were found to be 

consistent (Fig. 5.12b).  

Figure 5.12: For three parameters Logistic model of Cr-PP (a) model fitting (b) actual vs 

predicted plot 

Neural Network Model: 

The NN model for predicting Cr-PP was found to be the best (Equation 5.15). The model had the 

R2 value of 0.98 and RMSE of 0.027. The experimental data and predicted values were found to 

  

(a) (b) 
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be consistent (Fig. 5.13). The Equation of hidden nodes (Equation 5.16-5.18) showed that V-WDS, 

Fe-PP and Mn-PP have influenced the concentrations of Cr in PP.  

 

 

Figure 5.13: Actual vs predicted plot of Cr-PP for (a) data training (b) validation of NN model 

H3)11.1(H2)(-3.732H1)1.757(58.1 PPCr                      (5.15) 

)}]0.215(+ .0120(+WDS)-V .00650( +.5570{tanh[0.5H1 PPMnPPFe          (5.16) 

)}]240(0.+  .0220(-+WDS)-V .0560(- +.7161{tanh[0.5H2 PPMnPPFe          (5.17) 

)}] 0.223(+ 0.049(+WDS)-V .1970(- +.294{tanh[0.5H3 PPMnPPFe         (5.18) 

5.3.1.1  Model Comparison for Cr in PP  

The comparison of the models for predicting Cr in PP are shown in Figure 5.14. The NN model 

showed better performance (R2=0.98; RMSE=0.027) than the LMF model (R2=0.91; 

RMSE=0.072). However, these two models had the same input factors (Table 5.8). The NL model 

(LM-3P) showed poor performance than the NN and LMF models, due to the single input factor 

(e.g., Fe-PP) while Cr in PP could be affected by several factors. All models had better fits with 

(a) (b) 
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measured data for concentrations of Cr, while for NN model, the measured data were much closer 

to the LOEC. The NN model is the model of choice for predicting Cr in PP.  
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Figure 5.14: Measured and modeled concentration of Cr in PP 

(LM-3P: 3 parameters Logistic model; LMF: Main factors linear model; NN: Neural network 

model) 

Table 5.8: Comparison of different models for Cr in PP 

 

 

 

Output Model Type Parameters R2 RMSE 

Cr-PP 

LMF V-WDS, Mn-PP, Fe-PP 0.91 0.072 

NL (LM-3P) Fe-PP 0.82 0.098 

NN V-WDS, Mn-PP, Fe-PP 0.98 0.027 
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5.3.1.2 Model Validation for Cr in PP 

The predictive models for Cr in PP were validated using an additional set of data, which were not 

used in model development. The average concentrations of Cr-PP, obtained from the LMF, NL 

(LM-3P) and NN models were 0.43, 0.54 and 0.53 µg/L respectively, and the ranges were 0.17-

0.83, 0.14-0.90 and 0.21-0.83 µg/L respectively. The average actual concentration of Cr-PP was 

0.57 µg/L with the range of 0.18-0.92 µg/L. From the plot of predicted vs. measured data, the 

values of correlation coefficients (r) were determined and shown in Table 5.9. The values of r for 

LMF, NL (LM-3P) and NN models were 0.85, 0.94 and 0.99 respectively. The comparison of 

different models for validation study are shown in Figure 5.15. The NN and NL (LM-3P) models 

were much closer to LOEC and showed better fit with measured data than LMF model.  
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Figure 5.15: Measured and modelled concentration of Cr-PP in validation 
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Table 5.9: Correlation coefficients for model validation of Cr in PP 

Output Model Type r (Corr. Coef.) 

Cr-PP LMF 0.85 

NL (LM-4P) 0.94 

NN 0.99 

 

5.3.2 Modeling Cr in HWT  

Linear Model: 

Among the different linear models, the LMFI model was found to be the best and was selected 

(Equation 5.19). The model had the R2 value of 0.92. The experimental data and predicted values 

were found to be consistent (Fig. 5.16d). The plot of residuals versus predicted (Fig. 5.16b) showed 

data randomness. No evidence of lack of fit (P >= 0.1) was also observed.  

Table 5.10: Screening effects of the factors for modeling Cr-HWT 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 0.1501846 0.073441 2.04 0.0542 

Fe-HWT 0.0160629 0.001125 14.28 <.0001 

Sr-HWT  -0.000196 3.138e-5  -6.25 <.0001 

Pb-WDS  -0.075447 0.00788  -9.57 <.0001 

Mn-HWT  -0.114127 0.019211  -5.94 <.0001 

(Fe-HWT-71.95)*(Mn-HWT-0.96)  -0.001867 0.000584  -3.20 0.0045 
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        (5.19) 

Where: 0019.0;11.0;075.0;0002.0;016.0;15.0 543210       

The screening effects of the main factors (Table 5.10) and half-normal plot (Fig. 5.16a) show that 

Fe-HWT positively influenced the concentrations of Cr in HWT samples. The Sr-HWT, Pb-WDS, 

Mn-HWT and interactions of Fe and Mn in HWT had negative effects.    

  

 

 

Figure 5.16: For Cr-HWT model (a) half normal plot (b) residual vs predicted (c) residual vs 

row number and (d) actual vs predicted data 

(a) (b) 

(c) (d) 
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Nonlinear Model: 

The nonlinear model selection for Cr in HWT samples is explained in Fig. 5.17. Among the 

different factor, Sr in HWT showed the best performance with the Cubic model (Fig. 5.17a). The 

model for predicting Cr-HWT is shown in Equation 5.20 and the model had the RMSE of 0.22. 

The experimental data and predicted values were found to be moderately consistent (Fig. 5.17b) 

with R2 of 0.59.  

Figure 5.17: For Cubic model of Cr-HWT (a) model fitting (b) actual vs predicted plot 

3

4

2

321 )()( HWTSrHWTSrHWTSrHWTCr              (5.20)              

Where: 11

4

7

321 1008.4;1007.5;001.0;513.0     

Neural Network Model: 

The NN model for predicting Cr-HWT is shown in Equation 5.21. The model had the R2 value of 

0.98 and RMSE of 0.05. The experimental data and predicted values were found to be consistent 

(Fig. 5.18). The Equations 5.22-5.24 showed that Pb-WDS, Cr-WDS, Fe-HWT and Mn-HWT had 

influence on the occurrence of Cr in HWT.  

  

(a) (b) 
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H3)46.0(H2)(-0.46 H1)(-0.1702.1 HWTCr                    (5.21) 

WDS)}]-Cr (0.97WDS)- Pb(-0.15 + HWT)- Mn(-0.71+HWT)- Fe(0.07 +47.3{tanh[0.5H1   (5.22) 

}] WDS)-Cr (-7.09WDS)- Pb(0.17+ HWT)- Mn(2.88+HWT)- Fe(-0.09 +19.8{tanh[0.5H2    (5.23) 

WDS)}]-Cr (1.55WDS)- Pb(0.55+ HWT)- Mn(-0.38+HWT)- Fe(-0.07 +81.3{tanh[0.5H3     (5.24)          

 

  

Figure 5.18: Actual vs predicted plot of Cr-HWT for (a) data training (b) validation of NN model 

5.3.2.1  Model Comparison for Cr in HWT  

The comparison of the models for predicting Cr in HWT are shown in Figure 5.19. The NN model 

showed better performance (R2 = 0.98; RMSE = 0.05) than the LMFI model (R2 = 0.92; RMSE = 

0.107). The NN model used the background metal (i.e., Cr in WDS) in addition to other factors of 

the LMFI model, which might have improved its performance (Table 5.11). The NL model (CBM) 

showed poor performance than the NN and LMF models, due to the single input factor (e.g., Sr-

HWT), while Cr in HWT could be affected by several factors. All the models had better fits with 

(a) (b) 
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measured data for the whole range of concentrations of Cr, while for NN model, the measured data 

were much closer to the LOEC. The NN model is the model of choice for predicting Cr in HWT.  
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Figure 5.19: Measured and modeled concentration of Cr in HWT 

(CBM: Cubic model; LMFI: Main factors, interaction and higher order terms; NN: Neural 

network model) 

Table 5.11: Comparison of different models for Cr in HWT 

Output Model Type Parameters R2 RMSE 

Cr-HWT 

LMFI Fe-HWT, Mn-HWT, Pb-WDS, Sr-HWT 0.92 0.107 

NL (CBM) Sr-HWT 0.59 0.22 

NN Fe-HWT, Mn-HWT, Pb-WDS, Cr-WDS 0.98 0.05 
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5.3.2.2   Model Validation for Cr in HWT 

The predictive models for Cr in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Cr-HWT from the LMFI, NL 

(CBM) and NN models were 0.78, 0.80 and 0.86 µg/L respectively, and the ranges were 0.11-1.24, 

0.30-1.05 and 0.20-1.53 µg/L respectively. The average of the measured concentration of Cr-HWT 

was 0.79 µg/L with the range of 0.19-1.34 µg/L. From the plot of predicted vs. measured data, the 

values of correlation coefficients (r) were determined and shown in Table 5.12. The values of r for 

LMFI, NL (CBM) and NN models were 0.98, 0.77 and 0.99 respectively. The comparison of 

different models for validation study are shown in Figure 5.20. The LMFI and NN models were 

much closer to LOEC and showed better fit with measured data than NL (CBM) model.  
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Figure 5.20: Measured and modelled concentration of Cr-HWT in validation  
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Table 5.12: Correlation coefficients for model validation of Cr in HWT 

Output Model Type r (Corr. Coef.) 

