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ABSTRACT 
 

 
 

CHARACTERIZING RISK THROUGH WATER SAFETY PLANS AND 

INVESTIGATING DRINKING WATER ADVISORIES IN FIRST NATIONS 

COMMUNITIES USING PROBABILISTIC NEURAL NETWORKS 
 

 

 

Yvonne L Post       Advisor: 

University of Guelph, 2017      Dr. Edward A. McBean 
 

 
 

Safe clean drinking water is a basic human need and yet many communities face challenges in 

providing clean water to their population. This research looks to address issues in drinking water 

treatment systems from two different perspectives, first taking a local level approach in the water 

system itself, then looking at trends in the occurrence, frequency, duration, and cause of drinking 

water advisories (DWAs) in First Nations communities across Canada. A risk assessment template 

for identifying hazards in a drinking water system, from source, through treatment and distribution, 

to the consumer, was evaluated, and a condensed version was developed which was more robust 

at identifying higher risk areas of the system. Next, an artificial neural network model is used to 

identify different key factors affecting DWAs in different provinces across Canada, suggesting 

that a Canada-wide approach is not adequate to reduce DWAs. 



iii 

 

 

 

Acknowledgements 

First and foremost, I would like to thank my advisor, Ed McBean, for his guidance and support, 

not only throughout my masters but through my final years of undergraduate studies as well. I have 

had so many wonderful opportunities which I am truly grateful for, and I have learned so much in 

these past few years. I would also like to extend my thanks to Andrew Binns for being on my 

advisory committee. 

 

Thank you to both Bahram Gharabaghi and Graham Taylor for all their help in navigating the 

world of machine learning and artificial neural networks. Special thanks to Emma Thompson for 

providing the foundation for my work and also compiling and cleaning the datasets used in this 

research. I appreciate the work done by Jacques Marcoux and the journalists at CBC who compiled 

and shared their datasets with us, as well as Health Canada, and the BC First Nations Health 

Authority, and I would like to thank RES’EAU and NSERC for funding this research.  

 

Finally, a huge thank you to all my friends and family for being my support network – the 

encouragement and patience from everyone did not go unappreciated. Michael, thank you for 

always being there for me. I could not have done it without everyone.



iv 

 

 

 

Table of Contents 

ABSTRACT .................................................................................................................................... ii 

Acknowledgements ........................................................................................................................ iii 

List of Tables ................................................................................................................................. vi 

List of Figures ................................................................................................................................ vi 

List of Abbreviations ................................................................................................................... viii 

1. Introduction ............................................................................................................................. 1 

1.1. Problem Statement ........................................................................................................... 1 

1.2. Objectives ......................................................................................................................... 1 

1.3. Background ...................................................................................................................... 3 

1.4. Additional Contributions to Research .............................................................................. 6 

1.5. Thesis Outline .................................................................................................................. 7 

1.6. References ........................................................................................................................ 8 

2. Drinking Water Safety Plans ................................................................................................ 11 

2.1. Abstract .......................................................................................................................... 11 

2.2. Introduction .................................................................................................................... 11 

2.3. Methodology .................................................................................................................. 14 

2.4. Results ............................................................................................................................ 15 

2.4.1. Original Alberta Drinking Water Safety Plan ......................................................... 15 

2.4.2. Condensed Water Safety Plan ................................................................................. 17 

2.5. Discussion ...................................................................................................................... 18 

2.5.1. Comparison of Risk Scores from Original AB DWSP vs Condensed WSP .......... 18 

2.6. Conclusions .................................................................................................................... 22 

2.7. Recommendations .......................................................................................................... 23 

2.8. Acknowledgements ........................................................................................................ 23 

2.9. References ...................................................................................................................... 24 

3. Artificial Neural Networks ................................................................................................... 25 

3.1. Background .................................................................................................................... 25 

3.2. Previous Work ................................................................................................................ 30 

3.3. Palisade NeuralTools Software ...................................................................................... 31 

3.4. References ...................................................................................................................... 37 

4. Decision Tree Analysis versus Probabilistic Neural Networks ............................................ 40 

4.1. Decision Tree Analysis .................................................................................................. 40 

4.2. Comparison of Models ................................................................................................... 41 



v 

 

 

 

4.3. References ...................................................................................................................... 43 

5. Probabilistic Neural Networks Applied to First Nations Drinking Water Advisory Data ... 44 

5.1. Abstract .......................................................................................................................... 44 

5.2. Introduction .................................................................................................................... 44 

5.3. Background .................................................................................................................... 45 

5.4. Methodology .................................................................................................................. 48 

5.4.1. ANN Model Development ...................................................................................... 50 

5.5. Research Results ............................................................................................................ 53 

5.5.1. Occurrence Model ................................................................................................... 53 

5.5.2. Frequency Model .................................................................................................... 55 

5.5.3. Duration Model ....................................................................................................... 56 

5.5.4. Cause Model ........................................................................................................... 57 

5.6. Discussion ...................................................................................................................... 59 

5.6.1. Comparison with Previous Models ......................................................................... 72 

5.6.2. Limitations .............................................................................................................. 74 

5.7. Conclusions and Recommendations............................................................................... 76 

5.8. Acknowledgements ........................................................................................................ 77 

5.9. References ...................................................................................................................... 78 

6. Conclusions and Recommendations ..................................................................................... 84 

Appendices .................................................................................................................................... 87 

A. Water Safety Plans ............................................................................................................. 87 

A.1. Hypothetical Community Description ........................................................................ 87 

A.2. WSP Risk Matrices ..................................................................................................... 89 

A.3. Condensed WSP ......................................................................................................... 90 

 

 

 



vi 

 

 

 

List of Tables 

Table 1: Input variables to the ANN model .................................................................................. 52 

Table 2: Target variables to be predicted by the ANN model ...................................................... 52 

Table 3: Comparison of key factors affecting the occurrence, frequency, duration, and cause of 

DWAs across Canada using DTA and ANN models.................................................................... 73 

 

List of Figures 

Figure 1: Number of BWAs per day from 2004 to 2014 (Levasseur & Marcoux, 2015) .............. 3 

Figure 2: Frequency of risk score for each source hazard in the original AB DWSP. The bubble 

size indicates the number of responses. The coloured bands represent low risk (1-4), medium risk 

(8-16), and high risk (32-256) scores. ........................................................................................... 16 

Figure 3: Frequency of risk score for each source hazard in the condensed WSP. The bubble size 

indicates the number of responses. The coloured bands represent low risk (1-4), medium risk (8-

16), and high risk (32-256) scores. ............................................................................................... 18 

Figure 4: Comparison of the original AB DWSP averaged risk score and the condensed WSP 

averaged risk score for each hazard. Note that the risk scores have been linearized. .................. 19 

Figure 5: Comparison of the original AB DWSP averaged maximum risk score and the 

condensed WSP averaged risk score for each hazard. Note that the risk scores have been 

linearized. ...................................................................................................................................... 20 

Figure 6: Risk scores for each source hazard for the original AB DWSP. Each line represents a 

different respondents' risk scores. ................................................................................................. 21 

Figure 7: Risk scores for each source hazard from the condensed WSP. Each line represents a 

different respondents' risk scores. ................................................................................................. 21 

Figure 8: Artificial neural network showing layers (Kaur, 2017) ................................................ 26 

Figure 9: Probabilistic neural network showing layers and nodes ............................................... 29 

Figure 10: NeuralTools toolbar in Microsoft Excel (Palisade Corporation) ................................ 32 

Figure 11: NeuralTools Data Set Manager dialogue box (Palisade Corporation) ........................ 32 

Figure 12: NeuralTools training dialogue box (Palisade Corporation) ........................................ 33 

Figure 13: NeuralTools training net configuration dialogue box (Palisade Corporation) ............ 34 

Figure 14: NeuralTools training preview dialogue box (Palisade Corporation)........................... 35 

Figure 15: Converting categorical data to numeric using "one-of-n" conversion method or "one-

hot encoding" ................................................................................................................................ 36 

Figure 16: Example of a decision tree classifying examples into Class A or Class B based on 

attributes X and Y ......................................................................................................................... 41 

Figure 17: Number of DWAs lasting ≤2 weeks and >2 weeks for each system age range .......... 62 

Figure 18: Number of DWAs issued for Health, Quality, and Operation reasons as related to the 

age of the system ........................................................................................................................... 62 

Figure 19: Breakdown of source water type in BC ....................................................................... 63 

Figure 20: The frequency in which DWAs occur in systems that rely on different source types 63 

Figure 21: Reason for issuing a DWA broken down by source type............................................ 64 

Figure 22: Breakdown of DWA duration by the primary operator's treatment certification level 

relative to the system level ............................................................................................................ 65 

Figure 23: Number of drinking water systems having experienced and not having experienced a 

DWA based on the total length of pipe in the distribution system ............................................... 66 



vii 

 

 

 

Figure 24: Frequency of DWAs based on source type ................................................................. 67 

Figure 25: Duration of DWAs based on Environmental Classification (as defined by the Band 

Classification Manual) (Indian and Northern Affairs Canada, 2000) ........................................... 68 

Figure 26: Cause of DWAs broken down by season in which the DWA was issued ................... 69 

Figure 27: Duration of DWAs based on the season in which the DWA was issued .................... 70 

Figure 28: Cause of DWA based on the season in which the DWA was issued .......................... 71 

 



viii 

 

 

 

List of Abbreviations 

AANDC Aboriginal Affairs and Northern Development Canada 

AB  Alberta 

ANN  Artificial neural network 

BC  British Columbia 

BWA  Boil water advisory 

CBC  Canadian Broadcasting Company 

CRTP  Circuit Rider Training Program 

DNC  Do not consume 

DNU  Do not use 

DTA  Decision tree analysis 

DWA  Drinking water advisory 

DWSP  Drinking water safety plan 

ECCC  Environment and Climate Change Canada 

EHO  Environmental Health Officer 

FNHA  First Nations Health Authority 

FNWWAP First Nations Water and Wastewater Action Plan 

GRNN  Generalized regression neural network 

GUDI  Groundwater under direct influence (of surface water) 

GW  Groundwater 

HC  Health Canada 

INAC  Indigenous and Northern Affairs Canada 

MTA  Municipal type agreement 

NOC  Network Operations Centre 

OECD  Organisation for Economic Co-operation and Development 

PAGC  Prince Alberta Grand Council 

PDF  Probability Density Function 

PNN  Probabilistic neural network 

SW  Surface water 

SWPP  Source water protection plan 

TSAG  Technical Services Advisory Group 

WSP  Water safety plan 



 

 

1 

 

1. Introduction 

1.1. Problem Statement 

Access to clean safe drinking water should be a human right; however, many communities across 

Canada are experiencing issues within their drinking water systems. Many drinking water 

treatment systems take a more reactive approach to protecting drinking water, responding to issues 

when they occur, rather than being proactive and preventing hazards before they become actual 

risks to public health. As of May 2017, there were over a thousand drinking water advisories 

(DWAs) in systems across Canada (WaterToday, 2017). Many of those DWAs are occurring in 

First Nations communities. Health Canada (HC) reported that, as of March 31, 2017, there were 

37 short-term drinking water advisories and 100 long-term DWAs in 89 First Nations communities 

in Canada (Government of Canada, 2017). These numbers are excluding First Nations in British 

Columbia and within the Saskatoon Tribal Council, who manage and report their own DWAs.  

 

Drinking water advisories are “public health protection messages issued by public health or 

regulatory authorities to inform consumers about actions they should take to protect themselves 

from real or potential health risks related to their drinking water supply” (Environment and Climate 

Change Canada, 2016). There are three types of DWAs: do not consume (DNC), do not use (DNU), 

and boil water advisory (BWA). BWAs are the most common and are issued when it is suspected 

or confirmed that the microbiological quality of the drinking water is compromised, meaning 

disease-causing micro-organisms could be in the water making the water unsafe to consume unless 

it is boiled. DNC or DNU advisories are issued when a chemical contaminant is either suspected 

or found to be in the drinking water. In these cases, the water should not be used for drinking or 

cooking, or, depending on the severity of the chemical contamination, the water should not be used 

at all. These DNC and DNU advisories only make up around 2% of all DWAs in Canada per year 

(Environment and Climate Change Canada, 2016).  

 

1.2. Objectives 

This research was done in two parts, first looking at ways that issues related to drinking water can 

be addressed at a local level at the water treatment plant itself, then at a national or regional level 

looking at trends across the country. At the water treatment plant level, risk assessment templates 
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can be used to identify and address hazards. The user of the template goes through the entire 

drinking water system, from source, to treatment, distribution, and finally the consumer, where 

hazards are identified and scored based on their likelihood of occurring and consequence should 

they occur. From these scores, a risk score is calculated which is used to prioritize the hazards and 

focus resources. This research focused on evaluating the robustness of Alberta’s Drinking Water 

Safety Plan (DWSP) template and comparing it to a condensed version to see if the water safety 

plan (WSP) methodology will appropriately characterize the degree of risk in a drinking water 

system when multiple people are individually completing the risk assessment. 

 

The second part of this research built upon work done by Thompson (2016), Murphy, Bhatti, 

Harvey, & McBean (2016), and Harvey, Murphy, McBean, & Gharabaghi (2015), who used data 

mining techniques and decision tree analysis (DTA) to analyze DWAs in First Nations 

communities. The datasets used in these previous studies were taken from Neegan Burnside’s 

National Assessment of First Nations Water and Wastewater Systems, and DWA datasets from 

Health Canada and the British Columbia (BC) First Nations Health Authority (FNHA). The 

National Assessment of First Nations Water and Wastewater Systems was completed by Neegan 

Burnside Ltd. who assessed the water and wastewater systems of 97% of the First Nations 

communities in Canada (Indigenous and Northern Affairs Canada, 2012). A total of 571 

communities were visited between September 2009 and November 2010 with the goal of 

identifying higher risk systems and areas for Indigenous and Northern Affairs Canada (INAC) 

(formerly Aboriginal Affairs and Northern Development Canada (AANDC)) to prioritize and 

focus resources (Indigenous and Northern Affairs Canada, 2016). These data were matched with 

DWA data from Health Canada and the BC FNHA over an 11 year period from 2004 to 2014, 

inclusive. The combined dataset was analyzed using decision tree analysis to find factors that had 

the greatest influence on the occurrence, frequency, duration, and cause of the DWAs. This 

research used the same combined dataset and analyzed it using artificial neural network (ANN) 

software with the goal of better representing the complex relationships between drinking water 

system attributes. In doing so, the model developed should be better at predicting the potential 

changes in the occurrence, frequency, duration, and cause of DWAs as system attributes are 

changed. In addition, key factors influencing these outcomes can also be identified. 
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1.3. Background 

First Nations communities have been dealing with DWAs for decades. Some communities 

experience fairly short DWAs lasting only a couple of days whereas others may have DWAs 

lasting years. Neskantaga First Nation is one such community which has had a BWA in place for 

22 years (CBC News, 2017). In the last 10 years, at least two-thirds of all First Nations 

communities in Canada experienced at least one DWA. Between 2004 and 2014, 400 out of 618 

communities had some form of an issue related to their drinking water (Levasseur & Marcoux, 

2015). The number of BWAs in effect each day has steadily been increasing since 2004 (see Figure 

1) though experts cannot determine exactly why that is (Levasseur & Marcoux, 2015). 