Cr-HWT LMFI 0.98 

CBM 0.77 

NN 0.99 

 

For the Cr-PP and Cr-HWT models, the NN models were the best while the NL models showed 

poor performance. The nonlinear models were developed using the most important single factors, 

which might be the main reason of the poor performance. Although the single factor models were 

easy to use, the relative poor performances were likely to inhibit their applications. Most of the 

models for Cr in PP and HWT showed moderate to excellent predictive capacities. The iron pipe 

corrosion by-products contained high level of V along with Cr, Fe and Mn, which could have 

increase Cr in PP. In addition, the physical and chemical disturbances of pipe inner surface might 

have released Cr into PP. Cr could have also been originated from leaching of WDS materials and 

reactions in plumbing premise [116]. The stagnation period had significant effects on Cr release 

from pipe network. The corrosion of nichrome coil (alloys of nickel, chromium, and iron) and 

stainless steel could have served as the potential sources of Cr in HWT [102]. The dissolution of 

hard scale deposits on the heater wall along with other corroded metals (i.e., Cr, Sr) might have 

caused the release of Cr in HWT along with Sr. Cr in HWT was also affected by Cr in WDS.  

5.4 Models for Predicting Copper (Cu) 
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5.4.1 Modeling Cu in PP 

Linear Model: 

Figure 5.21 summarizes the procedure of selecting parameters and adequacy check for modeling 

copper (Cu) concentrations in the PP samples. Among the different linear models, the LMFI model 

was found to be the best and was selected (Equation 5.25). The model had the R2 value of 0.89. 

The experimental data and predicted values were found to be consistent (Fig. 5.21d). The plot of 

residuals versus predicted values (Fig. 5.21b) showed the data randomness. The plot of residuals 

versus row number (Fig. 5.21c) confirmed that the residuals were uncorrelated. No evidence of 

lack of fit (P >= 0.1) was also observed. The screening effects of the main factors and main factors 

with interactions (Table 5.13), and the half-normal plot (Fig. 5.21a) showed that V-WDS, 

temperature and total residual chlorine in PP, interactions of V-WDS with T-PP and TCl-PP 

positively influenced the concentrations of Cu in PP.  

Table 5.13: Screening effects of the factors for modeling Cu-PP 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept -6.215899 0.902447 -6.89 <.0001 

V-WDS 0.6225374 0.097251 6.40 <.0001 

T-PP 0.0649511 0.014351 4.53 0.0003 

(V-WDS-4.17)*(T-PP-26.8) 0.0136735 0.002298 5.95 <.0001 

(V-WDS-4.17)*(TCl-PP-0.041) 27.124743 4.507237 6.02 <.0001 

TCl-PP 110.91148 18.57693 5.97 <.0001 
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Where: 91.110;12.27;014.0;065.0;62.0;22.6 543210    

 

 

 

Figure 5.21: For Cu-PP model (a) half normal plot (b) residual vs predicted (c) residual vs row 

number and (d) actual vs predicted data 

 

 

 

 

 

(a) (b) 

(c) (d) 
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Neural Network Model: 

The NN model for predicting Cu-PP is shown in Equation 5.26. The model had the R2 and RMSE 

values of 0.84 and 0.20 respectively. The experimental data and predicted values were found to be 

consistent (Fig. 5.22). The Equation of hidden nodes (Equation 5.27-5.29) showed that Cu-WDS, 

Fe-WDS and Zn-PP had influence on the occurrence of Cu in PP.  

 

 

 

Figure 5.22: Actual vs predicted plot of Cu-PP for (a) data training (b) validation of NN model 

  

H3)92.3(H2)(-2.71 H1)58.3(34.2 PPCu                              (5.26) 

)}]u (1.35 + (-0.066+PP)-Zn (-0.04 +27.2{tanh[0.5H1 WDSCWDSFe               (5.27) 

)}]u (0.174+ (-0.075+PP)-Zn (0.079 +44.3{tanh[0.5H2 WDSCWDSFe            (5.28) 

)}]u (0.84+ (0.0047+PP)-Zn (-0.07 +18.0{tanh[0.5H3 WDSCWDSFe              (5.29) 
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5.4.1.1  Model Comparison for Cu in PP  

The comparison of the models for predicting Cu in PP are shown in Figure 5.23. The LMFI model 

had R2 value of 0.89, while the NN model had R2 of 0.84 (Table 5.14). The lower RMSE value of 

LMFI (RMSE=0.177) compared to NN model (RMSE=0.20) also indicates that LMFI model is 

statistically better than NN model. The LMFI model used interaction of parameters, which might 

have improved the model efficiency (Table 5.14). None of the NL model fit with any parameters. 

The selected models had better fits with measured data for lower concentrations of Cu (<1.5 µg/L), 

where the LMFI model is much closer to the LOEC. As such, the LMFI model is the model of 

choice for predicting Cu in PP.   
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Figure 5.23: Measured and modeled concentration of Cu in PP 

(LMFI: Main factors, interaction and higher order terms model; NN: Neural network model) 
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Table 5.14: Comparison of different models for Cu in PP 

Output Model Type Parameters R2 RMSE 

Cu-PP 
LMFI  V-WDS, T-PP, TCl-PP  0.89 0.177 

NN Fe-WDS, Cu-WDS, Zn-PP 0.84 0.20 

5.4.1.2  Model Validation for Cu in PP  

The predictive models for Cu in PP were validated using an additional set of data, which were not 

used in model development. The average concentrations of Cu-PP from the LMFI and NN models 

were 3.12 and 0.18 µg/L respectively, and the ranges were 0.01-36.49 and 0.01-0.68 µg/L 

respectively. The average of measured concentrations of Cu-PP was 4.30 µg/L with the range of 

0.035-38.28 µg/L. From the plot of predicted vs. measured data, the values of correlation 

coefficients (r) were determined and shown in Table 5.15. The values of r for LMFI and NN 

models were 0.48 and 0.45 respectively. The comparison of different models for validation study 

are shown in Figure 5.24. Both of the LMFI and NN models were much scattered from LOEC and 

did not show good predictive capacity. 

Table 5.15: Correlation coefficients for model validation of Cu in PP 

Output Model Type r (Corr. Coef.) 

Cu-PP LMFI 0.48 

NN 0.45 
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Figure 5.24: Measured and modelled concentration of Cu-PP in validation  

5.4.2 Modeling Cu in HWT  

Linear Model: 

The procedure of selecting parameters and adequacy check for the predictive model of Cu in HWT 

samples is illustrated in Fig. 5.25. Table 5.16 summarizes the ANOVA with significant factors (p 

value < 0.01). Among the different linear models, the LMF model was found to be the best and 

was selected (Equation 5.30). The model had the R2 value of 0.93. The experimental data and 

predicted values were found to be consistent (Fig. 5.25d). The plot of residuals versus predicted 

(Fig. 5.25b) showed data randomness. The plot of residuals versus row number (Fig. 5.25c) 

confirmed that the residuals were uncorrelated. No evidence of lack of fit (P >= 0.1) was also 

observed.  
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Table 5.16: Screening effects of the factors for modeling Cu-HWT 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 0.1603255 0.110408 1.45 0.1620 

Na-HWT 2.6868×10-6 2.713×10-7 9.90 <.0001 

DOC-HWT  -0.271858 0.075785  -3.59 0.0018 

UV-HWT 104.75572 25.33363 4.14 0.0005 

Mn-HWT 0.1725228 0.071482 2.41 0.0255 

 

 

 

 

 

Figure 5.25:  For Cu-HWT model (a) half normal plot (b) residual vs predicted (c) residual 

vs row number and (d) actual vs predicted data 

(b) (a) 

(d) (c) 
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HWTMnHWTUVHWTDOCHWTNaHWTCu  43210          (5.30) 
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The screening effects of the main factors (Table 5.16) and half-normal plot (Fig. 5.25a) shows that 

Na-HWT, UV-HWT and Mn-HWT positively influenced the occurrence of Cu in HWT samples 

while DOC-HWT had negative influence.   

Neural Network Model: 

The NN model for predicting Cu-HWT is shown in Equation 5.31. The model had the R2 value of 

0.93 and RMSE of 0.31. The experimental data and predicted values were found to be consistent 

(Fig. 5.26). The Equations 5.32-5.34 showed that DOC-HWT, UV-HWT and Mn-HWT had 

influence on the occurrence of Cu in HWT.   

  

Figure 5.26: Actual vs predicted plot of Cu-HWT for (a) data training (b) validation of NN 

model 

 

(a) (b) 
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H3)71.1(H2)(1.85H1)(-1.7186.1 HWTCu                    (5.31) 

HWT)}]- Mn(7.30+ HWT)- UV34.08 (-+HWT)- DOC(4.06 +9.58{tanh[0.5H1        (5.32) 

HWT)}]- Mn(2.83+ HWT)- UV(587.49+HWT)- DOC(11.38 +13.62{tanh[0.5H2    (5.33) 

HWT)}]- Mn(7.33+ HWT)- UV(88.48+HWT)- DOC(-10.40 +{0.69ttanh[0.5H3        (5.34) 

5.4.2.1  Model Comparison for Cu in HWT  

The comparison of the models for predicting Cu in HWT are shown in Figure 5.27. The NN model 

and LMF model for predicting Cu in HWT had the same R2 of 0.93 (Table 5.17). The RMSE values 

for the NN and LMF models are also similar (RMSE = 0.31 and 0.352 respectively) showing fairly 

consistent predictive performance. None of the NL model fitted with any parameters. All the 

models had better fits for lower and mid-level concentrations of Cu. For the NN model, the 

measured data were much closer to the LOEC. The NN model is preferred over the other model 

for predicting Cu in HWT. 

Table 5.17: Comparison of different models for Cu in HWT 

Output Model Type Parameters R2 RMSE 

Cu-HWT 
LMF UV-HWT, DOC-HWT, Mn-HWT, Na-HWT 0.93 0.352 

NN UV-HWT, DOC-HWT, Mn-HWT 0.93 0.31 
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Figure 5.27: Measured and modeled concentration of Cu in HWT 

(LMF: Main factors linear model; NN: Neural network model) 

5.4.2.2   Model Validation for Cu in HWT  

The predictive models for Cu in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Cu-HWT from the LMF and NN 

models were 1.30 and 1.19 µg/L respectively, and the ranges were 0.11-3.17 and 0.03-3.38 µg/L 

respectively. The average of measured concentrations of Cu-HWT was 1.16 µg/L with the range 

of 0.06-3.47 µg/L. From the plot of predicted vs. measured data, the values of correlation 

coefficients (r) were determined and shown in Table 5.18. The values of r for LMF and NN models 

were 0.89 and 0.99 respectively. The comparison of different models for validation study are 

shown in Figure 5.28. Both of the LMF and NN models were much closer to LOEC and showed 

strong fits with measured data. 



 

92 

 

 

Table 5.18: Correlation coefficients for model validation of Cu in HWT 

Output Model Type r (Corr. Coef.) 

Cu-HWT LMF 0.89 

NN 0.99 
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Figure 5.28: Measured and modelled concentration of Cu-HWT in validation 

Most of the models for Cu in PP and HWT showed moderate to excellent predictive capacities. 

The iron pipe corrosion byproducts contained Cu, V, Fe and Zn. Due to the physical and chemical 

disturbances (i.e., changing temperature, TCl), Cu was released into PP along with other metals 

[115]. Cu in PP had significant effect form Cu in WDS. Cu might also have been originated from 

copper pipes and fixtures due to dissolution in the household plumbing system. Such dissolution 

was affected by the stagnation period [117]. It was indicated that Cu in HWT was not significantly 
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influenced by the Cu in WDS. Corrosion of brass fittings and other plumbing fixtures were some 

of the potential sources of Cu in HWT. Scale deposits on the heater wall along with other corroded 

metals (i.e., Mn, Cu and Fe) might also have served as the sources of Cu in HWT. Following the 

usage of hot water, the scales were sloughed off and released into hot water [103]. 

5.5 Models for Predicting Mercury (Hg) 

5.5.1 Modeling Hg in PP 

Linear Model:  

Figure 5.29 summarizes the procedure of selecting parameters and adequacy check for developing 

models to predict Hg in PP. Table 5.19 summarizes the ANOVA with significant factors (p value 

< 0.01). Among the different linear models, the LMF model was found to be the best and was 

selected (Equation 5.35). The model had the R2 value of 0.61. The experimental data and predicted 

values were found to be moderately consistent (Fig. 5.29d). The plot of residuals versus predicted 

values (Fig. 5.29b) showed the randomness of residuals. No evidence of lack of fit (P >= 0.1) was 

also observed.  

The screening effects of the main factors (Table 5.19) and half-normal plot (Fig. 5.29a) showed 

that Hg-WDS and Sr-WDS influenced positively on the concentrations of Hg in PP while UV-PP 

and Fe-WDS had negative effects.  
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Table 5.19: Screening effects of the factors for modeling Hg-PP 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 2.5290886 0.731819 3.46 0.0025 

Fe-WDS  -0.033035 0.011158  -2.96 0.0077 

Sr-WDS 0.0011856 0.000539 2.20 0.0398 

Hg-WDS 0.5864129 0.270337 2.17 0.0423 

UV-PP  -218.3493 81.10201  -2.69 0.0140 

 

  

 

 

Figure 5.29: For Hg-PP model (a) half normal plot (b) residual vs predicted (c) residual vs 

row number and (d) actual vs predicted data 

(a) (b) 

(c) (d) 
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WDSSrPPUVWDSFeWDSHgPPHg  43210              (5.35) 

Where: 0012.0;35.218;03.0;59.0;53.2 43210    

Neural Network Model: 

The best NN model for predicting Hg-PP is shown in Equation 5.36. The model had the R2 value 

of 0.93 and RMSE of 0.37. The experimental data and predicted values were found to be consistent 

(Fig. 5.30). The Equation of hidden nodes (Equation 5.37-5.39) showed that Hg-WDS, Fe-WDS 

and Sr-WDS had influence on the concentrations of Hg in PP.   

 

 

Figure 5.30: Actual vs predicted plot of Hg-PP for (a) data training (b) validation of NN model 

H3)528.13(H2)(10.652H1)285..16(326.6 PPHg                      (5.36) 

)}]r 030(-0. + .0550(+WDS)- Hg.4810( +15.3{tanh[0.5H1 WDSSWDSFe          (5.37) 

 

(a) (b) 
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)}]r 030(0. + 0.049(+WDS)- Hg1.33( +.9072{tanh[0.5H2 WDSSWDSFe        (5.38) 

)}]r 0120(-0. + .0330(+WDS)- Hg(-0.403 +887.0{tanh[0.5H3 WDSSWDSFe     (5.39) 

5.5.1.1  Model Comparison for Hg in PP  

The comparison of the models for predicting Hg in PP are shown in Figure 5.31. The NN model 

showed better performance (R2 = 0.93; RMSE = 0.37) than the LMF model (R2 = 0.61; RMSE = 

1.06). The LMF model used one additional factor (i.e., UV-PP) than the NN model (Table 5.20). 

None of the NL models fit with any parameters. All models showed better fits with measured data 

for lower concentrations of Hg (<1.0 µg/L), while for NN model, the measured data were much 

closer to the LOEC. The NN model is the model of choice for predicting Hg in PP.    
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Figure 5.31: Measured and modeled concentration of Hg in PP 

 (LMF: Main factors linear model; NN: Neural Network) 
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Table 5.20: Comparison of different models for Hg in PP 

Output Model Type Parameters R2 RMSE 

Hg-PP 
LMF Hg-WDS, Fe-WDS, Sr-WDS, UV-PP 0.61 1.059 

NN Hg-WDS, Fe-WDS, Sr-WDS 0.93 0.37 

  

5.5.1.2  Model Validation for Hg in PP  

The predictive models for Hg in PP were validated using an additional set of data, which were not 

used in model development. The average concentrations of Hg-PP from the LMF and NN models 

were 0.79 and 4.33 µg/L respectively and the ranges were 0.02-3.90 and 0.31-19.77 µg/L 

respectively. The average of measured concentration of Hg-PP was 2.64 µg/L with the range of 

0.08-25.40 µg/L. This maximum concentration of Hg in PP (25.40 µg/L) was considered as outlier 

in boxplot (Fig. 4.2). From the plot of predicted vs. measured data, the values of correlation 

coefficients (r) were determined and shown in Table 5.21. The values of r for LMF and NN models 

were 0.50 and 0.71 respectively. The comparison of different models for validation study are 

shown in Figure 5.32. The NN model output were much closer to LOEC and showed better fit with 

measured data than LMF model.  

Table 5.21: Correlation coefficients for model validation of Hg in PP 

Output Model Type r (Corr. Coef.) 

Hg-PP LMF 0.50 

NN 0.71 
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Figure 5.32: Measured and modelled concentration of Hg-PP in validation 

5.5.2 Modeling Hg in HWT  

Nonlinear Model: 

The NL model selection for Hg in HWT samples are explained in Fig. 5.33 and Fig. 5.34. Among 

the different factors, Zn in WDS showed best performance with the four-parameter Weibull model 

(Fig. 5.33a). The model for predicting Hg-HWT with NL (WM-4P) is shown in Equation 5.40 and 

the model had the RMSE of 1.43. The experimental data and predicted values (R2 = 0.71) were 

found to be fairly consistent (Fig. 5.33b).  

  }]){[( 4321 WDSZnLnExpExpHWTHg                    (5.40) 

Where: 49.1;88.7;56;07.57 4321    
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Figure 5.33: For four-parameter Weibull model of Hg-HWT (a) model fitting (b) actual vs 

predicted plot 

In another nonlinear model, Cr-HWT showed similar performance with the four-parameter 

Biexponential model (Fig. 5.34a). The model for predicting Hg-HWT with NL (BEM-4P) was 

developed and presented in Equation 5.41, and the model had the RMSE of 1.63. The experimental 

data and predicted values (R2 = 0.62) were found to be fairly consistent (Fig. 5.34b).  

)()( 4321 HWTCrExpHWTCrExpHWTHg                    (5.41) 

Where: 09.7;29.21;63.3;028.0 4321    

 

  

 

(a) (b) 
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Figure 5.34: For four-parameter Biexponential model of Hg-HWT (a) model fitting (b) actual vs 

predicted plot 

5.5.2.1  Model Comparison for Hg in HWT   

The comparison of the models for predicting Hg in HWT are shown in Figure 5.35. None of the 

linear and NN models fit with any parameters. Among the two NL models, the WM-4P showed 

better performance (R2 = 0.71; RMSE = 1.43) than the BEM-4P (R2=0.62; RMSE=1.62) (Table 

5.22). Both of the models showed better fits with measured data for lower concentrations of Hg 

(<3.0 µg/L), while for NL (WM-4P) model, the measured data were much closer to the LOEC. 

The NL (WM-4P) is the model of choice for predicting Hg in HWT.    

Table 5.22: Comparison of different models for Hg in HWT  

Output Model Type Parameters R2 RMSE 

Hg-HWT 
NL (WM-4P) Zn-WDS 0.71 1.43 

NL (BEM-4P) Cr-HWT 0.62 1.63 

 

  

(a) (b) 
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Figure 5.35: Measured and modeled concentration of Hg in HWT 

(WM-4P: four-parameter Weibull model; BEM-4P: four-parameter Biexponential model)  

5.5.2.2   Model Validation for Hg in HWT 

The predictive models for Hg in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Hg-HWT from the NL (WM-4P) 

and NL (BEM-4P) models were 1.72 and 1.65 µg/L respectively and the ranges were 1.07-5.44 

and 0.51-5.59 µg/L respectively. The average of measured concentrations of Hg-HWT was 1.84 

µg/L with the range of 0.03-10.62 µg/L. From the plot of predicted vs. measured data, the values 

of correlation coefficients (r) were determined and shown in Table 5.23. The values of r for NL 

(WM-4P) and NL (BEP-4P) models were 0.92 and 0.86 respectively. The comparison of different 

models for validation study are shown in Figure 5.36. The NL (WM-4P) model was much closer 

to LOEC and showed better predictability for lower concentration of Hg-HWT (<2.0 µg/L).  
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Table 5.23: Correlation coefficients for model validation of Hg in HWT 

Output Model Type r (Corr. Coef.) 