 

Figure 1: Number of BWAs per day from 2004 to 2014 (Levasseur & Marcoux, 2015) 

Between 2001 and 2013, governments have spent about $2 billion trying to address the issues 

(Levasseur & Marcoux, 2015). In 2008, the Government of Canada announced the First Nations 

Water and Wastewater Action Plan (FNWWAP) which provided $330 million in water and 

wastewater funding over a two year period (Indigenous and Northern Affairs Canada, 2012). The 

project was led by AANDC (now INAC) and Health Canada. The money went towards 

construction and renovation of plants, operation and maintenance, training operators, and other 

public health activities on-reserve. This funding was then extended for another two years until 

2012. However, the Council of Canadians says that $470 million per year is needed to fund water 

systems over a 10 year period, which is more than communities are currently receiving, making it 



 

 

4 

 

difficult to make any progress towards reducing the number of DWAs (Levasseur & Marcoux, 

2015).  

 

A National Assessment, funded by AANDC and completed by Neegan Burnside Ltd., was also 

completed and released in July 2011 with the intent of identifying issues and guiding investments 

in First Nations communities. A total of 571 communities were visited and surveyed between 

September 2009 and November 2010, representing 97% of the First Nations communities in 

Canada (Indigenous and Northern Affairs Canada, 2012). The assessment collected technical 

information about the water and wastewater treatment systems, and distribution system, and 

assigned risk scores to different aspects of the systems to help prioritize spending. 

 

More recently, the 2016 Federal Budget plans to invest an additional $1.8 billion over five years 

to address “health and safety needs, ensure proper facility operation and maintenance, and end 

long-term drinking water advisories on reserves within five years” (Indigenous and Northern 

Affairs Canada, 2016). However, this works out to less than the $470 million per year that the 

Council of Canadians reported was sufficient to make significant changes. In March of 2017, it 

was announced that $34.7 million of the $1.8 billion would go towards 18 First Nations 

communities in Ontario struggling with long-term DWAs, focusing the money towards new wells, 

repairs to current systems, operator training, and designing and building new water treatment 

plants (CBC News, 2017).  

 

There have also been several programs to target drinking water issues in First Nations 

communities. One such program is the Circuit Rider Training Program (CRTP), funded by INAC. 

Trained experts known as Circuit Riders, rotate through a circuit of communities, providing hands-

on training to First Nations water treatment operators, teaching them how to operate, service, and 

maintain a community’s drinking water and wastewater systems. They also provide advice to Chief 

and Councils on how to develop and maintain water systems. The Circuit Riders are available 24/7 

in case of emergencies and to provide support (Indigenous and Northern Affairs Canada, 2015).  

 

Another project that receives funding from the federal government is the Safe Water Project. The 

project started as a pilot project in May of 2015 out of Dryden, Ontario (Wilson, 2015). It was an 
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initiative between Keewaytinook Okimakanak: Northern Chiefs Council (K.O.) and the Dryden 

Centre of Excellence with three primary goals: 1) to use real-time monitoring systems to address 

problems as they arise so that they can be addressed immediately, rather than waiting on water 

samples; 2) to provide support to communities through qualified staff and technicians who are 

available 24/7; and 3) to certify operators. The program started with only five communities, three 

of which were able to stop BWAs in their communities after having spent close to a total of 1000 

days on a BWA in the last decade (Wilson, 2015). In October 2016, the federal government 

renewed the project, providing $4.148 million, and expanding it from five to 19 communities in 

Ontario (Porter, 2016). 

 

The First Nations (Alberta) Technical Services Advisory Group (TSAG) has undertaken an 

initiative similar to Ontario’s Safe Water Project. The First Nations (Alberta) TSAG was formed 

in 1998 and consists of a Chiefs Steering Committee made up of two representatives from each 

Treaty region in Alberta, as well as a Board of Directors consisting of three representatives from 

each Treaty region in Alberta (First Nations (Alberta) Technical Services Advisory Group, n.d.). 

The group works closely with the Circuit Rider Training Program to train First Nations water 

operators to maintain and operate water treatment facilities in Alberta First Nations communities. 

After noticing issues regarding plant operations, TSAG expanded the CRTP to include remote 

water monitoring in all water and wastewater facilities as a pilot project in 2012 (First Nations 

Technical Services Advisory Group Inc., n.d.). This allows water operators to identify issues in 

real-time so that they can be addressed as they happen. TSAG also created an in-house Network 

Operations Centre (NOC) and a Help Desk in 2009 so that First Nations communities in Alberta 

have access to information and support for a number of different services (First Nations (Alberta) 

Technical Services Advisory Group, 2010). The remote water monitoring systems are connected 

to the NOC where the water quality data are stored. This allows for accurate and timely reporting 

of issues, something that operators were struggling to do prior to the remote water monitoring 

systems. The Help Desk also provides support to water operators. The goal of the initiative is to 

have timelier reporting of issues as well as quick reaction times to resolve issues which will in turn 

help to reduce the occurrence and duration of DWAs in Alberta First Nations communities. 
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Real-time or remote monitoring of drinking water quality is one method that First Nations are 

using to address issues in their drinking water systems. Knowing the quality of the drinking water 

in real time can also help prevent precautionary DWAs. A precautionary DWA is a DWA issued 

on a precautionary basis, not necessarily because any issue was actually detected with the drinking 

water. Environment and Climate Change Canada (ECCC) reported that in 2015, 78% of boil water 

advisories in Canada (excluding First Nations) were issued on a precautionary basis (Environment 

and Climate Change Canada, 2016). These are usually related to issues with the equipment or 

processes in the drinking water treatment plants. BWAs related to microbiological water quality 

parameters (e.g. coliform bacteria detected, unacceptable levels of turbidity) accounted for 17% 

of the BWAs, and 5% were issued due to the detection of Escherichia coli (E. coli) (Environment 

and Climate Change Canada, 2016). While Health Canada, the body responsible for monitoring 

drinking water quality in First Nations, does not specifically record when a DWA is precautionary, 

the method of the current monitoring in most communities, as well as the reasons given for issuing 

a DWA, suggest that many of the DWAs issued in First Nations communities are precautionary in 

nature as well. 

 

1.4. Additional Contributions to Research 

In addition to the work done on water safety plans and using artificial neural networks to analyze 

drinking water advisory data, research was also completed involving compiling and submitting 

papers on previous research conducted by a former graduate student. The research looked at 

identifying historical trends in DWA data in First Nations communities across Canada, as well as 

analyzing DWA and drinking water system data using data mining and decision tree analysis 

techniques. The paper titled “A Decade of Drinking Water Advisories: Historical Evidence of 

Frequency, Duration and Causes” has been submitted with revisions to the Canadian Water 

Resources Journal and is currently under review (Thompson, Post, & McBean, 2016a). The second 

paper titled “Data Mining to Identify Attributes Associated with Drinking Water Advisories in 

First Nations Communities” has been submitted to the Journal of Water Resources Planning and 

Management and is also under review (Thompson, Post, & McBean, 2016b). 
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1.5. Thesis Outline 

The second chapter of this thesis outlines the research done with water safety plans, including the 

development of a condensed risk assessment template and analysis of the robustness of both the 

original Alberta Drinking Water Safety Plan template and the condensed version. Chapter 3 

explains what artificial neural networks are and how they are used, with a focus on probabilistic 

neural networks (PNN) used in this research. A description of the software used is also included. 

Previous work used decision tree analysis (DTA) to analyze DWA data and therefore a brief 

description of this method and a comparison of DTA to PNN is included in Chapter 4. Chapter 5 

outlines the research done using PNN to analyze the occurrence, frequency, duration, and cause of 

DWAs in First Nations communities, with findings presented, discussed, and compared to previous 

work. Limitations are also described, followed by conclusions and recommendations based on 

research using PNN. Chapter 6 provides a summary of research completed, as well as 

recommendations for future work.
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2. Drinking Water Safety Plans 

As previously mentioned, this DWA research was done in two parts. The first part looked at 

addressing DWAs at a local level through the use of risk assessment templates such as water safety 

plans. The following paper was published in the Canadian Journal of Civil Engineering in March 

2017 under the title “Insights into the challenges of risk characterization using drinking water 

safety plans” (Post, Thompson, & McBean, 2017). 

 

2.1. Abstract 

Risk assessment methodologies, specifically water safety plans (WSPs), provide a water operator 

with a greater awareness of the drinking water system and the hazards that may occur. This brings 

key issues to the forefront and promotes a proactive approach to drinking water safety. This paper 

identifies the challenges in completing a WSP and evaluates the robustness of procedures. Experts 

knowledgeable in drinking water treatment were asked to complete Alberta’s Drinking Water 

Safety Plan template for a hypothetical community, and the results are presented. Findings from 

use of a condensed version of the WSP are also described, and the resulting risk scores obtained 

from both methodologies are compared. A high degree of variability between experts’ responses 

was observed from both; however, trends between responses show that the condensed WSP makes 

it easier to compare hazards relative to each other, to determine key risk areas that warrant more 

attention.  

 

2.2. Introduction 

Risk assessment methodologies are a necessary component to be used in a variety of contexts to 

evaluate hazards associated with a small drinking water system. The goal of a risk assessment is 

to identify key dimensions of risk so that a proactive approach, rather than a reactive one, can be 

taken to ensure the health and safety of all involved. A water safety plan (WSP) is one such risk 

assessment methodology, a procedure which can be used to evaluate hazards in a drinking water 

system. Water safety plans are developed, based upon the concept of a multiple barrier approach 

which breaks down the elements from the source water, through the water treatment system and 

distribution network, to the consumer. The goal is to protect the safety of drinking water 

throughout the system, to ensure that safe drinking water is delivered to the end user. The intent is 
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to have a system that is sufficiently robust that if one barrier fails, another barrier is in place to 

protect public health. Hazards throughout the system are identified and evaluated, based on their 

likelihood of occurring, and the consequences if they were to occur, to determine a risk score used 

to prioritize the risks.  

 

Iceland was the first country to develop a WSP for their waterworks systems in 1997 based on the 

hazard analysis and critical control points (HACCP) methodology used in the food industry since 

the 1950s (Gunnarsdottir & Gissurarson, 2008). The World Health Organization (WHO) first 

introduced WSPs in their third edition of their Guidelines for Drinking-Water Quality released in 

2008 (World Health Organization, 2008). Today, WSPs are being used in many countries 

including Australia, Japan, the United Kingdom, New Zealand, and Canada, and case studies have 

been completed in Bangladesh, the Philippines, Uganda, Romania, and Portugal (Dangol, n.d.).  

 

In Canada, drinking water advisories (DWAs), or more specifically, boil water advisories (BWAs), 

are a major issue in many First Nations communities. From 2004 to 2014, 400 out of 618 First 

Nations communities experienced at least one DWA (Levasseur & Marcoux, 2015). The cited 

reasons for these DWAs include bad pipe connections, low pressure in the distribution network, 

improper filtration and disinfection, etc. The implementation of a WSP in these communities is 

intended to identify key risk areas, meaning those points in the drinking water system that have a 

higher likelihood of a hazard occurring, and would have greater consequences if a hazard did 

occur, which would allow for the focusing of resources and more efficient spending on areas that 

are most vulnerable. 

 

Romania, like many other countries, has issues with providing safe drinking water, especially to 

its rural population. In 2006, only 76% of the rural population had access to an “improved water 

source”; however, this does not guarantee that the water source is actually safe (Samwel, 2010). 

An improved water source, by definition, is a household connection, public standpipe, borehole, 

protected dug well/spring, or rainwater collection, and the cleanliness of these various sources 

depend on best management practices. The “Water and Sanitation Safety Plans for environmental 

education in schools in rural areas” project ran from 2013-2015 and brought teachers, students, 

NGOs, local doctors, the water authority, and citizens together to talk about water and sanitation 



 

 

13 

 

in the community (Women in Europe for a Common Future, 2014; Samwel, 2010). It raised 

awareness about the issues surrounding source water protection, as well as sanitation, at the 

household level. 

 

In both Canadian First Nations and Romanian communities, a WSP would provide the water 

operator and the community with a greater awareness of their drinking water system and the 

hazards that could occur, by bringing key issues to the forefront. It would also highlight the merits 

of having multiple barriers throughout the system to protect drinking water and public health. A 

water safety plan is intended to be a living document, one that is updated regularly, which provides 

both a record of the system and its improvements over time, as well as encourages best 

management practices, in order to maintain the robustness of the system. 

 

Water safety plans are not required across Canada and are only mandatory in Ontario and Alberta. 

British Columbia has a risk assessment template but it is only mandatory if a drinking water officer 

identifies an issue and requires one to be completed. In Ontario, the risk assessment is built into 

the water treatment plant’s operational plan and is referred to as the Drinking Water Quality 

Management Standard (DWQMS). Alberta refers to their methodology as the Alberta Drinking 

Water Safety Plan (AB DWSP) which is available as a Microsoft Excel spreadsheet. The 

spreadsheet is divided into four barriers: source, treatment, network, and customer, with 38, 84, 

48, and 20 pre-identified potential hazards described in each section, respectively, resulting in a 

total of 190 pre-identified potential hazards, and space left for facility-specific hazards. Each 

hazard is evaluated on its likelihood and consequence, based on definitions provided, and filled in 

to the template using dropdown menus which then automatically calculate a risk score. Not all 

hazards may be applicable to the drinking water system being evaluated and therefore can be 

ignored or marked as “Not applicable”. Likelihood and consequence scores range from zero to 16 

on an exponential scale, resulting in risk scores ranging from zero to 256 on an exponential scale 

following multiplication.  