Hg-HWT NL (WM-4P) 0.92 

NL (BEM-4P) 0.86 
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Figure 5.36: Measured and modelled concentration of Hg-HWT in validation 

None of the tested NL models was found to fit with any parameter for Hg in PP while none of the 

linear and NN models showed acceptable fit with any parameter for Hg in HWT. The NL models 

for predicting Hg-HWT showed poor performance. The NL models were developed using the 

single factors, which could have affected their performance. Hg in consumer tap had significant 

effect form Hg in WDS. The oxidized form of Mercuric chloride (HgCl2) might have come from the 

source water and remained soluble till reach the consumer’s tap [118]. The corrosion by-products of 

iron pipe contained Hg, Sr and Fe. The physical and chemical disturbances of pipe inner surface 
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might have caused Hg to release into PP. The prolonged stagnation period might have also affected 

the release of Hg. From the models, it could be hypothesized that Hg in HWT had negligible 

influence from Hg in WDS. The scale deposits on the heater wall along with other corroded metals 

might have caused the release of Hg in HWT. Dissolution of scale due to sudden excessive usage, 

physical disturbance or abrupt chemical changes of water property might also have caused the 

release of Hg in HWT.  

5.6 Models for Predicting Iron (Fe) 

5.6.1 Modeling Fe in PP 

Linear Model: 

Among the different linear models, the LMF and LMFI models were found to be best for predicting 

Fe in PP. Figure 5.37 summarizes the procedure of selecting parameters and adequacy check for 

developing the LMF model to predict Fe in PP samples. Table 5.24 summarizes the ANOVA with 

significant factors (p value < 0.01). The model for predicting Fe-PP was developed (Equation 5.42) 

using the main factors. The model had the R2 value of 0.95. The experimental data and predicted 

values were found to be consistent (Fig. 5.37d). The plot of residuals versus predicted (Fig. 5.37b) 

showed the randomness of residuals. The plot of residuals versus row number (Fig. 5.37c) 

confirmed that the residuals were uncorrelated. No evidence of lack of fit (P >= 0.1) was also 

observed. The screening effects of the main factors (Table 5.24) and half-normal plot (Fig. 5.37a) 

showed that occurrence of Fe-PP was positively influenced by the Cr in PP while V-WDS and Hg-

WDS had negative impact. 
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Table 5.24: Screening effects of the factors for modeling Fe-PP 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 15.9835 4.175165 3.83 0.0009 

Cr-PP 80.145531 5.97751 13.41 <.0001 

V-WDS -1.088482 0.174823 -6.23 <.0001 

Hg-WDS -2.342713 0.455957 -5.14 <.0001 

 

 

 

  

Figure 5.37: For Fe-PP model (a) half normal plot (b) residual vs predicted (c) residual vs 

row number and (d) actual vs predicted data  

(a) (b) 

(c) (d) 
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WDSHgWDSVPPCrPPFe  3210                         (5.42) 

Where: 34.2;09.1;15.80;98.15 3210    

Another linear model for predicting Fe-PP was developed (Equation 5.43) using the main factors 

and interaction (LMFI). The model had the R2 value of 0.97. The experimental data and predicted 

values were fairly consistent (Fig. 5.38d). The plot of residuals versus predicted (Fig. 5.38b) 

showed a scattered pattern. The plot of residuals versus row number (Fig. 5.38c) confirmed that 

the residuals were uncorrelated. No evidence of lack of fit (P >= 0.1) was observed. The screening 

effects of the main factors (Table 5.25) and half-normal plot (Fig. 5.38a) showed that Zn-WDS 

and Cr-PP had positive effects on the concentrations of Fe in PP, while V-WDS, Hg-WDS and 

interaction of Cr-PP with V-WDS had negative effects.   

Table 5.25: Screening effects of the factors for modeling Fe-PP 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 11.049986 3.532415 3.13 0.0053 

Cr-PP 84.483116 4.88444 17.30 <.0001 

V-WDS  -0.986293 0.140006  -7.04 <.0001 

Hg-WDS  -2.899459 0.43436  -6.68 <.0001 

Zn-WDS 0.2944139 0.087259 3.37 0.0030 

(Cr-PP-0.57)*(V-WDS-4.89)  -1.248632 0.541118  -2.31 0.0318 

 

)49.4)(57.0(543210  WDSVPPCrWDSZnWDSHgWDSVPPCrPPFe      (5.43) 

Where: 25.1;29.0;9.2;99.0;48.84;05.11 543210    
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Nonlinear Model: 

Figure 5.39 explains the nonlinear model selection process for Fe in PP samples (Fe-PP). Among 

the different factors, Cr in PP showed best performance with the three parameter Logistic model 

(Fig. 5.39a) for predicting Fe-PP concentration. The model for predicting Fe-PP was developed 

(Equation 5.44) and the model had the RMSE of 10.20. The experimental data and predicted values 

(R2=0.84) were consistent (Fig. 5.39b).  

 

 

 

 

Figure 5.38: For Fe-PP model (a) half normal plot (b) residual vs predicted (c) residual vs row 

number and (d) actual vs predicted data 

(a) 
(b) 

(c) (d) 
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Figure 5.39: For Logistic model (3 parameters) of Fe-PP (a) model fitting (b) actual vs predicted 

plot 

))(1( 32

1

PPCrExp
PPFe







                                     (5.44) 

Where: 4.6;29;5.98 321    

Neural Network Model: 

The NN model for predicting Fe-PP is shown in Equation 5.45. The model had the R2 value of 

0.97 and RMSE of 4.2. The experimental data and predicted values were found to be consistent 

(Fig. 5.40). The Equation of hidden nodes (Equation 5.46-5.48) showed that Fe-WDS, Hg-WDS, 

Cr-PP and V-WDS had influence on the occurrence of Fe in PP.   

H3)04.21(H2)(-17.01 H1)17.65(33.54 PPFe                    (5.45) 

 

  

(a) (b) 
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PP)}]-Cr (1.819) 560(-0.+ .00250(+WDS)-.021Hg0(- +1.1{tanh[0.5H1  WDSVWDSFe       (5.46) 

PP)}]-Cr (0.86) .090(+ .0420(+WDS)- Hg.2610( +77.4{tanh[0.5H2  WDSVWDSFe           (5.47) 

PP)}]-Cr (-6.22) 42(-0.+  (-0.015+WDS)- Hg.0590(- +.565{tanh[0.5H3  WDSVWDSFe      (5.48)           

  

  

Figure 5.40: Actual vs predicted plot of Fe-PP for (a) data training (b) validation of NN model 

5.6.1.1  Model Comparison for Fe in PP  

The comparison of the models for predicting Fe in PP are shown in Figure 5.41. The NN model 

and LMFI model had the same R2 value (0.97), while the LMF model had R2 value of 0.95 (Table 

5.26). The lower RMSE value of NN model (RMSE=4.20) compared to the LMFI model 

(RMSE=4.76) and LMF model (RMSE=6.06) also showed its better performances. The LMFI 

model used one additional factor (i.e., Zn-WDS) than LMF model. The use of interactive terms in 

LMFI model increased its efficiency over LMF model (Table 5.26). The NL model (LM-3P) 

showed relative weak performance than the NN, LMF and LMFI models, due to the single input 

factor (e.g., Cr-PP) while Fe in PP could be affected by several factors. All the models had better 

(a) (b) 
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fits with measured data for the whole range of concentrations of Fe while for NN model, the 

measured data were much closer to the LOEC. The NN model is the model of choice for predicting 

Fe in PP.    
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Figure 5.41: Measured and modeled concentration of Fe in PP 

(LM-3P: 3 parameters Logistic model; LMF: Main factors linear model; LMFI: Main factors, 

interaction and higher order terms model; NN: Neural network model)   

  

Table 5.26: Comparison of different models for Fe in PP 

Output Model Type Parameters R2 RMSE 

Fe-PP 

LMF Hg-WDS, V-WDS, Cr-PP 0.95 6.06 

LMFI Hg-WDS, Zn-WDS, V-WDS, Cr-PP 0.97 4.76 

NL (LM-3P) Cr-PP 0.84 10.20 

NN Hg-WDS, Fe-WDS, V-WDS, Cr-PP 0.97 4.20 
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5.6.1.2  Model Validation for Fe in PP  

The predictive models for Fe in PP were validated using an additional set of data, which were not 

used in model development. The average concentrations of Fe-PP from the LMF, LMFI, NL (LM-

3P) and NN models were 51.13, 82.35, 54.55 and 52.28 µg/L respectively and the ranges were 

13.15-89.21, 19.75-417.18, 9.49-91.34 and 15.28-93.51 µg/L respectively. The average of 

measured concentrations of Fe-PP was 51.23 µg/L with the range of 3.83-93.14 µg/L. From the 

plot of predicted vs. measured data, the values of correlation coefficients (r) were determined and 

shown in Table 5.27. The values of r for LMF, LMFI, NL (LM-3P) and NN models were 0.91, 

0.90, 0.93 and 0.94 respectively. The comparison of different models for validation study are 

shown in Figure 5.42. All the models were closer to LOEC and showed excellent predictability for 

the whole range of concentrations.    
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Figure 5.42: Measured and modelled concentration of Fe-PP in validation 

 



 

111 

 

Table 5.27: Correlation coefficients for model validation of Fe in PP 

Output Model Type r (Corr. Coef.) 

Fe-PP 

LMF 0.91 

LMFI 0.90 

NL (LM-3P) 0.93 

NN 0.94 

5.6.2 Modeling Fe in HWT    

Linear Model: 

 

Figure 5.43 summarizes the procedure of selecting parameters and adequacy check for modeling 

of Fe concentration in HWT. Table 5.28 summarizes the ANOVA with significant factors (p value 

< 0.01). Among the different linear models, the LMF model was found to be the best and was 

selected (Equation 5.49). The model had the R2 value of 0.85. The experimental data and predicted 

values were found to be consistent (Fig. 5.43d). The plot of residuals versus predicted values (Fig. 

5.43b) showed data randomness. No evidence of lack of fit (P >= 0.1) was also observed. The 

screening effects of the main factors (Table 5.28) and half-normal plot (Fig. 5.43a) showed that 

Cu-HWT, Pb-HWT and V-HWT had positive influence on the concentrations of Fe in HWT.  

Table 5.28: Screening effects of the factors for modeling Fe-HWT 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 26.029997 5.408615 4.81 0.0001 

Cu-HWT 8.5102554 3.140261 2.71 0.0135 

Pb-HWT 5.8927495 0.773836 7.61 <.0001 

V-HWT 2.2159506 0.479486 4.62 0.0002 
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HWTVHWTPbHWTCuHWTFe  3210                (5.49) 

Where: 21.2;89.5;51.8;03.26 3210    

 

Figure 5.43: For Fe-HWT model (a) half normal plot (b) residual vs predicted (c) residual vs row 

number and (d) actual vs predicted data 

Nonlinear Model: 

The process of nonlinear model selection for predicting Fe concentrations in HWT samples is 

explained in Figure 5.44. Among the different factors, Cu in HWT showed best performance with 

 

 

 

 

(b) (a) 

(d) (c) 
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the Quintic model (Fig. 5.44a). The model is shown in Equation 5.50 and the model had the RMSE 

of 18.04. The experimental data and predicted values (R2=0.47) were found to be moderately 

consistent (Fig. 5.44b).  

Figure 5.44: For Quintic model of Fe-HWT (a) model fitting (b) actual vs predicted plot 

5
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4

5

3

4

2

321 )()()()( HWTCuHWTCuHWTCuHWTCuHWTCuHWTFe         (5.50) 

Where: 49.10;97.98;9.322;83.413;4.173;5.48 654321    

Neural Network Model: 

The NN model for predicting Fe-HWT is shown in Equation 5.51. The model had the R2 value of 

0.95 and RMSE of 5.56. The experimental data and predicted values were found to be consistent 

(Fig. 5.45). The Equations 5.52-5.54 showed that Cu-HWT, Pb-HWT and V-HWT had influence 

on the occurrence of Fe in HWT.  

 

 

(a) (b) 
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 H3)18.334(H2)(240.28H1)(-217.51.248 HWTFe                   (5.51) 

HWT)}]-V (0.83+ HWT)- Pb(0.97+HWT)-Cu (0.93 +11.61{tanh[0.5H1            (5.52) 

  HWT)}]-V (0.47+ HWT)- Pb(0.59+HWT)-Cu (1.04 +15.7{tanh[0.5H2              (5.53) 

HWT)}]-V (-0.23+ HWT)- Pb(-0.09+HWT)-Cu (0.67 +76.2{tanh[0.5H3           (5.54) 

 
  

Figure 5.45: Actual vs predicted plot of Fe-HWT for (a) data training (b) validation of NN model 

5.6.2.1    Model Comparison for Fe in HWT 

The comparison of the models for predicting Fe in HWT are shown in Figure 5.46. The NN, LMF 

and NL (QUM) model had R2 values of 0.95, 0.85 and 0.47 respectively (Table 5.29). The lower 

RMSE value of NN model (RMSE=5.56) than LMF and NL model indicated the better 

performance of NN model. However, the NN and LMF models had the same input factors (Table 

5.29). The NL (QUM) showed poor performance than the NN and LMF models, due to the single 

input factor (e.g., Cu-HWT) while Fe in HWT could be affected by several factors. All the models 

(a) (b) 
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had better fits with measured data for mid-level concentrations of Fe (60-100 µg/L), while for NN 

model, the measured data were much closer to the LOEC. The NN model is the model of choice 

for predicting Fe in HWT.   

Table 5.29: Comparison of different models for Fe in HWT 

Output Model Type Parameters R2 RMSE 

Fe-HWT 

LMF Cu-HWT, Pb-HWT, V-HWT 0.85 9.11 

NL (QUM) Cu-HWT 0.47 18.04 

NN Cu-HWT, Pb-HWT, V-HWT 0.95 5.56 
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Figure 5.46: Measured and modeled concentration of Fe in HWT 

 (QUM: Quintic model; LMF: Main factors linear model; NN: Neural network model) 
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5.6.2.2   Model Validation for Fe in HWT 

The predictive models for Fe in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Fe-HWT from the LMF, NL 

(QUM) and NN models were 79.97, 76.88 and 85.78 µg/L respectively, and the ranges were 60.05-

104.33, 57.10-100.76 and 14.48-117.75 µg/L respectively. The average of measured 

concentrations of Fe-HWT was 75.40 µg/L with the range of 11.40-113.3 µg/L. From the plot of 

predicted vs. measured data, the values of correlation coefficients (r) were determined and shown 

in Table 5.30. The values of r for LMF, NL (QUM) and NN models were 0.83, 0.61 and 0.98 

respectively. The comparison of different models for validation study are shown in Figure 5.47. 

All the models were fairly good while for NN model, the measured data were much closer to the 

LOEC. 
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Figure 5.47: Measured and modelled concentration of Fe-HWT in validation 

 



 

117 

 

 

 

Table 5.30: Correlation coefficients for model validation of Fe in HWT 

Output Model Type  r (Corr. Coef.) 

Fe-HWT LMF 0.83 

NL (QUM) 0.61 

NN 0.98 

  

For the Fe-PP and Fe-HWT models, NN models were the best while the NL models showed poor 

performance, due possibly to the same reasons as discussed in the earlier models. The inclusion of 

interaction effects in the LMFI model showed better performance than the LMF model. Most of 

the models for Fe in PP and HWT showed moderate to excellent predictive capacities. Fe in 

consumer tap (PP) had significant effect form Fe in WDS. The relatively acidic water was likely 

to increase the release of Fe through corrosive action, increased reaction with the pipe coatings 

and plumbing materials. In addition, mechanical disturbances (e.g., repeated activation of the 

faucet, water hammer) could have also released Fe in PP [72]. Flushing of consumer tap after long 

stagnation might have caused the release of Fe along with other metals. Fe in HWT was not 

strongly correlated to Fe in WDS. The scale deposits (Ca and Mg ions) on the heater wall along 

with other corroded metals (i.e., Fe, Cu, Pb, V) might have served as the potential sources of Fe in 

HWT. Following the usage of hot water, the scales were sloughed off and released into hot water 

[103]. 
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5.7 Models for Predicting Arsenic (As) 

5.7.1 Modeling As in PP  

Linear Model: 

Among the different linear models, the LMF model was found to be the best and was selected for 

predicting As-PP (Equation 5.55). The model had the R2 value of 0.97. The experimental data and 

predicted values were found to be consistent (Fig. 5.48d). The plot of residuals versus predicted 

(Fig. 5.48b) showed that the residuals were scattered. The plot of residuals versus row number 

(Fig. 5.48c) confirmed that the residuals were uncorrelated. No evidence of lack of fit (P >= 0.1) 

was also observed.  

Table 5.31: Screening effects of the factors for modeling As-PP 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 0.08845 0.044566 1.98 0.0636 

Na-PP 5.71x10-6 5.296x10-6 10.78 <.0001* 

Zn-WDS 0.02227 0.004633 4.81 0.0002* 

Mn-WDS -0.1225 0.029882 -4.10 0.0007* 

 

WDSMnWDSZnPPNaPPAs  3210                  (5.55) 

Where: 122.0;022.0;105.71;088.0 32

6

10     

The screening effects of the main factors (Table 5.31) and half-normal plot (Fig. 5.48a) showed 

that the Zn-WDS and Na-PP had positive influence on the concentrations of As in PP while Mn-

WDS had negative effects.  
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Nonlinear Model: 

Figure 5.49 explains the nonlinear model selection process for As in PP samples (As-PP). Among 

the different factors, Zn in WDS showed the best performance with the four parameter Logistic 

model for predicting As-PP (Fig. 5.49a). The model was developed (Equation 5.56) and the model 

had the RMSE value of 0.93. The experimental data and predicted values (R2=0.56) were 

moderately consistent (Fig. 5.49b).  

 

 

 

 

Figure 5.48:  For As-PP model (a) half normal plot (b) residual vs predicted (c) residual vs 

row number and (d) actual vs predicted data 

(a) (b) 

(c) (d) 
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PPAs                                 (5.56)  

Where: 5.47;066.0;16.0;22.7 4321    

 

Figure 5.49: For Logistic model (4 parameters) of As-PP (a) model fitting (b) actual vs predicted 

plot 

Neural Network Model: 

The neural network model for predicting As concentrations in PP (As-PP) is shown in Equation 

5.57. The model had the R2 value of 0.97 and RMSE of 0.12. The experimental data and predicted 

values for training and validation dataset were consistent (Fig. 5.50). The Equation of hidden nodes 

(Equation 5.58-5.60) showed that Zn-WDS, Mn-WDS and Na-PP had influence on the 

concentrations of As in PP. 