 

Alberta’s DWSP was chosen for this study because it is easy to use since a list of hazards is already 

provided to the user. In addition, a pre-identified list of hazards provides a basis for comparison 

between multiple respondents rather than having the respondents identify hazards in the system as 
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most WSP templates require. This may result in a different list of hazards being identified which 

would make comparing risk scores between respondents almost impossible. Although Alberta’s 

DWSP consists of 190 pre-identified hazards, it is noted that such a lengthy list of hazards to 

evaluate may increase the chances of respondent fatigue and ‘pattern responding’ whereby a 

respondent will evaluate a question with less thought in order to move on to the next question and 

get through the questionnaire faster (Brace, 2013). 

 

The goal of this research was to identify the challenges in completing a risk assessment 

methodology and evaluate the robustness of the methodology. In theory, regardless of who 

completes a water safety plan for a system, if the person is knowledgeable about drinking water 

systems and is familiar with the particular system, the WSP methodology will appropriately 

characterize the degree of risk. 

 

2.3. Methodology 

In order to evaluate the robustness of a water safety plan methodology at identifying high risk 

areas of a drinking water system, a write-up on a hypothetical community was prepared. This 

hypothetical community provides a platform to facilitate understanding of the issues, and was 

developed based on information gathered from existing small systems in order to ensure 

representativeness, and that the community’s system was sufficiently robust. A community 

description was developed which contained information regarding the source water, treatment 

processes, water storage, distribution network, monitoring and maintenance procedures, the 

operators, and characteristics of the community itself. It was also indicated that the community 

had experienced boil water advisories in the past due to low residual chlorine levels in the 

distribution system, as well as increased levels of turbidity, especially during spring and fall lake 

turnover (see Appendix A.1 for full description). 

 

The community description, as well as Alberta’s Drinking Water Safety Plan (AB DWSP) 

template, were sent out to a group of individuals knowledgeable about drinking water treatment 

and supply. These experts were asked to complete the water safety plan individually, based on the 

information provided. It is noted that the individuals were unaware of the responses from other 

participants. A total of eight experts completed the AB DWSP for the hypothetical community. 
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These responses were then compared, one to another, to determine how similar the responses were 

from the various individuals. 

 

After completing the original AB DWSP, participants commented that the risk assessment 

template was tedious to complete and that some of the hazards were similar, causing them to 

second-guess their responses. Based on this feedback, as well as the participants’ responses, a 

condensed version of the AB DWSP was developed. The number of hazard statements was reduced 

from 190 to 20 by grouping similar hazards together based on their effect on water quality (e.g. 

physical quality, microbiological or chemical contamination) and quantity (related to a loss of 

supply), treatment technology (e.g. coagulation/flocculation, filtration), operational issues (e.g. 

power failure, flooding), and point of contamination in the system (e.g. contamination at the 

reservoir, or in the distribution network). These individual hazards from the original AB DWSP 

were then listed as possible causes contributing to a more generalized hazard statement (see 

Appendix A.3 for the condensed WSP). As in the original DWSP, the hazards were divided into 

source risks, treatment risks, and distribution risks sections. Customer risks originally included in 

Alberta’s DWSP were removed or incorporated within other risk categories as it is difficult for the 

water treatment plant evaluator to evaluate hazards that occur within the home. Two additional 

categories were included in the condensed version: monitoring risks and emergency response risks. 

These risks were not addressed in the original AB DWSP because these elements are written into 

Alberta’s regulations. They were included in the condensed water safety plan (WSP) to make the 

risk assessment template more applicable and comprehensive in other contexts and for 

jurisdictions outside of Alberta. This condensed version of the WSP was distributed for 

completion. A total of seven responses were received in response, four from experts who had 

previously completed the original AB DWSP, and three from alternative experts. 

 

2.4. Results 

2.4.1. Original Alberta Drinking Water Safety Plan 

In comparing the risk scores between the eight respondents, variabilities in responses are apparent. 

Figure 2 shows the frequency of risk scores for the 15 applicable hazards for the system associated 

with the source water. The y-axis shows the risk score based on the chosen likelihood and 

consequence scores, and the size of the bubble represents the number of respondents who chose 
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that risk level. The coloured bands indicate a low, medium, and high risk, as defined in Alberta’s 

DWSP template.  

 

 

Figure 2: Frequency of risk score for each source hazard in the original AB DWSP. The bubble size indicates the number of 

responses. The coloured bands represent low risk (1-4), medium risk (8-16), and high risk (32-256) scores. 

For many of the hazards, the individual responses from different experts varied from a low risk to 

a high risk. Generally, when at least one respondent believed the hazard to be a high risk, there 

was at least one other respondent who believed the risk to be low. These same trends were observed 

with the treatment and network hazards as well. Of the 96 applicable hazards evaluated for the 

community, no single hazard received a high risk score from all eight respondents. Only one hazard 

was evaluated as a medium risk by every respondent, and a total of four risks were evaluated as 

low risk by all eight respondents. These four low risk hazards were associated with the restriction 

of water supply as a result of lack of knowledge of infrastructure location, problems with 

washwater storage capacity, problems with sludge de-watering/disposal capacity, and problems 

with disposal capacity. The hazard evaluated by all respondents as a medium risk was associated 

with the deterioration of water quality due to cracking of media in filters.  

 

Overall, the hazards that one respondent identified as being the highest risk would not necessarily 

be the hazards that another respondent identified. This variability between respondents for each 

hazard highlights the role that risk perception plays when completing this risk assessment 
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characterization. Risk perception is based on a person’s knowledge and understanding of a hazard, 

and this perception is different for each person, because it is likely influenced by individuals’ 

experiences. The lack of consensus amongst respondents reinforces the importance and benefits 

of having more than one person working on assessing the risks for any given hazard so that 

different perspectives can be considered and a consensus can be reached. However, this can be 

difficult, or nearly impossible, for a small drinking water system with only one operator and limited 

resources. 

 

Variabilities between respondents’ answers were clearly an issue. According to the experts’ 

responses, the issues within the hypothetical community’s drinking water system were in a variety 

of areas. This suggests that a single operator of a small system may overlook or misjudge the 

severity of a hazard and therefore, may not appropriately address that hazard.  

 

Feedback from the WSP respondents was also collected. Many experts commented that the AB 

DWSP was tedious to complete. A user must evaluate up to 190 hazards, selecting a likelihood 

and consequence score for each of those hazards, resulting in a user potentially going through up 

to 380 drop down lists. Respondents also commented that some of the hazards were very similar 

to others, causing them to second-guess their responses, and resulting in more difficulty in 

completing the lengthy questionnaire as they tried to compare to how they had ranked previous 

hazards. 

 

2.4.2. Condensed Water Safety Plan 

A total of seven experts completed the condensed WSP for the hypothetical community. The 

results pertaining to the source hazards are shown in Figure 3 where the number of responses for 

a given risk score are represented by the size of the bubble and the coloured bands indicate a low, 

medium, and high risk score.  
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Figure 3: Frequency of risk score for each source hazard in the condensed WSP. The bubble size indicates the number of 

responses. The coloured bands represent low risk (1-4), medium risk (8-16), and high risk (32-256) scores. 

Similar trends were observed for the treatment hazards, as well as the distribution, monitoring, and 

emergency response hazards. As was seen with the original AB DWSP results, there was 

considerable variability in risk scoring amongst the respondents. For some hazards, responses 

varied from being considered a low risk to a high risk, and not a single hazard was ranked a high 

risk by all seven respondents. In addition, none of the hazards were ranked as a medium or low 

risk by all respondents, as was observed with the original AB DWSP results. This difference 

between the original AB DWSP and condensed WSP responses can partly be attributed to the way 

that hazards have been grouped together. Those that had been ranked all low risk by respondents 

in the original AB DWSP may not be grouped together in the condensed WSP, but combined with 

hazards with a higher risk associated with them. These results are not surprising, given that risk 

perception is still a major factor influencing the experts’ responses. 

 

2.5. Discussion 

2.5.1. Comparison of Risk Scores from Original AB DWSP vs Condensed WSP 

As was seen previously, both the original AB DWSP and the condensed WSP showed a substantial 

amount of variability between respondents. In order to compare the results, the risk scores were 

linearized to use a 1-9 scale rather than a 1-256 exponential scale. This allowed an average to be 
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taken across all the respondents’ risk scores to find an overall risk score for the hazard, as well as 

over several hazards’ risk scores from the original AB DWSP, in order to compare to the single 

risk score for a hazard in the condensed WSP. A comparison of these averaged risk scores can be 

seen in Figure 4. Hazards 11, 18, 19, and 20 from the condensed WSP are not included in the 

comparison as they address hazards not included in the original AB DWSP and thus cannot be 

compared. These are hazards related to monitoring and emergency response which were only 

added in the condensed WSP. 

 

Figure 4: Comparison of the original AB DWSP averaged risk score and the condensed WSP averaged risk score for each 

hazard. Note that the risk scores have been linearized. 

When comparing the original and condensed WSPs based on averaged risk scores, there appears 

to be a significant difference. The averaged scores from the condensed WSP are larger than those 

from the original AB DWSP for the majority of the hazards. In many cases this is due to the fact 

that many hazards of low risk are grouped together with hazards of higher risk in the condensed 

WSP, thus causing the averaged risk score to decrease in the original AB DWSP. A more 

appropriate way to compare the two WSPs is to use the averaged maximum risk score from the 

original AB DWSP and the averaged risk score of the condensed WSP. In other words, the 

maximum score from each respondent over the hazards in the original AB DWSP that correspond 

to a single hazard in the condensed WSP were determined. The maximum risk scores were then 

averaged across the eight respondents to produce a single risk score which could then be compared 

to the averaged risk score from the condensed WSP. The comparison of these risk scores can be 

seen in Figure 5. 
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Figure 5: Comparison of the original AB DWSP averaged maximum risk score and the condensed WSP averaged risk score for 

each hazard. Note that the risk scores have been linearized. 

The averaged maximum risk score of the original AB DWSP, shown in Figure 4, more closely 

matched the averaged risk score of the condensed WSP, compared to just the averaged risk score 

of the original AB DWSP (compared in Figure 4). Using an average of the maximum values 

eliminates the “skewing effect” from low risk hazards that occurs when just relying upon an 

average value. The results shown in Figure 4 indicate that when completing the condensed WSP, 

respondents identified higher risk hazards from the list of possible causes provided, and evaluated 

the overall risk for that hazard statement based on the possible cause that was the most important 

for the system. Major differences exist between the two results, such as those seen for hazards 4, 

6, and 14 (over a 25% difference in risk scores), and may be attributed to wording of the hazard 

statements in the condensed WSP. When a risk score is significantly higher for the original AB 

DWSP than it is for the condensed WSP, this suggests that the respondent missed the higher risk 

hazards in the listed possible causes, thereby assigning a lower risk score. Alternatively, some 

hazards show that the risk score for the condensed WSP is higher than that of the original AB 

DWSP risk score. While the reasons for this are unclear, there is the likelihood that a respondent 

is combining and cumulating the listed possible causes and therefore assigning a higher risk score 

for the hazard statement as a result. 

 

While the responses for any individual hazard show substantial variability between the 

respondents, it is interesting to consider the trends between hazards for any given respondent. 

Figure 6 shows risk scores for the 15 applicable source hazards in the original AB DWSP with 
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each line representing a different respondent. Figure 7 shows the trends between hazards for each 

expert who completed the condensed WSP. 

 

Figure 6: Risk scores for each source hazard for the original AB DWSP. Each line represents a different respondents' risk 

scores. 

 

Figure 7: Risk scores for each source hazard from the condensed WSP. Each line represents a different respondents' risk scores. 

As apparent in the above figures, the results from the condensed WSP appear to follow more of a 

trend when moving from one hazard to another, than the results from the original AB DWSP. This 

indicates that in moving from hazard to hazard in the condensed WSP, respondents generally 

showed the same thought process, believing that the risks to the next hazard were greater than or 

less than the one previous. This trend is not as evident in the original AB DWSP. While the 
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variability is still quite high between respondents for any given hazard, the existence of a trend 

suggests that respondents are more in agreement when it comes to evaluating hazards relative to 

each other in the condensed WSP as opposed to in the original AB DWSP. Even if one respondent 

assigned a hazard a medium risk score, the hazard may still appear as a higher risk than others, 

resulting in similar hazards showing up as more important across all respondents. This means that 

regardless of the risk score assigned, the resulting list of hazards ranked highest to lowest would 

be fairly similar between respondents. The reason for this is because it is easier to compare the 

hazards relative to each other when there are only 20 hazards to evaluate, as opposed to 190 in the 

original AB DWSP. Ultimately the goal of the risk assessment methodology is to identify hazards 

with relatively higher risk scores, to determine what areas of the system to address first, and 

therefore being able to easily compare hazards to one another allows the user to evaluate each 

hazard relative to the others. 

 

Another benefit of the condensed AB DWSP is that it is much easier and quicker to complete since 

there are fewer than 30 statements to evaluate. Evaluating more than 30 statements can result in 

fatigue and ‘pattern responding’, something that should be avoided, especially in a situation where 

hazards are evaluated relative to one another to determine high risk areas of a drinking water 

system (Brace 2013). A WSP methodology that minimizes statements can reduce the occurrence 

of respondent fatigue, and provide more appropriate risk assessments for all hazards, not just those 

at the beginning of the WSP. 

 

2.6. Conclusions 

The results from both the original AB DWSP and the condensed WSP showed a high degree of 

variability between respondents as a result of individual bias which influence a respondent’s 

perception of risk when evaluating each hazard. This would suggest a lack of robustness in the 

methodologies given that not a single hazard was ranked a high risk score by all respondents. 