H3)42.5(H2)(1.24H1).563(99.1 PPAs                        (5.57) 

  

(a) (b) 
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WDS)}]- Mn.6020( + WDS)-Zn(0.188+PP)-Na (0.0000029 +67.9{tanh[0.5H1           (5.58) 

WDS)}]- Mn(-0.655+ WDS)-Zn (0.1005+PP)-Na (0.000006 +12.1{tanh[0.5H2         (5.59) 

WDS)}]-Mn(0.071+ WDS)-Zn(-0.012+PP)-Na (0.000002 +{0.899tanh[0.5H3            (5.60) 

 

  

Figure 5.50: Actual vs predicted plot of As-PP for (a) data training (b) validation of NN model 

5.7.1.1  Model Comparison for As in PP  

The comparison of the models for predicting As in PP are shown in Figure 5.51. The NN model 

showed better performance (R2 = 0.99; RMSE = 0.12) than the LMF model (R2 = 0.89; RMSE = 

0.13). However, these two models had the same input factors (Table 5.32). The NL model (LM-

4P) showed poor performance than the NN and LMF models, due to the single input factor (e.g., 

Zn-WDS) while As in PP could be affected by several factors. All models showed better fit at 

lower concentrations (< 2.0 µg/L) (Figure 5.51), while for NN model, the measured data were 

much closer to the LOEC. The NN model is the model of choice for predicting As in PP.   

(a) (b) 
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Table 5.32: Comparison of different models for As in PP 

Output Model Type Parameters R2 RMSE 

As-PP 

LMF Na-PP, Zn-WDS, Mn-WDS 0.89 0.13  

NL (LM-4P) Zn-WDS 0.56 0.93 

NN Na-PP, Zn-WDS, Mn-WDS 0.99 0.12 
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Figure 5.51: Measured and modeled concentration of As in PP 

(LM-4P: 4 parameters Logistic model; LMF: Main factors linear model; NN: Neural network 

model)   

5.7.1.2  Model Validation for As in PP  

The predictive models for As in PP were validated using an additional set of data, which were not 

used in model development. The average concentrations of As-PP from the LMF, NL (LM-4P) 

and NN models were 0.74, 0.74 and 0.85 µg/L respectively, and the ranges were 0.12-4.22, 0.46-

2.49 and 0.11-4.28 µg/L respectively. The average of measured concentrations of As-PP was 0.92 
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µg/L with the range of 0.06-3.88 µg/L. From the plot of predicted vs. measured data, the values of 

correlation coefficients (r) were determined and shown in Table 5.33. The values of r for LMF, 

NL (LM-4P) and NN models were 0.89, 0.53 and 0.94 respectively. The comparison of different 

models for validation study are shown in Figure 5.52. All the models were closer to LOEC for 

lower concentration of As-PP (<1.5 µg/L) while for NN model, the measured data were much 

closer to the LOEC. 
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Figure 5.52: Measured and modelled concentration of As-PP in validation 

 

Table 5.33: Correlation coefficients for model validation of As in PP 

Output Model Type r (Corr. Coef.) 

As-PP LMF 0.89 

NL (LM-4P) 0.53 

NN 0.94 
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5.7.2 Modeling As in HWT  

Linear Model: 

The procedure of selecting parameters and adequacy check for modeling of As in HWT is 

illustrated in Fig. 5.53. Table 5.34 summarizes the ANOVA with significant factors (p value < 

0.01). Among the different linear models, the LMF model was found to be the best and was 

selected (Equation 5.61). The model had the R2 value of 0.98. The experimental data and predicted 

values were consistent (Fig. 5.53d). The plot of residuals versus predicted (Fig. 5.53b) showed 

data randomness. The plot of residuals versus row number (Fig. 5.53c) confirmed that the residuals 

were uncorrelated. No evidence of lack of fit (P >= 0.1) was also observed. The screening effects 

of the main factors (Table 5.34) and half-normal plot (Fig. 5.53a) showed that Na-HWT, Ba-HWT 

and Cr-HWT positively influenced the concentrations of As in HWT samples.  

Table 5.34: Screening effects of the factors for modeling As-HWT 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept  -0.304585 0.156303  -1.95 0.0642 

Na-HWT 5.3426×10-6 1.786×10-7 29.92 <.0001 

Ba-HWT 0.0001139 1.074×10-5 10.61 <.0001 

Cr-HWT 0.4420359 0.18535 2.38 0.0261 

 

HWTCrHWTBaHWTNaHWTAs  3210                     (5.61) 

Where: 44.0;00011.0;1034.5;30.0 32

6

10     
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Nonlinear Model: 

Among the different nonlinear models, the LM-3P and QRM were found to be best for predicting 

As in HWT. The NL model (LM-3P) selection for As in HWT is explained in Fig. 5.54. Among 

the different factors, Na in HWT showed best performance with the LM-3P (Fig. 5.54a). The 

model for predicting As-HWT is presented in Equation 5.62. The model had the RMSE of 0.63. 

The experimental data and predicted values (R2=0.87) were found to be consistent (Fig. 5.54b).  

 

 

 

 

Figure 5.53: For As-HWT model (a) half normal plot (b) residual vs predicted (c) residual 

vs row number and (d) actual vs predicted data    

(b) (a) 

(d) (c) 
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Figure 5.54: For three parameter Logistic model of As-HWT (a) model fitting (b) actual vs 

predicted plot 

 
))(1( 32

1

HWTNaExp
HWTAs







                                 (5.62) 

Where: 000006.0;5.12;9.4 321    

For As in HWT, another nonlinear model was trained and selected (Fig. 5.55). Lead (Pb) in HWT 

showed best performance with the Quartic model (Fig. 5.55a). The model for predicting As-HWT 

is shown in Equation 5.63 and the model had the RMSE value of 1.21. The experimental data and 

predicted values (R2=0.53) were found to be weakly correlated (Fig. 5.55b).  

4

5

3

4

2

321 )()()( HWTPbHWTPbHWTPbHWTPbHWTAs        (5.63)  

Where: 0022.0;076.0;79.0;36.2;12.2 54321    

 

 

(a) (b) 
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Figure 5.55: For Quartic model of As-HWT (a) model fitting (b) actual vs predicted plot 

Neural Network Model: 

The NN model for predicting As-HWT is shown in Equation 5.64. The model had the R2 value of 

0.99 and RMSE of 0.05. The experimental data and predicted values were found to be consistent 

(Fig. 5.56). The Equations 5.65-5.67 showed that Na-HWT, Ba-HWT and Cr-HWT had influence 

on the occurrence of As in HWT.  

H3)747.0(H2)(-0.685H1)(-2.78325.2 HWTAs                   (5.64) 

HWT)}]-(0.62Cr+ HWT)-a(-0.00008B+HWT)-Na(-0.000008 +.61{tanh[0.5H1       (5.65) 

HWT)}]-Cr (-9.39 + HWT)-(-0.001Ba+HWT)-a(-0.00003N +3.83{tanh[0.5H2         (5.66) 

HWT)}]-Cr (-6.71+ HWT)-a(-0.00005B+HWT)-(0.00002Na +{-0.08tanh[0.5H3     (5.67) 

  

(a) (b) 



 

128 

 

  

Figure 5.56: Actual vs predicted plot of As-HWT for (a) data training (b) validation of NN 

model 

5.7.2.1  Model Comparison for As in HWT  

The comparison of the models for predicting As in HWT are shown in Figure 5.57. The NN model 

had the maximum R2 value of 0.99, while the LMF model had R2 value of 0.98 (Table 5.35). 

However, the NN and LMF models had the same input factors (Table 5.35). The NL model showed 

poor performance than the NN and LMF models, due to the single input factor (e.g., Pb-HWT and 

Na-HWT separately) while As in HWT could be affected by several factors. Between the two NL 

models, better statistical performance was obtained for LM-3P (R2=0.87) than Quartic model 

(R2=0.53). The lowest RMSE value of NN model (RMSE=0.05) than the other models also showed 

better performance of NN model (Table 5.35). Most of the models had better fits for lower and 

mid-level concentrations of As (<5.0 µg/L), while for NN model, the measured data were much 

closer to the LOEC. The NN model is the model of choice for predicting As in HWT. 

(a) (b) 
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Figure 5.57: Measured and modeled concentration of As in HWT 

(LM-3P: 3 parameters Logistic model; QRM: Quartic model; LMF: Main factors linear model; 

NN: Neural network model) 

Table 5.35: Comparison of different models for As in HWT 

Output Model Type Parameters R2 RMSE 

As-HWT 

LMF Na-HWT, Ba-HWT, Cr-HWT 0.98 0.256 

NL (LM-3P) Na-HWT 0.87 0.63 

NL (QRM)  Pb-HWT 0.53 1.21 

NN Na-HWT, Ba-HWT, Cr-HWT 0.99 0.05 

5.7.2.2   Model Validation for As in HWT   

The predictive models for As in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of As-HWT from the LMF, NL (LM-

3P), NL (QRM) and NN models were 2.37, 2.14, 2.15 and 3.03 µg/L respectively, and the ranges 
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were 0.27-4.86, 0.37-4.63, 0.33-4.24 and 0.20-6.27 µg/L respectively. The average of measured 

concentrations of As-HWT was 2.39 µg/L with the range of 0.16-4.73 µg/L. 
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Figure 5.58: Measured and modelled concentration of As-HWT in validation  

Table 5.36: Correlation coefficients for model validation of As in HWT 

Output Model Type r (Corr. Coef.) 

As-HWT LMF 0.99 

NL (LM-3P) 0.91 

NL (QRM) 0.81 

NN 0.99 

 

From the plot of predicted vs. measured data, the values of correlation coefficients (r) were 

determined and shown in Table 5.36. The values of r for LMF, NL (LM-3P), NL (QRM) and NN 

models were 0.99, 0.91, 0.81 and 0.99 respectively. The comparison of different models for 
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validation study are shown in Figure 5.58. All the models were closer to LOEC for the whole range 

of concentrations of As-HWT while for NN and LMF models, the measured data were much closer 

to the LOEC. 