However, in comparing the trends between hazards for any given respondent, in other words, using 

line graphs to see the change in risk score from hazard to hazard, a clearer trend was evident for 

the condensed WSP. This results in similar hazards showing up as more important across 

respondents. Having a risk assessment methodology with fewer than 30 statements makes it easier 
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for the respondent to compare the likelihood and consequence scores from one hazard to the next, 

to ultimately determine areas of higher risk which should be prioritized.  

 

It was also found that maximum averaged risk scores from the original AB DWSP were similar to 

averaged condensed WSP risk scores, suggesting that respondents were able to identify higher risk 

hazards from a list of more specific hazards. This makes it viable to group similar hazards together 

to reduce the number of hazard statements that need to be evaluated, thus making a methodology 

that is easier to complete while reducing the potential for respondent fatigue and ‘pattern 

responding’. By having fewer hazard statements to evaluate, users can focus on comparing and 

evaluating each hazard relative to each other to identify key risks, rather than simply hurrying 

through 190 hazard statements as they would with the original AB DWSP. The condensed version 

of the WSP is a useful tool that can be used for identifying key risk areas in a drinking water 

system by showing where important trends exist, and it allows for more intense scrutiny of more 

important and differentiating issues. 

 

2.7. Recommendations 

Moving forward, the condensed WSP could be modified to help users identify specific areas of 

higher risk. Currently, in the condensed version of the WSP, the hazards are grouped based on 

similar hazards, with possible causes listed. Future users of the methodology could choose to have 

additional hazard statements based on the possible causes to evaluate when the general hazard is 

given a high risk score. This would assist the user in identifying specific hazards that should be 

addressed and allow for the focusing of resources. This method allows for a more general 

assessment to be made of the drinking water system before getting into more specific hazard 

statements for areas that require a higher degree of inspection. This keeps the methodology shorter 

and easier to fill out, without losing the detail provided in the original AB DWSP which is needed 

for areas of concern. 
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3. Artificial Neural Networks 

The second part of this research took a broader look at the factors affecting the delivery of safe 

clean drinking water. Drinking water system and DWA information for First Nations communities 

across Canada was analyzed using ANN software to identify key factors affecting the occurrence, 

frequency, duration, and cause of DWAs in order to provide some guidance in terms of where to 

direct funding to reduce the number of DWAs. This chapter outlines what artificial neural networks 

are, some of their applications and previous work with ANN, and the software that was used for 

this research. 

 

3.1. Background 

Artificial neural networks are computational models inspired by neurons in the brain. The idea that 

neurons in the brain could be mathematically modelled was first introduced by Warren McCulloch 

and Walter Pitts, a neuroscientist and a logician, in 1943 (Marsalli, n.d.). They were trying to 

understand how the brain used many interconnected but basic cells to create highly complex 

patterns. The model they created, known as the MCP neuron, is a highly simplified model, but it 

provided the basis on which machine learning and artificial neural network research developed. 

 

Natural neurons are essentially nerve cells that transfer information through signals. Each natural 

neuron consists of a cell body, an axon which acts as a pathway for the signal, synapses located at 

the end of the axon which are the point of interaction between neurons, and dendrites for receiving 

signals from other neurons. If a neuron receives a signal and the signal is strong enough, that is, it 

surpasses a certain threshold, then the neuron is activated, sending the signal through the axon to 

the synapses and on to the next neuron (Kaur, 2017). Artificial neural networks work on a similar 

concept. In its most basic form, inputs to the network pass through individual neurons which work 

together to produce an output.  

 

Artificial neural networks essentially have three layers: the input layer, hidden layer, and the output 

layer. Each layer consists of neurons which are interconnected to the neurons of other layers (see 

Figure 8). The input layer consists of the input neurons. Each input neuron contains an individual 

variable with an assigned weight which is used by the neural network in order to calculate the 

output. These weights represent the strength of the interconnection between neurons and are 
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updated as the network is being trained. The hidden layer is where the inputs are multiplied by 

their weights, summed, and transformed using an activation function so as to produce the desired 

output. These activation functions can be binary, sigmoidal, or tan hyperbolic sigmoidal functions 

(Kaur, 2017). A binary activation function takes the net weighted sum and outputs either a 1, if the 

net weighted input is greater than one, or a 0 otherwise. Sigmoidal functions are generally more 

common and output a value close to one for large positive weighted sums, around 0.5 when the 

weighted sum is close to zero, and very close to zero for large negative numbers. The tan 

hyperbolic sigmoidal function is similar to the sigmoidal function except that it produces outputs 

ranging from -1 to 1 instead of 0 to 1. Finally, the output layer contains the information calculated 

by the neural network. This output layer could have multiple neurons or a single neuron, depending 

on the desired output. 

 

Figure 8: Artificial neural network showing layers (Kaur, 2017) 

There are several types of learning used in neural networks. The most common, and the one used 

for most environmental engineering applications, is supervised learning. In these cases, the desired 
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output is known and the weights between neurons are updated until the model output matches the 

desired output to within a certain specified degree. Other types of network learning include 

unsupervised learning, reinforcement learning, offline learning, and online learning. 

 

The most popular way in which a neural network learns is through a training algorithm known as 

gradient descent. This method is used for supervised learning. In its simplest form, the neural 

network determines an output which is compared to the actual known output, and an error between 

the two is calculated. This error is then used to change the weights until the model output is within 

a determined error from the known output or the error value is no longer changing (Kaur, 2017). 

Back propagation is an extension of the gradient descent learning algorithm and is used in 

multilayer neural networks where the error is propagated back through the net, from the output 

layer to the hidden layer(s) to the input layer. Other learning algorithms include Hebb Rule, Self-

Organizing Kohonen Rule, Hopfield Law, LMS Algorithm, and Competitive Learning (Kaur, 

2017). 

 

Neural networks learn from a portion of the data known as the training set. The quality and size of 

this training set are important for producing an accurate and appropriate model (Kavzoglu, 2009). 

The training set should be a good representation of the data so as to be able to generalize over the 

entire dataset. The size of the training set is directly related to the reliability of the estimate. If the 

model is more complex, then a small training set will not provide enough information for the neural 

network to recognize all classes and combinations. Alternatively, too large of a sample size may 

result in a network that is over-specific or overfit (Kavzoglu, 2009). Overfitting, also known as 

over-training or over-generalization, is when the neural net fits the training data so closely that the 

model is no longer generalized to the entire dataset. This may occur if the data in the training set 

is not a good representation of the dataset as a whole, the training data are noisy or incomplete, or 

the training set is too small for the complexity of the data (Leverington, 2009). The remaining 

portion of the dataset, known as the testing set, is used for testing the accuracy of the neural 

network using unseen data. Swingler (1996) and Looney (1996) recommend using 20% and 25% 

of the dataset for testing leaving 75-80% for training of the neural net. Alternatively, Guyon (1996) 

suggested that the testing set should be inversely proportional to the square root of the number of 
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free adjustable parameters. This method takes into consideration the complexity of the model when 

determining the portion of the dataset to reserve for training and testing. 

 

Artificial neural networks can be used for classification, prediction, and clustering. Classification 

involves training the network to recognize and classify a pattern or a set of data into a predefined 

class. One common example of this is classifying the type of iris based on the sepal and petal 

lengths and widths (Borovinskiy, 2009). Prediction models take the inputs and use them to predict 

numerical values. These models are often used for time-series predictions such as predicting 

changes in stock market prices (Stanford University, n.d.). Finally, clustering is used for pattern 

recognition, feature extraction, vector quantization, image segmentation, function approximation, 

and data mining (Du, 2010). It is used when there is no prior knowledge of the data and a special 

feature needs to be identified and classified into different categories. 

 

Probabilistic neural networks (PNN) are one of the many types of neural networks and are widely 

used in pattern recognition and classification problems. They are feedforward networks, which 

means they are only linked in the forward direction, sending information from the input layer 

towards the output layer without looping back (Leverington, 2009). The net itself contains four 

layers, as shown in Figure 9. The four layers consist of the input layer, pattern layer, summation 

layer, and output layer which contain input nodes, hidden nodes, class nodes, and decision nodes, 

respectively. 
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Figure 9: Probabilistic neural network showing layers and nodes 

There is one input node for every input or testing case, one hidden node for every training case, 

and one class node for each class type. Each input node is connected to each hidden node, but 

hidden nodes are only connected to their respective class nodes. This is because each hidden node 

represents an individual training case, and each training case only has one class or output 

associated with it. Finally, each class node is connected to the single decision node which outputs 

the result. There are no weights associated with each of the nodes, the value is simply passed 

forward to the next layer. 

 

The model uses the Bayesian decision rule in order to classify data. A probability distribution 

function (PDF) is approximated for each of the features in each class using the Parzen method 

(Kusy & Zajdel, 2014; El Emary & Ramakrishnan, 2008). Oftentimes, a Gaussian function is used 

for the PDF because it is not related to any assumption about a normal distribution (El Emary & 
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Ramakrishnan, 2008). Essentially the model takes an input or test case, in the form of a vector, 

and calculates the distance of that input vector to each of the training vectors. This calculated 

distance vector is then converted to a Gaussian value using the predetermined PDF, outputting a 1 

if the test case matches the training case perfectly or a value between 0 and 1 depending on how 

far the testing case is from the training case, that is, the level of confidence in the result. The value 

produced, or Gaussian activation, is then passed on to the summation layer and class nodes. The 

summation layer takes those Gaussian activations and sums them across all the hidden nodes 

connected to it, passing the sum on to the decision node in the output layer. The decision node then 

selects the class with the maximum sum and outputs the associated classification (Borovinskiy, 

2009; El Emary & Ramakrishnan, 2008). 

 

Unlike most neural networks, probabilistic neural networks only have one training parameter that 

is adjusted. This parameter is a smoothing or spread parameter for the probability density functions 

(Kusy & Zajdel, 2014). It essentially determines the size of the respective field or the fraction of 

the distance to the nearest training case. This value usually starts at 0.5 and is fine-tuned to produce 

classifications with greater confidence (El Emary & Ramakrishnan, 2008). Only updating one 

parameter as the model is trained, and not having to use backpropagation to update weights 

associated with each node, allows PNNs to learn much faster than other types of ANNs (Cheung 

& Cannons, 2002; El Emary & Ramakrishnan, 2008). Another advantage of PNNs is that, as the 

size of the dataset increases, assuming it is representative of all cases, then the PNN is guaranteed 

to converge to an optimal classifier. This is unlike other neural networks that may encounter local 

minima issues. Probabilistic neural nets are also fairly tolerable of errors and outliers in the data 

(Cheung & Cannons, 2002). However, PNNs require more computational resources such as 

storage since each hidden node represents a single training case, and are slower than other types 

of neural networks to implement or apply (Cheung & Cannons, 2002; El Emary & Ramakrishnan, 

2008). 

  

3.2. Previous Work 

Artificial neural networks have been used for a variety of purposes in a variety of fields ranging 

from using ANN models to control a “hopping robot” (Ferris, Serbowicz, & Kinnaird, 2006), 

model transport energy demand (Geem, 2011), or evaluate extra virgin olive oil stability (Silva, 
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Anjos, Cavalcanti, & Celeghini, 2015). Probabilistic neural networks specifically have also been 

used for a wide range of applications. Previous work involving PNNs include diagnosing hepatitis 

disease (Bascil & Oztekin, 2012) or recognizing hand gestures (Luzanin & Plancak, 2014).  

 

No previous work in predicting the occurrence, frequency, duration, and cause of drinking water 

advisories, specifically in First Nations communities, using artificial neural networks has been 

found to date. However, ANNs have been used for predicting water quality parameters. A study 

by Diamantopoulou, Papamichail, and Antonopoulos (2005) was conducted looking at the Stryom 

River in Greece, using 13 measured water quality parameters to fill in missing values for three 

parameters. The study found that ANN models were very successful in predicting these missing 

values using the data that was available from 1980-1990, and could be used in the future to 

determine missing values in water quality data at monitoring stations. 

 

Alternatively, a thesis by Sali (2013) looked at using Data Envelopment Analysis (DEA) which is 

a multi-criteria decision analysis method, to evaluate the efficiency of regulatory stringency in the 

provinces and territories and how it affects drinking water quality. More specifically, the study 

aimed to describe the relationship between disease outbreaks related to drinking water quality, and 

the regulatory standard being used. Using boil water advisory data and drinking water quality 

scores of each province and territory, the author found a relationship between the two, however, 

more stringent regulations does not necessarily result in better water quality (Sali, 2013). 

 

3.3. Palisade NeuralTools Software 

There are many types of software that can be used to create a probabilistic neural network. 

Artificial neural networks can be built in programmable software such as MATLAB, Python, and 

Java, or they can be built in specific neural network software such as Tiberius, RapidMiner, Neural 

Designer, and NeuroSolutions. NeuralTools (Version 7.5.1) by Palisade is software that uses 

probabilistic neural networks for classification problems (Palisade Corporation). The program is 

an add-in in Microsoft Excel allowing for easy data manipulation. The NeuralTools toolbar in 

Excel can be seen in Figure 10.  
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Figure 10: NeuralTools toolbar in Microsoft Excel (Palisade Corporation) 

Data should be formatted with headings for each variable input at the top of each column of the 

spreadsheet, each case on an individual row, and the final dependent variable to be predicted in 

the final column. This dataset then needs to be defined using the “Data Manager” button. The Data 

Set Manager (Figure 11) then opens which allows the user to give the dataset a name, define the 

range in Excel, and verify the variables being used, including the variable type. Variables are either 

defined as a “Category” if the data are categorical (i.e. having no order), or “Numeric” if the data 

are numeric. All input variables are independent. Only the variable to be predicted should be 

labelled as “Dependent”. 

 

Figure 11: NeuralTools Data Set Manager dialogue box (Palisade Corporation) 
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Once the dataset has been defined, the model can be trained by selecting the “Train” button on the 

toolbar. This opens another dialogue box, allowing the user to select or deselect certain options 

(Figure 12). The program’s default is to randomly select 20% of the dataset for testing purposes, 

using the remaining 80% to train the model using hold-out validation (Palisade Corporation, 2010). 

Alternatively, the user can define which cases to use for testing purposes. For this research, the 

model randomly selected the cases to use for training and testing.  

 

Figure 12: NeuralTools training dialogue box (Palisade Corporation) 

The “Net Configuration” tab of the Training dialogue box (Figure 13) allows the user to select the 

type of net to use, with the options of using a PN/GRN Net, MLF Net, or Best Net Search. The 

PN/GRN Net was selected as the model ran much faster and had comparable results to using the 

MLF Net.  
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Figure 13: NeuralTools training net configuration dialogue box (Palisade Corporation) 

Once the training settings have been determined, the model provides a preview of the training 

settings and variables (Figure 14), as well as any errors or warnings. If, at this point, there are any 

errors, the user should return to the dataset to fix them prior to running the model. 
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Figure 14: NeuralTools training preview dialogue box (Palisade Corporation) 

When the model has completed its run, a Summary Report is generated. This Summary Report 

provides a summary of the net information, as well as data associated with the training and testing 

of the model. This includes information such as Number of Cases, Training Time, Number of 

Trials, Reasons Stopped, % Bad Predictions, Mean Incorrect Probability, and Std. Deviation of 

Incorrect Probability. Classification matrices are also included for both the training and testing 

sets. The model also generates Relative Variable Impacts based on the training set which provide 

percent impact values for each of the input variables, indicating which variables had the greatest 

impact in predicting the dependent variable. The model calculates these values by stepping through 

all valid categories or values (from minimum to maximum) of a variable, for each training case, 

and measuring the change to the predicted value or category (Palisade Corporation, 2010). A Train-

Test Report is also provided next to the dataset, indicating which cases were used for training and 

testing, and the probability or Prediction% associated with that prediction. 
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NeuralTools automatically transforms the data input to the model. Numerical data are scaled so 

that all numerical data values are in the same range. This is done by first calculating the mean and 

standard deviation for each numeric variable. The mean of the variable is then subtracted from 

each value and then divided by the standard deviation. Scaling the data is done to equalize the 

effect that different variables have on the trained net. Categorical data cannot be used directly so 

it is first converted to separate columns, one for each category within the variable. For example, if 

the model took Provinces as an input, each category or province within the Province variable 

column would be converted to its own column (see Figure 15). This is referred to as the “one-of-

n” conversion method or “one-hot encoding”. 

 

Province  Province=BC Province=AB Province=SK 

BC  1 0 0 

AB  0 1 0 

SK  0 0 1 

AB  0 1 0 

Figure 15: Converting categorical data to numeric using "one-of-n" conversion method or "one-hot encoding" 

Cases with missing data are ignored by the program, that is, not used for training, testing, or 

prediction. Alternatively, missing data can be filled in by the program using the Missing Data 

Utilities command. For the purposes of this research, cases with missing data were removed prior 

to running the dataset through NeuralTools.
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4. Decision Tree Analysis versus Probabilistic Neural Networks 

Decision tree analysis has been used in previous research to determine and analyze the factors of 

a drinking water system that affect the occurrence, frequency, duration, and cause of drinking 

water advisories. This chapter outlines what DTA is, and compares the methods used by DTA and 

ANN models to analyze data. 

 

4.1. Decision Tree Analysis 

Decision tree analysis is a data mining technique used to break down a set of data into decisions 

based on probabilities (TreePlan, 2015). It is considered a “divide-and-conquer” approach to 

classification problems and uses recursive partitioning to naturally partition the data to produce a 

hierarchical classification model (Myles, Feudale, Liu, Woody, & Brown, 2004). The output 

structure of the model, called a decision tree, takes the form of an inverted tree made up of root, 

branch, and leaf nodes (see Figure 16). The first attribute used to partition the data is called the 

root node, and the possible attribute values associated with that root node are shown on the 

resulting branches. These branches can lead to branch nodes where the data are partitioned again 

based on another attribute, or they can lead to a leaf node which indicates the likelihood of an 

observation to fall within a particular class or outcome. The class or outcome is dictated by the 

class represented by the majority of training samples. This may result in cases where not all the 

training samples fit the classification. 
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Figure 16: Example of a decision tree classifying examples into Class A or Class B based on attributes X and Y 

Decision trees can be used as an exploratory analysis tool when the outcomes are not 

predetermined and the user wants to see what features of the dataset are more important in 

determining a specific outcome (Deshpande, 2011; Kantardzic, 2011). DTA has several 

advantages for use in classification and prediction problems. One of the main advantages is that 

the analysis splits the data using the most important variables, producing a tree where the most 

important variables are located at the root node and subsequent branch nodes. This allows the user 

to easily identify the main attributes influencing the outcomes. There is also little data 

preprocessing required as scalar data can be used as-is (no normalizing or scaling required), 

missing data does not affect the splitting of the data, and the method is not sensitive to outliers. In 

addition, the model does not require there to be linear relationships between variables, as some 

models require, and the decision tree produced is very easy to understand (Deshpande, 2011). 

 

4.2. Comparison of Models 

Probabilistic neural networks and decision tree analysis are similar at a superficial level but are 

quite different in how they analyze data. Both are typically used for classification problems, taking 
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a set of inputs and using a portion of those inputs for training the model to recognize what attributes 

influence a given outcome. Structurally, both models use “nodes” which are connected to more 

nodes in different layers (PNN) or levels (DTA). In PNNs, the nodes serve different purposes 

depending on whether the node is in the input, pattern, summation, or output layer. Similarly, in 

DTA, the node function depends on whether it is a root or branch node, or a leaf node. Both the 

output node and leaf node show the final classification as determined by the model. PNNs and 

DTA both have a tree-like structure, but PNNS start with many nodes and reduce down to a single 

output, whereas DTA starts with a single root node and branches out into several leaf nodes. 

 

Mathematically, the models are very different. PNNs develop probability distribution functions 

for each feature in each class and compare an input to these PDFs to determine a probability that 

the test case matches a training case. Calculated probabilities are then used to classify the test case. 

DTA relies on recursive partitioning, grouping the data into subsets based on the majority of 

training cases that fall within a particular grouping. A hierarchical classification is produced and 

therefore the results are somewhat linear in that classifying new data simply follows the decision 

tree down to a root node. The classification of new data is not as straightforward with PNNs due 

to the interconnectedness of the nodes.  

 

The adjustable parameters controlling the models are also quite different. PNNs only have a single 

adjustable parameter known as the smoothing parameter, which controls the fraction of the 

distance to the nearest training parameter. DTA models can be adjusted by a number of parameters, 

including the criterion, maximal depth, pruning, pre-pruning, minimal gain, minimal leaf size, and 

minimal size for split (RapidMiner). These parameters control the size, depth, and accuracy of the 

decision tree generated in order to produce optimal results with little to no overfitting. Both 

methods of data analysis can result in overfit models. With PNNs, overfitting can occur when the 

training set is not representative of the entire dataset, the data are noisy or incomplete, or the 

training set is too small to represent the complexity of the data. This can be difficult to avoid in 

some cases. With DTA, overfitting can be reduced or avoided by adjusting parameters to limit the 

number of branches produced. Both models have advantages and disadvantages, therefore it is 

important to understand the goal of the modelling in order to select the most appropriate method 

of analyzing that data. 
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5. Probabilistic Neural Networks Applied to First Nations Drinking 

Water Advisory Data 

As previously mentioned, the second part of this research looked at factors affecting the 

occurrence, frequency, duration, and cause of drinking water advisories in First Nations 

communities. This chapter reiterates the issues of DWAs in First Nations communities across 

Canada, and reviews past research that has been done. Artificial neural networks are then used to 

analyze available data with the results presented and discussed, including limitations of the 

research. 

 

5.1. Abstract 

Drinking water advisories (DWAs) are a major issue facing many First Nations communities 

across Canada. This paper analyzes drinking water system data matched to DWA data using an 

artificial neural network (ANN) software to find key factors that influence the occurrence, 

frequency, duration, and cause of DWAs. Canada-wide as well as provincial datasets were run as 

individual models, and an ensembles approach of running the same dataset multiple times was 

taken to ensure that factors identified were representative of the entire dataset and not just the 

training set. Individual provinces were found to have varying results, and the occurrence, 

frequency, duration, and cause of DWAs can be influenced by different factors within a province. 

Factors identified include source type, measures of system size, system age, operator certification 

level, geographic location, and time of the year. 

 

5.2. Introduction 

While many communities across Canada experience drinking water advisories (DWAs), a 

disproportionate percentage occur in First Nations communities. DWAs may take the form of a 

‘do not consume’ (DNC), ‘do not use’ (DNU), or a ‘boil water advisory’ (BWA), the latter of 

which is most common. A United Nations report on Indigenous Peoples reported that one in four 

reserves has substandard water or sewage systems, and that Indigenous homes were 90 times more 

likely than non-Indigenous homes to be without piped water (United Nations, 2009). This, along 

with other factors, has resulted in at least two thirds of all First Nations communities in Canada 

having experienced a DWA in the last 10 years, some of which have lasted decades (Levasseur & 

Marcoux, 2015). 



 

 

45 

 

 

Of interest is whether the potential exists to identify the most effective strategies to decrease the 

number of DWAs. Such findings may allow identification of improved investment strategies to 

decrease the widespread prevalence of DWAs. This paper describes a novel approach to undertake 

such evaluations using machine learning codes, in particular, Probabilistic Neural Networks. 

 

5.3. Background 

Previous studies have assessed factors associated with the occurrence, frequency, duration, and 

cause of DWAs in First Nations communities using data mining techniques. This approach works 

on the basis of classification problems and uses recursive partitioning to create a hierarchical 

classification model by naturally partitioning the data at a number of different levels (Myles, 

Feudale, Liu, Woody, & Brown, 2004). The model outputs what is known as a decision tree, which 

takes the form of an inverted tree with root, branch, and leaf nodes representing the partitioning of 

the data and the final classification. Partitioning of the data is dictated by the class represented by 

the majority of the training samples, meaning that not all the training samples may fall within a 

certain classification. Due to this, a likelihood value is provided in the leaf node representing the 

percentage of training cases falling within the given classification.  

 

Previous work by Harvey, Murphy, McBean, & Gharabaghi (2015) and Murphy, Bhatti, Harvey, 

& McBean (2016) used data mining and decision tree analysis (DTA) to analyze factors affecting 

the occurrence of drinking water advisories in First Nations communities in Ontario and then 

across Canada, respectively. Drinking water system data were obtained from the National 

Assessment of First Nations Water and Wastewater Systems, a project commissioned by 

Aboriginal Affairs and Northern Development Canada (AANDC), now called Indigenous and 

Northern Affairs Canada (INAC), and completed by Neegan Burnside Ltd. between 2009 and 2011 

(Indigenous and Northern Affairs Canada, 2016). The report included whether the system had a 

DWA at the time of the assessment which was used as the predictor or dependent variable. Harvey, 

Murphy, McBean, & Gharabaghi (2015) indicated an accuracy of 71%, correctly predicting 111 

out of 157 outcomes, and suggested that the primary operator’s treatment certification level had 

the greatest influence in whether or not a system would experience a DWA. The type of source 

water, the treatment class level of the drinking water system, population served, and the system’s 
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age were also important factors that showed up in the models. Murphy, Bhatti, Harvey, & McBean 

(2016) studied 597 drinking water systems across Canada, and a total of five decision trees were 

generated based on different input attributes. The accuracy of these decision trees ranged from 

73.2-75.4%; “Province” was shown to be the most important factor in the three models that 

included province as an input variable (Murphy, Bhatti, Harvey, & McBean, 2016). Additional 

important factors in the decision trees included source water type, system age, system class, 

geographic location (latitude), and remoteness of the system. 

 

Thompson (2016) extended the Harvey, Murphy, McBean, & Gharabaghi (2015), and Murphy, 

Bhatti, Harvey, & McBean (2016) studies further, obtaining DWA data from Health Canada and 

the British Columbia (BC) First Nations Health Authority (FNHA), and matching it to the system 

data from the National Assessment of First Nations Water and Wastewater Systems for each 

individual drinking water system. Using these combined datasets, Thompson generated models 

characterizing the occurrence, frequency, duration, and cause of DWAs in First Nations 

communities. As in Murphy, Bhatti, Harvey, & McBean (2016), Thompson found that province 

was the most important factor influencing the occurrence of DWAs. Province was also the most 

important factor influencing the frequency of a DWA occurring in a drinking water system and 

the cause of the DWA. The generated decision tree for the duration of DWAs however, showed 

that the primary operator’s treatment certification level had the greatest influence on how long a 

DWA will last. The accuracy of these models ranged from 64.2% for the Duration model to 70.9% 

for the Occurrence model (Thompson, 2016). 

 

Decision tree analysis produces a hierarchical classification model which is easy to understand, 

but is somewhat ‘linear’ in its approach, partitioning the data one layer at a time. This method of 

analyzing the data does not fully incorporate the interconnectedness of the systems’ attributes, 

precluding identification of impacts of changes in the drinking water system.  

 

As an alternative approach, an artificial neural network (ANN) is a general methodology consisting 

of a series of interconnected nodes that transform and pass information through a series of layers. 

Typically, ANN has three layers – an input layer, hidden layer, and output layer, although there 

may be several layers within the hidden layer depending on the neural network (Kaur, 2017). The 
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network learns from a portion of the dataset, the training set, where equations and weightings of 

inputs are adjusted until the error between the predicted output and known output is minimized 

(Kaur, 2017). This type of learning, called supervised learning, is the most common since the 

output is already known and is used to ‘train’ the ANN. The training set should be a good 

representation of the data so as to train a net that can be generalized for the entire dataset. Looney 

(1996) and Swingler (1996) recommend using 75% and 80% of the dataset for training, leaving 

20-25% to test the ability of the neural network to accurately predict outcomes on unseen data.  

 

An alternative method proposed by Guyon (1996) uses the testing set sized as inversely 

proportional to the square root of the number of free adjustable parameters. This accounts for the 

complexity of the model, as the more independent variables there are, the more complex the model 

becomes, and the larger the training set should be to allow the model to learn the complexities. 