For As-PP and As-HWT models, the NN models were the best while the NL models showed poor 

performance. Most of the models for As in PP and HWT showed moderate to excellent predictive 

capacities. As in PP had negligible contribution form As in WDS. Arsenic in plumbing system 

was accumulated along with the calcite in the iron pipe and released into consumer tap [119]. The 

relatively acidic water was likely to increase the release of As through corrosive action, enhanced 

reaction with pipe coatings and plumbing materials. The stagnation period might have significant 

effects on As release from pipe network. The hard scale deposits (Ca and Mg ions) on the heater 

wall and the other corroded metals (i.e., Mn, Cu, Fe, As, Pb, Sr, Hg) might have served as the 

potential sources of As in HWT. Following the usage of hot water, the scales were sloughed off 

and released into hot water [103]. As in HWT had negligible contribution form As in WDS.  

5.8 Models for Predicting Manganese (Mn) 

5.8.1 Modeling Mn in HWT  

Linear Model: 

Figure 5.59 summarizes the procedure of selecting parameters and adequacy check for developing 

the model for predicting Mn concentrations in HWT. Table 5.37 summarizes the ANOVA with 

significant factors (p value < 0.01). Among the different linear models, the LMF model was found 

to be the best and was selected (Equation 5.68). The model had the R2 value of 0.83. The 

experimental data and predicted values were found to be consistent (Fig. 5.59d). The plot of 
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residuals versus predicted (Fig. 5.59b) showed data randomness. The plot of residuals versus row 

number (Fig. 5.59c) confirmed that the residuals were uncorrelated. No evidence of lack of fit (P 

>= 0.1) was also observed. The screening effects of the main factors (Table 5.37) and half-normal 

plot (Fig. 5.59a) showed that Fe-HWT and V-HWT positively influenced the concentrations of 

Mn in HWT samples while Cr-HWT had negative influence. 

Table 5.37: Screening effects of the factors for modeling Mn-HWT  

Term Estimate Std Error t Ratio Prob>|t| 

Intercept 0.9386493 0.345835 2.71 0.0134 

V-HWT 0.1333557 0.014088 9.47 <.0001 

Cr-HWT  -2.34296 0.352337  -6.65 <.0001 

Fe-WDS 0.0113169 0.00471 2.40 0.0261 

HWTFeHWTCrHWTVHWTMn  3210               (5.68) 

Where: 011.0;34.2;133.0;94.0 3210    
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Figure 5.59: For Mn-HWT model (a) half normal plot (b) residual vs predicted (c) residual vs 

row number and (d) actual vs predicted data 

Neural Network Model: 

The NN model for predicting Mn-HWT is shown in Equation 5.69. The model had the R2 value of 

0.99 and RMSE of 0.14. The experimental data and predicted values were found to be consistent 

(Fig. 5.60). The Equations 5.70-5.72 showed that Fe-HWT, V-HWT, Cr-HWT and Mn-WDS had 

influence on the occurrence of Mn in HWT.  

  

 

 

(b) (a) 

(d) (c) 
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Figure 5.60: Actual vs predicted plot of Mn-HWT for (a) data training (b) validation of NN 

model 

 H3)18.9(H2)(-7.27 H1)(-4.3876.1  HWTMn                   (5.69) 

WDS)}]- Mn(-0.06HWT)- Fe(-0.04 + HWT)-V (0.03+HWT)-Cr 2.8 ( +8.1{tanh[0.5H1      (5.70) 

WDS)}]- Mn(3.45HWT)- Fe(0.07+ HWT)-V (0.19+HWT)-Cr (3.62 +18.9{tanh[0.5H2    (5.71) 

WDS)}]- Mn(2.98HWT)- Fe(0.004+ HWT)-V (0.15+HWT)-Cr (5.32 +47.5{tanh[0.5H3     (5.72)            

5.8.1.1  Model Comparison for Mn in HWT  

The comparison of the models for predicting Mn in HWT are shown in Figure 5.61. The NN model 

had the maximum R2 value of 0.99 while the LMF model had R2 value of 0.83 (Table 5.38). The 

NN model used one additional factor (i.e., Mn-WDS) than LMF model (Table 5.38). None of the 

NL models fit with any parameters. All models showed better fit with measured data for the whole 

range of concentrations of Mn while for NN model, the measured data were much closer to the 

LOEC (Fig. 5.61).  

(a) (b) 
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 Figure 5.61: Measured and modeled concentration of Mn in HWT 

(LMF: Main factors linear model; NN: Neural network model) 

Table 5.38: Comparison of different models for Mn in HWT 

Output Model Type Parameters R2 RMSE 

Mn-HWT 
LMF V-HWT, Cr-HWT, Fe-HWT 0.83 0.48 

NN V-HWT, Cr-HWT, Fe-HWT, Mn-WDS 0.99 0.14 

 

5.8.1.2   Model Validation for Mn in HWT 

The predictive models for Mn in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Mn-HWT from the LMF and NN 

models were 1.25 and 0.88 µg/L respectively, and the ranges were 0.21-3.35 and 0.10-3.93 µg/L 

respectively. The average of measured concentrations of Mn-HWT was 0.85 µg/L with the range 

of 0.006-3.92 µg/L. From the plot of predicted vs. measured data, the values of correlation 
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coefficients (r) were determined and shown in Table 5.39. The values of r for LMF and NN models 

were 0.84 and 0.98 respectively. The comparison of different models for validation study are 

shown in Figure 5.62. Both the models were closer to LOEC for lower concentration of Mn-HWT 

(<3 µg/L), while for NN model, the measured data were much closer to the LOEC. 
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Figure 5.62: Measured and modelled concentration of Mn-HWT in validation 

Table 5.39: Correlation coefficients for model validation of Mn in HWT 

Output Model Type r (Corr. Coef.) 

Mn-HWT LMF 0.84 

NN 0.98 
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For Mn in HWT, the NN models showed the best performance, while none of the NL models 

showed good fit with any parameters. The models for Mn in HWT showed moderate to excellent 

predictive capacities. Mn in HWT was affected by its concentration in WDS. The hard scale of the 

heater wall were deposited along with other corroded metals (i.e., Fe, V, Mn), which might have 

served as the potential sources of Mn in HWT. Following the usage of hot water, the scales were 

sloughed off and released into hot water [103]. It is likely that Mn co-existed with Fe and rarely 

found alone in a water source [120].  

5.9 Models for Predicting Zinc (Zn) 

5.9.1 Modeling Zn in PP 

Neural Network Model: 

The NN model for predicting Zn-PP is shown in Equation 5.73. The model had the R2 value of 

0.92 and RMSE of 5.24. The experimental data and predicted values were found to be consistent 

(Fig. 5.63). The Equation of hidden nodes (Equation 5.74-5.76) showed that total chlorine in WDS, 

temperature in PP and Cu-PP had influence on the concentrations of Zn in PP.  

H3)27.453(H2)(-759.64 H1)20.439(67.136 PPZn            (5.73) 

)}]u (-0.99 + (0.04+WDS)-TCl (55.94 +29.6{tanh[0.5H1 PPCPPT             (5.74) 

))}]u (-5.82+ (-0.49+WDS)-TCl (14.47 +26.11{tanh[0.5H2 PPCPPT          (5.75) 

)}]u (7.33+ (0.76+WDS)-TCl (-5.78 +20.19{tanh[0.5H3 PPCPPT            (5.76)      
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Figure 5.63: Actual vs predicted plot of Zn-PP for (a) data training (b) validation of NN model  

5.9.1.1  Model Validation for Zn in PP  

The predictive model for Zn in PP was validated using an additional set of data, which were not 

used in model development. The average concentrations of Zn-PP from the NN model was 16.27 

µg/L and the range was 0.19-70.82 µg/L. The average measured concentration of Zn-PP was 19.97 

µg/L with the range of 0.72-73.59 µg/L. From the plot of predicted vs. measured data, the value 

of correlation coefficient (r=0.96) was determined (Fig. 5.64). The measured data were much 

closer to the LOEC. 

(a) (b) 
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Figure 5.64: Measured and modelled concentration of Zn-PP in validation 

For Zn in PP, the NN model showed excellent predictive capacities, while none of the liner or NL 

models showed good fits. Zn in PP had negligible effect form Zn in WDS. The relatively acidic 

water was likely to increase the release of Zn through corrosive action, increased reaction with 

pipe coatings and plumbing materials. The stagnation period might have affected the release of Zn 

from pipe network. Changes of the concentrations of disinfectant or water temperature could cause 

the release of Zn from corrosion scale deposits. Application of zinc orthophosphate inhibitor for 

corrosion control might have also served as a potential source of Zn in consumer tap [121].  
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5.10 Models for Predicting Magnesium (Mg) 

5.10.1 Modeling Mg in HWT  

Linear Model: 

Figure 5.65 summarizes the procedure of selecting parameters and adequacy check to develop 

models for Mg concentrations in HWT samples. Table 5.40 summarizes the ANOVA with 

significant factors (p value < 0.01). Among the different linear models, the LMF model was found 

to be the best and was selected (Equation 5.77). The model had the R2 value of 0.99. The 

experimental data and predicted values were found to be consistent (Fig. 5.65d). The plot of 

residuals versus predicted (Fig. 5.65b) showed the randomness of residuals. The plot of residuals 

versus row number (Fig. 5.65c) indicated that the residuals were uncorrelated. No evidence of lack 

of fit (P > = 0.1) was observed. The screening effects of the main factors (Table 5.40) and half-

normal plot (Fig. 5.65a) showed that Sr-HWT, Ca-HWT, Hg-HWT and Ba-HWT positively 

influenced the occurrence of Mg in HWT samples.  