The size of the training set is important as a small training set will not provide sufficient 

information for the neural network to recognize all classes and combinations. Alternatively, a 

training set which is too large may result in a network that is overfit, which occurs when the ANN 

fits the training data so closely that the model is no longer generalizable to the entire dataset 

(Kavzoglu, 2009). Overfitting may also occur if the training set is not a good representation of the 

entire dataset, the training data are noisy or incomplete, or the training set is too small for the 

complexity of the data (Leverington, 2009). 

 

For this research, a classification model was used where the model predicts an output based on a 

predefined class. One type of ANN used for classification problems is the probabilistic neural 

network (PNN). A PNN consists of four layers – an input layer, pattern layer, summation layer, 

and output layer (El Emary & Ramakrishnan, 2008). Each layer consists of nodes which store the 

information. The pattern layer contains a node for every training case, and a probability 

distribution function (PDF) is approximated for each feature in the training cases. Unseen data in 

the test set are compared to each training case, and a Gaussian value is determined using the PDF 

based on the distance between a testing case and a training case. The Gaussian value is then passed 

to the summation layer. The summation layer sums all the Gaussian values, and the output layer 

selects the maximum value and outputs the associated classification (Borovinskiy, 2009; El Emary 

& Ramakrishnan, 2008).  
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Artificial neural network models have been used in a variety of applications to analyze data and 

predict outcomes. One such application is in managing water networks and predicting pipe failure 

in distribution networks using pipe-specific attributes and historic pipe failure data (Harvey, 

McBean, & Gharabaghi, 2014; Asnaashari, McBean, Gharabaghi, & Tutt, 2013; Sattar, Ertugrul, 

Gharabaghi, McBean, & Cao, 2017). Probabilistic neural networks specifically have also been 

used in a wide range of applications including diagnosing hepatitis disease (Bascil & Oztekin, 

2012) or recognizing hand gestures (Luzanin & Plancak, 2014). 

 

The research describes models to predict the occurrence, frequency, duration, and cause of 

drinking water advisories in First Nations communities using PNN. In addition, the models can be 

used to determine the attributes of a drinking water system that have the greatest influence on 

DWAs. 

 

5.4. Methodology 

Data for this research was assembled from the National Assessment of First Nations Water and 

Wastewater Systems, a report commissioned by AANDC and completed by Neegan Burnside Ltd. 

between 2009 and 2011 (Indigenous and Northern Affairs Canada, 2016). Data from 571 

communities (97% of the First Nations communities in Canada) was collected between September 

2009 and November 2010 (Indigenous and Northern Affairs Canada, 2016). A National Roll-Up 

Report was completed, as well as Regional Roll-Up Reports for Alberta, the Atlantic Provinces, 

British Columbia, Manitoba, Ontario, Quebec, Saskatchewan, and the Yukon. The Northwest 

Territories and Nunavut were excluded from the Roll-Up reports, and therefore are excluded from 

this research. In addition, communities in the Yukon were excluded herein as no advisory data 

were available. Each Roll-Up Report contained over 30 identifiers and attributes for each drinking 

water system, such as system number, system name, treatment class level, water source, 

construction year, maximum daily volume, population served, etc.  

 

Several attributes also included the system age, calculated by subtracting the construction year 

from 2016, or by subtracting the construction year from the year in which the DWA started, 

depending on the dataset. The training level of the primary and secondary operators were also 
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compared to the treatment and distribution levels of the system to create new categories evaluating 

whether the operators were trained to the required level for their system. In addition, geographic 

zone and environmental classification were added based on INAC’s Band Classification Manual 

and online First Nations Profiles. Geographic zone provides an indication of how far a community 

is from a service centre and whether they have year-round road access, and environmental 

classification refers to the latitude of the community which is related to the local climate (Indian 

and Northern Affairs Canada, 2000).  

 

First Nations fall under federal jurisdiction in Canada and therefore work closely with Health 

Canada to monitor drinking water quality. Chief and Council are responsible for issuing and 

rescinding DWAs and Health Canada keeps a record of all DWAs south of the 60° parallel, 

excluding BC First Nations and communities within the Saskatoon Tribal Council who keep a 

record of their own DWAs (Government of Canada, 2017). DWA data were obtained for an eleven 

year period, from January 1, 2004 to December 31, 2014, through Access to Information Requests 

to Health Canada, as well as from the Canadian Broadcasting Company (CBC) in response to an 

inquiry about drinking water conditions in First Nations communities (Levasseur & Marcoux, 

2015). The data received from the CBC included DWA data from both Health Canada and the BC 

FNHA, the health authority responsible for managing and recording DWAs in the province of BC. 

Datasets included province, district, community name, water system name, system type, advisory 

type, advisory reason, date set, and date revoked.  

 

Alberta and Manitoba use the Canadian Network for Public Health Intelligence coding system 

when reporting advisory reason which uses values from 1 – 13 for water quality reasons and a – r 

for operational reasons. All other provinces in Canada use values from 1 – 8 which cover water 

quality and operational issues. In addition, each DWA may have up to five reason codes listed for 

a single event. These inconsistencies across jurisdictions as well as multiple reasons for a single 

DWA were not ideal for using PNN. In an effort to remain consistent across jurisdictions, the 

advisory reason was converted to one of three categories – Health, Quality, or Operation. 

According to the Guidance for Issuing and Rescinding Boil Water Advisories page on Health 

Canada’s website, an emergency DWA is issued when Escherichia coli is detected or when 

treatment processes fail resulting in potential for pathogenic microorganisms in drinking water 
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(Health Canada, 2014). Precautionary DWAs are issued on a precautionary basis when there is 

uncertainty regarding the safety of the water and not necessarily a detected issue. These are often 

related to water quality or operation issues, though they are evaluated on a case-by-case basis. For 

this reason, when multiple advisory reasons were listed for a single DWA event, only the most 

important advisory category was listed, with Health being the most important, and Operation being 

the least important. 

 

Drinking water system data were then matched with DWA data based on community and system 

name. If a DWA was ongoing past 2014, the end date was left blank. The software used to model 

the data could not handle missing data entries, hence any advisories with missing data and 

including those entries with no DWA end date, were removed from the dataset. Any advisories 

with start dates before the given construction year of the system, or data entries labelled as 

“unknown” were also removed so as not to skew the model. The final dataset included 1,526 

advisories issued between January 1, 2004 and December 31, 2014. This combined dataset was 

used to create four separate datasets used to model the occurrence, frequency, duration, and cause 

of DWAs so that each dataset only contained a single dependent variable to be predicted. In some 

datasets, system attributes showed strong correlations between them, such as “Population Served” 

and “Homes Piped”, and therefore the attribute with the lower correlation with the dependent 

variable, based on coefficient of determination (R2) value, was removed. 

 

5.4.1. ANN Model Development 

The four datasets were analyzed using NeuralTools, Version 7.5.1 by Palisade, an independent 

software built as an add-in in Microsoft Excel (Palisade Corporation, 2017). Initially, a generalized 

regression neural network (GRNN) was used on the frequency and duration datasets, which 

predicts numeric values rather than just classifications; however, these models produced results 

with very high root mean square error and mean absolute error values and low R2 values when 

comparing the predicted values to the actual values for frequency or duration. This was due to the 

fact that the dataset provided very little information differentiating a system that had experienced 

only a few DWAs versus several DWAs, or a short DWA versus a longer DWA. As a result, 

frequency and duration were converted to classification problems, where the dependent variable 

was grouped into two or three classes. 
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To convert the frequency dataset from a numeric predictor to a classification problem, the 

frequency values were grouped into three classifications – “0 times”, “1 time”, and “>1 time”. 

Ideally the number of cases in each classification has been determined to be fairly close to equal, 

to discourage the model from being skewed towards the dominant class (Catterson, 2014). In the 

case of the frequency data, a fairly even split would be to divide the data into two classes – “0-1 

time” (57% of the data), and “>1 time” (43%). However, a community never having experienced 

a DWA in the 11 year period may be very different from a community who has experienced at 

least one, therefore three classifications were used instead of two. Duration data were divided into 

two roughly equal classifications with 52% of the data grouped into the “≤2 weeks” class, and the 

remaining 48% in the “>2 weeks” class. The occurrence data were already divided into two classes, 

“Yes”, and “No”, with the two classifications containing 71% and 29% of the data, respectively. 

The final dataset contained individual DWA events with cause as the dependent variable. This 

dataset was also already divided into classifications, with 28% of the DWAs related to “Health”, 

26% related to “Quality”, and 46% related to “Operation”.  

 

Each of the four datasets, namely occurrence, frequency, duration, and cause, were run through 

the ANN software. A list of input variables and target variables to be predicted for each model are 

listed in Tables 1 and 2. Non-numeric data were treated as an independent category and numeric 

data were treated as an independent numeric by the software, with the dependent variable labelled 

as the dependent category. The default testing set size of 20% randomly selected data cases was 

used. Categorical data were one-hot encoded by the software and numerical data were normalized 

by the software by subtracting the mean of each variable from each value and then divided by the 

standard deviation. 
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Table 1: Input variables to the ANN model 

Attribute Description 

Province Alberta, Atlantic, BC, Manitoba, Ontario, Quebec, 

Saskatchewan 

Environmental Classification Classes A-E 

Geographic Zone Zones 1-4 

Source Type GUDI, GW, MTA, SW 

Treatment Class Level I, Level II, Level III, Level IV, MTA, Small 

System 

System Age 6 – 87 years (in 2016, or age at the start of a 

DWA1) 

Maximum Daily Volume 2 – 25,000 m3/d 

Disinfection MTA, No, Yes 

Distribution Class Level I, Level II, Level III, MTA, NA, Small 

System 

Population Served 1 – 7,800 

Number of Homes Piped 0 – 2,363  

Number of Homes Trucked 0 – 766  

Total Pipe Length 55 – 119,123 m 

Pipe Length per Connection 3 – 2,541 m 

Primary Operator Exists No, Not Required, Yes 

Primary Operator is Treatment Certified MTA, No, No Operator, Not Required, Not 

Required Level, Yes 

Primary Operator is Distribution Certified MTA, NA, No, No Operator, Not Required, Not 

Required Level, Yes 

Secondary Operator Exists No, Yes 

Secondary Operator is Treatment Certified MTA, No, No Secondary Operator, Not Required, 

Not Required Level, Yes 

Secondary Operator is Distribution Certified MTA, NA, No, No Secondary Operator, Not 

Required Level, Yes 

Season1 Fall, Spring, Summer, Winter 

Advisory Reason/Cause1 Health, Operation, Quality 

* note that blanks and unknowns were removed, and some input variables were removed if they were 

correlated with other variables 
1 only included in Duration and Cause models 

 
Table 2: Target variables to be predicted by the ANN model 

Attribute Description 

Occurrence No, Yes (within an 11 year period) 

Frequency 0 times, 1 time, >1 time  (within an 11 year 

period) 

Duration ≤2 weeks, >2 weeks 

Cause Health, Operation, Quality 

 

The resulting models were found to be overfit, that is, the model fit the training data well but did 

not do well when applied to the testing set. This was evident by the error values and classification 
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matrices presented in the summary report produced by the software. The software also provided a 

list of relative variable impacts which shows the independent variables that had the greatest 

influence on the model (represented in terms of percentage). These relative variable impacts 

varied, sometimes significantly, when the same dataset was run multiple times, suggesting that the 

models produced were heavily dependent on the training set used.  

 

In this research, a single model could not be generated as the models were overfit and sensitive to 

the cases selected for training, therefore, an “ensembles” approach was adopted, as first proposed 

by Hansen and Salamon (1990). Because models typically have some amount of residual error, in 

this case as a result of the cases selected for training, Hansen and Salamon recommended using 

the same dataset numerous times and using a consensus scheme to decide the collective 

classification. Through a series of experiments, they showed that the “collective decision produced 

by the ensembles is less likely to be in error than the decision made by any of the individual 

networks” (Hansen & Salamon, 1990). Based on their “majority decision rule”, the DWA data 

were run through the PNN model at least five times, and those relative impact variables that 

showed up with an impact greater than 10% in the majority of the model runs were deemed to be 

important in influencing the target variable. 

 

5.5. Research Results 

5.5.1. Occurrence Model 

The occurrence dataset contained a total of 457 drinking water systems following removal of 

outliers and blanks/unknowns. A classification model was used to predict whether the drinking 

water system would experience a DWA or not using the target variables of “Yes” and “No”. Of 

the 457 systems, 329 (72%) had experienced at least one DWA between 2004 and 2014 and 128 

(28%) had not. The dataset was run five times using NeuralTools to ensure that the model was not 

overfit to the training set randomly selected by the model. Classification matrices showed that the 

PNN generated had accuracies ranging from 89% to 96% on the training set, and from 69% to 78% 

on the testing set. In addition to classification matrices, the model’s summary report also provided 

a list of the relative variable impacts, that is, the variables that were most sensitive to changes and 

therefore had the greatest influence on the outcome of the model. In all five model runs, “Province” 

was the highest ranked relative variable with %impact values ranging from 19% to 36% with an 
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average impact of 30%. The “Source Type” was also found to be one of the top ranked variables 

in four of the five model runs with an average impact of 15%.  

 

To understand the factors influencing the occurrence of DWAs within each of the provinces, 

individual province models were generated. The dataset for BC showed strong correlations (R2 ≥ 

0.70) between the maximum daily volume, the size of the population served, and the number of 

homes that receive piped water; hence, “Population Served” was retained for having the strongest 

correlation with the output variable to be predicted, and “Max Daily Volume” and “Homes Piped” 

were removed from the dataset. The BC occurrence dataset contained 116 systems, with 49% of 

those systems having experienced a DWA in the 11 year period, and 51% not having experienced 

a DWA. Five neural networks were produced where the source type and distribution class of the 

system showed up as a highly ranked relative variable impact in all five runs, with average impacts 

of 23% and 21%, respectively. The primary operator’s distribution certification was also an 

important factor in four of the five model runs with an average %impact of 23% across those four 

runs. These models had average accuracies of 84% and 53% on the training and testing sets, 

respectively. 

 

Ontario data were also separated from the Canada-wide dataset. The dataset consisted of 117 

systems, 85% of which had experienced at least one DWA in the 11 year period and 15% of which 

had not. The maximum daily volume, population served by the system, number of homes receiving 

piped water, and the total length of pipe were all correlated, therefore “Pipe Length” was the only 

system attribute of the four that was kept as it had the strongest correlation with the output variable. 

The Ontario occurrence dataset was run through the ANN model a total of five times resulting in 

100% prediction accuracy on the training set and accuracies ranging from 71% to 91% on the 

testing set. It is noted that the uneven distribution of “Yes” and “No” cases in the dataset resulted 

in the model being able to accurately predict a “Yes” with much higher accuracy, as there were 

many more “Yes” cases for the model to learn from. This resulted in many more false positives, 

where the model would predict the outcome to be a “Yes” when it was really a “No”. In the five 

model runs, the total length of the pipe and the number of homes receiving trucked water were the 

top two highest ranked impact variables in all five runs with average impacts of 32% and 25%, 

respectively.  
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5.5.2. Frequency Model 

The dataset for First Nations drinking water systems across Canada contained 470 entries. The 

frequency data were divided into three classes to turn the numerical model into a classification 

one. The “0 times”, “1 time”, and “>1 time” groups contained 131 (28%), 136 (29%), and 203 

(43%) entries, respectively. The dataset was run through the PNN software a total of five times 

and, as with the Occurrence model, “Province” appeared as the top relative variable impact in all 

five runs with an average impact of 29%. The number of homes receiving trucked water as well as 

the treatment class of the system were also important attributes that showed up as highly ranked 

variables in four of the five runs, both with an average impact of 19%. These models had accuracies 

ranging from 56% to 86% on the training set, and 46% to 57% on the testing set.  

 

To investigate the influence of system attributes, the dataset was divided into smaller datasets for 

BC and Ontario, with the BC dataset containing 116 drinking water systems. The classes consisted 

of 51% of the data in the “0 times” class, 27% in the “1 time” class, and 22% in the “>1 time” 

class. The maximum daily volume of the system, population served, and number of homes 

receiving piped water all showed strong correlations with each other, therefore “Population 

Served” was used as it had the greatest correlation to the output variable, and “Max Daily Volume” 

and “Homes Piped” were removed. The dataset was run through the ANN software a total of five 

times resulting in average accuracies of 78% and 39% on the training and testing sets, respectively. 

No single input variable had a significant impact in all five runs, although three variables had a 

significant impact in four of the five runs (“Source Type” with an average impact of 22%, “1st 

Operator Exists” with 18%, and “1st Operator Distribution Certified” with 17%). 

 

The Ontario dataset contained 118 drinking water systems, with 19 (16%) entries in the “0 times” 

class, 49 (42%) in the “1 time” class, and 50 (42%) in the “>1 time” class. The number of homes 

receiving piped water showed strong correlations with the maximum daily volume, population 

served, and the total pipe length, therefore only “Homes Piped” was used as an input attribute and 

the other three were removed. Three of ten models had accuracies ranging from 85% to 96% for 

the training set but only 38% to 57% for the testing set. The source water type had a significant 

influence on the output but was not the top impact variable in any of the runs and only had an 

average impact of 13%. 
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5.5.3. Duration Model 

DWA duration data were run through NeuralTools using a Canada-wide dataset of 1167 individual 

DWA events matched to system data, with 605 (52%) of those lasting ≤2 weeks and 562 (48%) 

lasting >2 weeks. None of the system attributes showed strong enough correlations with other 

attributes to justify removing them. The dataset was run through the software five times, with 

“Province” appearing as a high impact variable in every run with an average impact of 19%. The 

“System Age” and “Environmental Classification” also showed up in four of the five runs with 

average impacts of 21% and 13%, respectively. These models had average accuracies of 84% and 

62% on the training and testing sets, respectively. 

 

As with the Occurrence and Frequency models, the Canada-wide dataset was divided into 

individual province datasets. The Alberta dataset contained 216 individual DWA events, 94 (44%) 

of which lasted less than or equal to two weeks, and the remaining 122 (56%) lasting more than 

two weeks. “Max Daily Volume” was found to be correlated with “Population Served” and 

“Homes Piped”, therefore “Max Daily Volume” was used while the other two attributes were 

removed. The dataset was run five times, generating average accuracies of 95% on the training set 

and 71% on the testing set. The age of the system at the time of the start of the DWA had the 

greatest influence on the outcome of the model, with “System Age” appearing as the top impact 

variable in all five runs with an average impact of 38%. The distribution certification of the primary 

operator also appeared as a higher impact variable in four of the five runs with an average impact 

of 15%.  

 

British Columbia was also run as an individual dataset with a total of 88 data entries, split 

somewhat unevenly with 39% of the DWA events lasting less than or equal to two weeks and 61% 

lasting more than two weeks. The data showed very strong correlations between “Max Daily 

Volume”, “Population Served”, and “Homes Piped”, therefore “Max Daily Volume” and 

“Population Served” were removed as “Homes Piped” showed the strongest correlation with the 

output variable. The dataset was run through the software five times, with the primary operator’s 

treatment certification and season that the DWA started in appearing as high impact variables in 

all five runs with average impacts of 19% and 17%, respectively. The number of homes receiving 
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piped water was also a high impact variable, appearing as a higher impact variable in four of the 

five runs. The training set and testing set had average accuracies of 93% and 64%, respectively. 

 

The Ontario dataset consisted of 394 individual DWA events, with 231 (59%) lasting less than or 

equal to two weeks, and 163 (41%) lasting more than two weeks. Based on correlations between 

variables, “Max Daily Volume” and “Homes Piped” were removed. The dataset was run through 

NeuralTools five times resulting in average accuracies of 81% on the training set and 71% on the 

testing set. The only input variable that had a significant impact on the output in all five models 

was “Environmental Classification” which refers to the latitude, with an average impact of 22% 

across the five models.  

 

The final province dataset to be run through the ANN software was Saskatchewan, which consisted 

of 317 data entries, split evenly in half with 159 entries in the “≤2 weeks” class and 158 entries in 

the “>2 weeks” class. None of the variables showed strong correlations with other variables, 

therefore no input attributes were removed. As before, the dataset was run five times and found 

that the season in which the DWA started was the most consistent attribute influencing the model, 

showing up as a high impact variable in all five runs with an average impact of 17%. The length 

of pipe per connection (“Pipe Length per Connection”) and latitude (“Environmental 

Classification”) also appeared as high impact variables in four of the five runs, with average 

impacts of 19% and 14%, respectively. The models generated predicted the correct classification 

84% of the time in the training set, and only 57% of the time when the model was applied to the 

testing set.  

 

5.5.4. Cause Model 

The final model looked at what factors influence the cause of the DWA. The data were grouped 

into three classes, “Health”, “Quality”, and “Operation”, based on reason codes provided for each 

DWA. The Canada-wide dataset contained 1,155 individual DWA events, 322 (28%) entries in 

the “Health” class, 298 (26%) in the “Quality” class, and 535 (46%) in the “Operation” class. The 

dataset was run through the software five times, with average accuracies of 78% and 66% on the 

training and testing sets, respectively. “Province” was found to be a major factor influencing the 
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outcome in all five runs with a high average impact of 33% across the five models. “System Age” 

also appeared as an important factor in four of the five runs, with an average impact of 26%.  

 

In order to further investigate the factors that influence drinking water systems in each province, 

the Canada-wide dataset was divided into smaller datasets based on province. The province of 

Alberta had 210 entries, 30% in the “Health” category, 64% in the “Quality” category, and 6% in 

the “Operation” category. The “Max Daily Volume” showed strong correlations with both 

“Population Served” and “Homes Piped”, therefore only “Max Daily Volume” was used in the 

model. In all five model runs, the age of the system was the top impact variable with an average 

impact of 54%, and the average accuracies were 90% on the training set and 74% on the testing 

set. 

 

The BC dataset only contained 86 data entries, 76% health related, 14% quality related, and 10% 

operation related. Strong correlations were found between “Population Served”, “Max Daily 

Volume”, and “Homes Piped”. Based on correlations between these variables and the output 

variable, “Population Served” was used while the other two were removed from the dataset. This 

is a fairly small dataset which helps to explain why the results were very sensitive to the training 

cases chosen by the model. The model was run five times and in each run, new relative variable 

impacts showed up as high impact variables. However, a few high impact variables were 

consistent, including “Source Type” which showed up in all five runs with an average impact of 

21%, and “Disinfection” which showed up in four of the five runs with an average impact of 17%. 

These models had accuracies ranging from 88% to 100% on the training set, and 53% to 75% on 

the testing set.  

 

The dataset for Ontario contained 391 data entries, unevenly divided amongst the classes, with 79 

(20%) of entries in the “Health” class, 66 (17%) in the “Quality” class, and 246 (63%) in the 

“Operation” class. Strong correlations were found between several variables and therefore, 

“Population Served” and “Pipe Length” were removed from the dataset. The data were run through 

NeuralTools five times, with the season in which the DWA started appearing as a high impact 

variable in every run with an average impact of 15%. The number of homes receiving piped water, 

as well as the secondary operator’s treatment certification were both high impact variables in four 
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of the five model runs with average impacts of 22% and 17%, respectively. The models correctly 

classified the training cases 74% of the time on average, and correctly classified the testing cases 

64% of the time on average. 

 

The final provincial dataset to be run through the software was Saskatchewan, with 309 individual 

DWA events, 8% of which were in the “Health” class, 15% in the “Quality” class, and 77% in the 

“Operation” class. No variables were removed as there were no strong correlations between the 

variables in this dataset. As before, the dataset was run five times, with average accuracies of 82% 

and 75% on the training and testing sets, respectively. Of the five runs, “Season” was a high impact 

variable in four of the runs, with an average impact of 20%.  

 

5.6. Discussion 

Overall, the models performed fairly well after using an ensembles approach to get a better 

representation of what input attributes had a greater effect on the model. Each of the models were 

able to classify the training data with above 74% accuracy on average. Classification accuracies 

on the testing set were overall not as high and had a greater range, from 39% to 83% depending 

on the model. In each of the four main models, Occurrence, Frequency, Duration, and Cause, the 

“Province” was found to be the main attribute influencing the output in the Canada-wide datasets. 

This is not too surprising given the size of the country and the fact that each province experiences 

different climate, geophysical conditions, and culture.  

 

In Canada, the Guidelines for Canadian Drinking Water Quality lay out acceptable levels of 

microbiological and chemical contaminants in drinking water. These guidelines are established at 

the federal level and published by Health Canada. However, they are not legally enforceable and 

are only used as a guide by provincial governments to develop regulations and policies to govern 

their own water. Canada is the only Organisation for Economic Co-operation and Development 

(OECD) country to not have legally enforceable drinking water standards at the federal level 

(Bakker & Cook, 2011). This means that provinces can choose whether to adopt these guidelines 

and to what extent (Cook, et al., 2013). A review of water governance by Hill, Furlong, Bakker, 

and Cohen (2008) found that Canada has the most decentralized water governance structure of the 

Commonwealth or G7 countries. A paper by Bakker and Cook (2011) looked at this fragmentation 
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of water governance across Canada, and argued that this fragmented way of governing water 

quality has had a negative impact on Canada’s ability to manage its water resources effectively. 

First Nations fall under federal jurisdiction and therefore are required to meet the standards for all 

microbiological, chemical, and physical parameters outlined in the Guidelines. 

 

Though First Nations are under federal jurisdiction, they are still influenced by provincial factors 

and face unique challenges within their provinces. A study conducted in Alberta in 2005 looked at 

evaluating 56 drinking water supply systems on their ability to protect public health (Smith, Guest, 

Svrcek, & Farahbakhsh, 2006). The researchers found that 89% of the systems they visited were 

considered high risk which they attributed to lack of characterization of the source water, lack of 

redundancy of the water supply, lack of source water protection, poor operation, lack of online 

monitoring equipment, lack of backup equipment, and lack of routine cleaning, inspection and 

maintenance (Smith, Guest, Svrcek, & Farahbakhsh, 2006). As of October 1, 2013, First Nations 

in BC decided to take control of their own health programs, creating the BC FNHA in which they 

plan, design, manage, deliver, and fund health programs to communities across BC (First Nations 

Health Authority, n.d.).  

 

In Quebec, language may be a barrier to working with local watershed associations or to getting 

technical help, as French is the main language for many people in Quebec, while some First 

Nations communities, such as Kahnawà:ke, only speak English or a native language (Rizvi & 

Adamowski, 2013). In addition, socio-political tensions exist as a result of First Nations territorial 

claims and the strong sense of belonging to the territory experienced by both First Nations and the 

Quebec people (Rizvi & Adamowski, 2013). A study conducted in Montreal Lake, Saskatchewan 

investigated the capacity of the First Nations community to provide safe drinking water and found 

that communication between the Montreal Lake Band Council, Prince Albert Grand Council 

(PAGC), and INAC was inadequate which could potentially place residents at risk (Lebel & Reed, 

2010). They also found that homes receiving water from the truck haul distribution system were 

at a higher risk of drinking unsafe water (Lebel & Reed, 2010). While these studies only represent 

a very small fraction of First Nations communities, they do allude to factors that are not directly 

reflected in the datasets but that do influence issues with drinking water safety, and may help to 

explain the differences between provinces.  



 

 

61 

 

 

Datasets for individual provinces were also run for each of the four main models, however, not 

every province dataset could produce a useful model. Oftentimes, the dataset would be too small 

which would result in either overfitting, as there were not enough cases to learn from, or neural 

nets with very high error if the dataset were too complex relative to the number of cases. The BC 

and Ontario datasets were large enough to be run for all four models since these two provinces had 

enough communities as well as DWAs to make large enough datasets. Alberta and Saskatchewan 

did not have enough drinking water systems to run the datasets through the Occurrence and 

Frequency models, but both had enough individual DWA events to be able to run them in the 

Duration and Cause models. It should be noted that for those datasets run, relatively high 

accuracies on the training or testing sets do not necessarily mean that the model is a great fit for 

the dataset, but rather that the model could correctly classify the dominant class which represented 

the majority of the dataset.  