Table 5.40: Screening effects of the factors for modeling Mg-HWT 

Term Estimate Std Error t Ratio Prob>|t| 

Intercept  -578.8981 170.8677  -3.39 0.0031 

Sr-HWT 11.914251 1.000989 11.90 <.0001 

Ca-HWT 0.1625284 0.036439 4.46 0.0003 

Hg-HWT 496.12657 88.56081 5.60 <.0001 

Ba-HWT 0.1394185 0.050987 2.73 0.0132 
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HWTBaHWTHgHWTCaHWTSrHWTMg  43210            (5.77) 

Where: 139.0;13.496;163.0;91.11;9.578 43210    

 

Figure 5.65:  For Mg-HWT model (a) half normal plot (b) residual vs predicted (c) residual vs 

row number and (d) actual vs predicted data 

Nonlinear Model: 

Among the different NL models, the LM-4P and QRM were found to be best for predicting Mg in 

HWT. The NL (QRM) selection for Mg in HWT samples is explained in Fig. 5.66. Among the 

 

 

 

 

(a) (b) 

(c) (d) 
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different factors, Sr in HWT showed the best performance with the Quartic model (Fig. 5.66a) for 

predicting Mg in HWT. The model for predicting Mg-HWT is shown in Equation 5.78 and the 

model had the RMSE value of 1778.4. The experimental data and predicted values (R2=0.99) were 

consistent (Fig. 5.66b).  

Figure 5.66: For Quartic model of Mg-HWT (a) model fitting (b) actual vs predicted plot 

4

5

3

4

2

321 )()()( HWTSrHWTSrHWTSrHWTSrHWTMg        (5.78) 

             Where: 9

54321 1065.1;000013.0;026.0;78.33;36.822    

Another nonlinear model for Mg-HWT showed similar performance where Ca-HWT was used in 

the four parameter Logistic model (Fig. 5.67a). This model is shown in Equation 5.79 and the 

model had the RMSE value of 1964.77. The experimental data and predicted values were found to 

be consistent (Fig. 5.67b) with the R2 of 0.99. 
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Figure 5.67: For four parameter Logistic model of Mg-HWT (a) model fitting (b) actual vs 

predicted plot 

Neural network Model: 

The NN model for predicting Mg-HWT is shown in Equation 5.80. The model had the R2 value of 

0.99 and RMSE of 191.9. The experimental data and predicted values were found to be consistent 

(Fig. 5.68). The Equations 5.81-5.83 showed that Sr-HWT, Ca-HWT, Hg-WDS and Ba-HWT had 

influence on the occurrence of Hg in HWT.   

  

(a) (b) 
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H3)49234(H2)(-12680H1)(568088.51040 HWTMg                  (5.80) 

HWT)}]- Hg(-0.15HWT)- Ba(0.000006+ HWT)-Sr (0.0002+HWT)-Ca (0.00001 +38.0{tanh[0.5H1           (5.81) 

HWT)}]- Hg(0.07HWT)- Ba(-0.00006+ HWT)-Sr (0.0005+HWT)-Ca (-0.00002 +91.1{tanh[0.5H2          (5.82) 

HWT)}]- Hg(0.23HWT)- Ba(-0.00003+ HWT)-Sr (0.0005+HWT)-Ca (-0.00001 +47.1{tanh[0.5H3             (5.83) 

 

 

  

 

Figure 5.68: Actual vs predicted plot of Mg-HWT for (a) data training (b) validation of NN 

model 

5.10.2  Model Comparison for Mg in HWT  

The comparison of the models for predicting Mg in HWT are shown in Figure 5.69. All the four 

models had the similar R2 value of 0.99. Between the two NL models, QRM (RMSE=1778.4) 

showed better performance than LM-4P (RMSE=1964.7).  The lowest RMSE value of NN model 

(RMSE=191.92) than others indicate that the NN model is statistically better than other models 

(a) (b) 
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(Table 5.41). The nonlinear models were developed using single factor, while the formation of Mg 

in HWT can be affected by several parameters. Most of the models had better fit for lower half 

part of the dataset (<45000 µg/L) while for NN model, the measured data were much closer to the 

LOEC. The NN model is the model of choice for predicting Mg in HWT.  
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Figure 5.69: Measured and modeled concentration of Mg in the hot water tank samples 

(NLM-4P: 4 parameters Logistic model; QRM: Quartic model; LMF: Main factors linear model; 

NN: Neural network model) 

Table 5.41: Comparison of different models for Mg in HWT 

Output Model Type Parameters  R2 RMSE 

Mg-HWT 

LMF Ca-HWT, Sr-HWT, Ba-HWT, Hg-HWT 0.99 401.89 

NL (LM-4P) Ca-HWT 0.99 1964.7 

NL (QRM)  Sr-HWT 0.99 1778.4 

NN Ca-HWT, Sr-HWT, Ba-HWT, Hg-HWT 0.99 191.92 
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5.10.3 Model Validation for Mg in HWT 

The predictive models for Mg in HWT were validated using an additional set of data, which were 

not used in model development. The average concentrations of Mg-HWT from the LMF, NL (LM-

4P), NL (QRM) and NN models were 18773, 18581, 19814 and 18993 µg/L respectively, and the 

ranges were 304-72351, 3497-65554, 5928-70281 and 4008-63953 µg/L respectively. The average 

of measured concentrations of Mg-HWT was 18042 µg/L with the range of 148-64280 µg/L. From 

the plot of predicted vs. measured data, the values of correlation coefficients (r) were determined 

and shown in Table 5.42. All the four models had the same r (0.99). The comparison of different 

models for validation study are shown in Figure 5.70. All the models were closer to LOEC for 

lower concentration of Mg-HWT (<40000 µg/L), while for NN model, the measured data were 

much closer to the LOEC. 
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Figure 5.70: Measured and modelled concentration of Mg-HWT in validation 
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Table 5.42: Correlation coefficients for model validation of Mg in HWT 

Output Model Type r (Corr. Coef.) 

Mg-HWT NL (LM-4P) 0.99 

NL (QRM) 0.99 

LMF 0.99 

NN 0.99 

 

All the models for Mg in HWT showed excellent predictive capacities. The hard scale deposits 

(Ca and Mg ions) on the heater wall along with other corroded metals (i.e., Sr, Hg) might have 

caused the release of Mg in HWT. The sacrificial anodes (A rod screwed into the top of HWT and 

made of Mg or Al that is formed around a steel core wire) used for rust protection of HWT could  

also be a potential source of Mg [122].    
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6 CHAPTER 6 

CONCLUSIONS 

In this study, occurrences and variability of different heavy metals in WDS, PP and HWT samples 

were investigated for a period of 7 month (Nov 2015 – May 2016). The samples were collected 

and analyzed following the standard procedures. Concentrations of metals were variable, and 

several metals showed wide ranges of coefficient of variation. Concentrations of most of the metals 

were found to be higher in HWT than those in the WDS and PP. The blended water (mixture of 

desalinated and treated groundwater) is supplied through the WDS in Saudi Arabia. This water is 

relatively corrosive, which can react with the pipe materials and pipe coatings during transport 

through the WDS, resulting in the release of heavy metals into drinking water. The diurnal and 

seasonal variability of temperature also affected the reactivity of desalinated/blended water with 

the pipe materials and inner coatings. Between WDS and tap in the house, water spends a 

significant amount of time in the PP and HWT depending on the size of the plumbing premise. 

This allows an additional reaction time and the water quality is often degrades between the WDS 

and the tap. During the off-peak hours (e.g., midnight to early morning), stagnation period of water 

in the PP and HWT can be much higher, which can increase the concentrations of several heavy 

metals in water.  

This study developed three major types of models for predicting the changes of heavy metal 

concentrations from the WDS to the PP and HWT. The linear and neural network models were 

found to be very good to excellent while the nonlinear models showed relatively weak 
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performance. In model validation study with additional set of data, all these models showed 

moderate to excellent predictability.  

The predictive models for Pb, Fe, Cu and Hg in PP were found to be partially affected by their 

concentrations in WDS. In case of HWT models, formation of Pb and Cr were partially due to the 

concentrations in the WDS samples. Among the WQP, temperature, TCl and UV254 were the 

important parameters in model formation. In addition, co-occurrence with other metals were a 

significant criterion for few models. Incorporation of interaction effects of several factors has 

improved the efficiency of few models. Better understanding of interaction effects of the factors 

is essential for developing the best models. The models may provide the baseline information to 

identify the policies for improving the quality of drinking water in consumer’s tap and establishing 

regulatory guidelines for heavy metals.  

The findings of this study will provide supportive information in taking necessary steps for 

controlling metal release and to protect human health. However, this study has few limitations in 

context of study period and sample analysis. The availability of standard chemicals, maintenance 

of equipment’s due to sudden failure and lack of the expert technical staffs had some implications 

on the analytical schedule. Furthermore, the study period was limited to 7 months. Extension of 

the sampling process over additional period may enhance the understanding of the occurrences 

and variability of metals in WDS, PP and HWT. 
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7. CHAPTER 7 

RECOMMENDATIONS 

The study recommends the following research to better understand the occurrences and variability 

of heavy metals in tap water, and to develop models for predicting heavy metals in plumbing pipe 

and hot water tanks.   

The sampling program of this study was limited to a single source. The sampling program in 

multiple sources of different locations may provide better insights on the occurrences and 

variability of metals in WDS, PP and HWT. In addition, the span of this study was also limited. 

Extension of the sampling process over additional period may enhance reliability of the findings. 

The validation study for the models was accomplished by the dataset of similar source, which were 

excluded during the model formation process. Model validation by additional set of data from 

separate sampling location may provide better explanation regarding the model acceptability. 

The indoor handling of tap water (e.g., storing in the refrigerator, household filtration, heating) 

may also serve as a potential source of metal exposure. The effects of such factors might be 

investigated in future. 

Despite few limitations, this study provides the basic understanding regarding the changes and 

variability of metal concentrations in PP and HWT. Consumption of metal contaminated drinking 

water over prolonged period may affect the humans. There is a need to perform human exposure 

and risk analysis from heavy metals in tap water in future. 
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