 

As the Canada-wide neural nets suggested, each province had different factors influencing the 

occurrence, frequency, duration, and cause of DWAs. In Alberta, both the Duration and Cause 

models showed that “System Age” had the greatest impact on the output of the models. Looking 

at the raw data (see Figure 17), we can see that when the system is between 11 to 25 years old, the 

DWAs historically have lasted more than two weeks. It makes sense that as the system ages, it 

may experience more issues and require more maintenance. An aging drinking water system also 

means increased operation and maintenance costs to keep equipment running and also to fix or 

replace equipment when something goes wrong. In some communities, it may be difficult to 

provide the capital required to address an issue, resulting in DWAs that take longer to rescind. 

While the trend shifts back to DWAs lasting less than or equal to two weeks when the system is 

26 years or older, these DWAs only make up 15% of the total number of DWAs. The cause or 

reason for issuing the DWA also changed with system age (Figure 18), though 64% of the DWAs 

issued in Alberta between 2004 and 2014 were for Quality reasons. It is important to note that 

artificial neural networks use the input variables in an interconnected way, therefore it is not 

sufficient to simply look at the raw data to explain trends found by the neural network. 
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Figure 17: Number of DWAs lasting ≤2 weeks and >2 weeks for each system age range 

 
Figure 18: Number of DWAs issued for Health, Quality, and Operation reasons as related to the age of the system 

The province of BC’s datasets were run through all four models, Occurrence, Frequency, Duration, 

and Cause. In three of these four models, the “Source Type” had the most impact on the outcome 

of the model. Almost half of the drinking water systems in BC rely on groundwater (GW) as their 

main source of drinking water, followed by surface water (SW), municipal type agreements (MTA) 

with neighbouring communities, and groundwater under direct influence of surface water (GUDI) 

(see Figure 19). Approximately half of these groundwater systems have experienced at least one 

DWA in their system, and over half of the surface water systems have experienced at least one 
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DWA (see Figure 20). From Figure 21 it can be seen that groundwater and surface water sources 

have more DWAs issued for health reasons.  

 

Figure 19: Breakdown of source water type in BC 

 

Figure 20: The frequency in which DWAs occur in systems that rely on different source types 
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Figure 21: Reason for issuing a DWA broken down by source type 

Source water protection has been a growing focus in many jurisdictions across Canada, especially 

after water contamination events in Walkerton, Ontario, and North Battleford, Saskatchewan. The 

Clean Water Act was enacted following the Walkerton tragedy to protect existing and future 

sources of drinking water, with a main focus on Source Water Protection Plans (SWPP) 

(Government of Ontario, 2017). Similarly, Saskatchewan developed their Safe Drinking Water 

Strategy, working with municipalities, conservation authorities, and stewardship groups to develop 

watershed management plans (Saskatchewan Environment). Other provinces and territories across 

Canada have also adopted similar policies and legislation to protect source water. For First Nations 

communities, INAC has provided the First Nations On-Reserve Source Water Protection Plan 

which guides First Nations communities through the steps required to develop a SWPP 

(Indigenous and Northern Affairs Canada, 2014). However, many First Nations communities in 

BC are classified as small- or medium-sized making it difficult for them to gain the financial, 

technical, human, and legal capacity to complete a SWPP (Patrick, 2011). In addition, a study in 

BC’s Okanagan Basin found that there was ineffective communication between watershed 

stakeholders, fragmented inter-agency relations, and competing interests for resources, all of 

which act as barriers to communities trying to develop SWPPs (Patrick, 2009).  

 

The BC Duration model was the only model of the four that did not point to “Source Type” as the 

most important factor influencing the output. In this model, the primary operator’s treatment 
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(Figure 22), it is clear that drinking water systems that do not have an operator or who do not have 

an operator who is treatment certified, have historically had more DWAs lasting for more than two 

weeks. Murphy, Corston-Pine, Post, & McBean (2015) conducted surveys of 79 BC First Nations 

water treatment operators and found that 42% of respondents were not certified or not certified to 

the level required for their drinking water treatment system. In addition, 15 operators responded 

that they were not satisfied with their job, citing wages and hours of work, as well as lack of 

funding and support from band council as major reasons for their dissatisfaction (Murphy, 

Corston-Pine, Post, & McBean, 2015). This is in line with the challenges reported by the majority 

of operators surveyed who stated that gaining support from band councils and dealing with a lack 

of funding for operation and maintenance of their systems were their major issues. The study also 

found that there was a wide variation in the number of hours that operators are required to work, 

as well as variation in compensation in terms of salary and weeks of paid vacation. These, as well 

as other factors, contribute to operator retention and in turn, DWAs, as a satisfied trained operator 

is more likely to remain in the community, take pride in their work, and respond to issues faster. 

 

Figure 22: Breakdown of DWA duration by the primary operator's treatment certification level relative to the system level 

Ontario’s datasets were also run through all four models, Occurrence, Frequency, Duration, and 

Cause. Unlike Alberta and BC’s results, the main factors influencing the outputs in Ontario’s 

datasets were different for each model. The occurrence of a DWA in a community was most 

influenced by the total length of pipe in the distribution system as well as the number of homes 

receiving trucked water. “Pipe Length” was found to be correlated with the maximum daily 
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volume, population served by the system, and the number of homes piped, attributes that were 

removed from the dataset. Essentially the occurrence of a DWA in a drinking water system is 

influenced by the size of the system and the number of people serviced. As seen in Figure 23, 

smaller communities, as in those with less total length of pipe in their distribution system, have a 

much higher proportion of DWAs occurring as opposed to not occurring. The same trends are 

observed when looking at the maximum daily volume, population served, and homes piped. Health 

Canada classifies a system as small if it serves less than 5000 people (Health Canada, 2013). 

Smaller communities face unique challenges in that they are required to meet the same water 

quality standards but lack the economic resources of larger communities and do not experience the 

effect of economies of scale (Smith, Guest, Svrcek, & Farahbakhsh, 2006). This is especially 

pronounced in First Nations communities who encounter additional social, cultural, climactic, and 

geographic challenges, and who rely on funding from the federal government to operate and 

maintain their drinking water systems. 

 

Figure 23: Number of drinking water systems having experienced and not having experienced a DWA based on the total length of 

pipe in the distribution system 

In addition, the models found that the number of homes receiving water from truck delivery had 

an influence on the occurrence of a DWA. Of the 19 communities in Ontario that have people 

receiving trucked water, 15 of them have experienced at least one DWA at some point between 

2004 and 2014. As noted in previous studies, the use of truck delivery can increase the risk of 

drinking contaminated water as contamination can occur during the loading, transportation, 

unloading, and storage of water in cisterns on private properties (Lebel & Reed, 2010; Smith, 
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Guest, Svrcek, & Farahbakhsh, 2006). Truck delivery can also add extra operation and 

maintenance costs to the community, making it difficult to provide adequate funding to all aspects 

of the water treatment system to ensure safe drinking water to residents. 

 

The frequency in which a DWA occurs in an Ontario community was most influenced by the 

source type. In Ontario, 70% of First Nations communities surveyed by Neegan Burnside Ltd. 

were using surface water as their primary source of drinking water. As seen in Figure 24, these 

surface water systems have historically experienced one or more DWAs. Groundwater under direct 

influence (GUDI) of surface water systems also have a higher proportion of DWAs occurring more 

than once in their systems. Surface water and GUDI sources are more prone to contamination than 

groundwater systems, and experience more seasonal fluctuations in both quality and quantity 

(Meybeck, Kuusisto, Makela, & Malkki, 1996). This requires water treatment systems to be more 

robust in order to handle these contaminants and fluctuations, as well as have a well-trained 

operator who can adjust the treatment when necessary. If the quality of a water source is fluctuating 

and the treatment system is not equipped to handle those changes, it makes sense that a system that 

has previously experienced a DWA will experience multiple DWAs. As previously mentioned, 

source water protection plans are also important tools to help preserve drinking water sources. 

 

Figure 24: Frequency of DWAs based on source type 
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The model results showed that the environmental classification, that is, the latitude of the 

community, had the greatest influence on the duration of the DWA in Ontario. From Figure 25, it 

can be seen that as one moves farther north, the proportion of DWAs lasting more than two weeks 

in duration increases, with approximately 23% of DWAs in southern Ontario (“A”) lasting more 

than two weeks, and 100% of DWAs much farther north in Ontario (“D”) lasting more than two 

weeks.  

  

Figure 25: Duration of DWAs based on Environmental Classification (as defined by the Band Classification Manual) (Indian 

and Northern Affairs Canada, 2000) 

Latitude of the communities is somewhat correlated with the “Geographic Zone” or measure of 

remoteness, in that the communities farther north (“C” and “D”) tend to be farther away from 

service centres or do not have road access. This can make it difficult for communities to get the 

technical support they need, as well as the supplies required to operate and maintain the drinking 

water system. Increased travel distances also mean increased costs associated with bringing in 

supplies and sending operators out of the community to be trained. While remoteness certainly 

plays a large role in influencing DWAs, a community’s distance and access to a service centre 

cannot be the only factor resulting in longer DWAs in more northern communities. If remoteness 

were the sole reason, the model would have shown “Geographic Zone” as the main attribute 

influencing the duration, but this was not the case. The geographic location of a community will 

determine climate, and inclement weather can play a role in the timeliness of deliveries which may 

affect how quickly issues are resolved. Operator training is also reflected in the “Environmental 

Classification” as the five communities in the south of Ontario have a fully trained primary 
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operator and the one community with an environmental classification of “D” does not have an 

operator who is trained. Having a well-trained operator can also help to resolve issues faster and 

reduce the duration of a DWA. 

 

Finally, the Ontario dataset was run to predict the cause or reason for issuing the DWA, and the 

model found that the season in which the DWA was issued had the greatest influence on whether 

the DWA would be issued for Health, Quality, or Operation reasons. Most DWAs were issued for 

operation reasons, such as a line break in the distribution system or planned maintenance (see 

Figure 26). Winter was the only season in which more DWAs were issued for quality reasons than 

for health reasons. Looking at the original reason codes for these DWAs, the majority of cases 

listed unacceptable turbidity or particle counts, often as a result of challenges with the treatment 

and distribution system and mechanical failures. As previously mentioned, approximately 70% of 

systems in Ontario rely on surface water, which is more variable in terms of quality and 

temperature than groundwater sources. In lower temperatures, water intakes and distribution 

systems are more susceptible to freezing which can result in line breakages and therefore an 

increased risk of contamination. In addition, for those systems using conventional water treatment, 

coagulant dosing and settling times may need to be adjusted to account for colder water 

temperatures as cooler temperatures affect the water viscosity and the chemistry and rate of 

coagulation (Fitzpatrick, Fradin, & Gregory, 2004). 

 

Figure 26: Cause of DWAs broken down by season in which the DWA was issued 
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The final provincial dataset belonged to Saskatchewan which was run to predict the duration and 

cause of DWAs. In both models, the season in which the DWA was issued was the most important 

factor influencing the output of the models. From Figure 27, it can be seen that two thirds of DWAs 

that start in the spring typically last more than two weeks. DWAs that start in the fall also have 

historically lasted more than two weeks, though this difference in duration is not as prominent. 

Operational reasons account for the majority of the DWAs issued in Saskatchewan (Figure 28), 

regardless of the season, therefore it is more valuable to look at the ratios of health to quality 

related DWAs. Similar to the Duration model, the Cause model shows that more DWAs are issued 

for water quality reasons than health reasons in the spring and fall. Specific reason codes for each 

DWA list water deterioration, inadequate disinfection, and turbidity as the main reasons.  

 
Figure 27: Duration of DWAs based on the season in which the DWA was issued 
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Figure 28: Cause of DWA based on the season in which the DWA was issued 

In Saskatchewan, close to 70% of the systems surveyed relied on groundwater as their primary 

source of drinking water, and 19% relied on surface water. In the spring, runoff from snow melt 

and rainfall events can increase turbidity, both in surface water and groundwater. Increased 

turbidity has also been observed in groundwater in the fall as a result of natural recharge and larger 

rainfall events after dry summer periods (Kresic & Stevanovic, 2010). In surface water, lake 

turnover as a result of changing temperatures can also increase turbidity levels (Water on the Web, 

2008). These increased turbidity levels can pose challenges to water treatment systems, as 

treatment may need to be adjusted to account for the changes in water quality. This would help to 

explain why DWAs that start in the spring or fall usually last longer than in the summer and winter 

when water quality is more stable. 

 

In each of these models, missing data, “unknown” data entries, and outliers were removed, 

therefore the results discussed above do not apply to or represent all communities. For example, 

one community in Ontario has 559 homes receiving trucked water but since this was considered 

an outlier, it was removed from the dataset. These outlier communities may face unique challenges 

not identified in the modelling simply because they are outliers, and the issues related to DWAs 

province-wide may not be the issues most pressing in these communities. Also, the fact that the 

models were so sensitive to the training set used reinforces the idea that each community is unique 

and therefore it is important to factor in the individuality of the community when looking for a 

long-term solution to DWAs. In addition, each Canada-wide model found province to be the main 
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attribute influencing the dependent variable, suggesting that focusing on a single factor is not 

possible at the federal level and that a blanket approach to addressing issues is not sufficient. This 

is in line with the Report of the Expert Panel on Safe Drinking Water for First Nations that states 

that “it is inappropriate…to think of all First Nations as a homogeneous group as it would be to 

think of all of Canada’s provinces and territories that way” (Swain, Louttit, & Hrudey, 2006).  

 

5.6.1. Comparison with Previous Models 

As previously mentioned, decision tree analysis was used by Thompson (2016) on the same 

datasets to find factors influencing the occurrence, frequency, duration, and cause of DWAs in 

First Nations communities. While the same original datasets were used for DTA and ANN models, 

some changes were made prior to running the data through the ANN models. Data entries with 

unknown values were removed from the datasets so as not to skew the model results. In addition, 

neural networks are not as robust at handling outliers so those were also removed prior to running 

the data through the ANN software. Correlated attributes were also removed from the datasets 

used for ANN, while all attributes were kept in the DTA models. Finally, the frequency datasets 

were divided into three classifications instead of two, separating the previously defined class of 

“0-1 time” into “0 times” and “1 time” to differentiate between communities who had experienced 

and had not experienced a DWA in the past. 

 

The decision trees generated in the Thompson study had accuracies ranging from 64.2% to 70.9%, 

while the accuracies on the training sets using ANN had accuracies of 74% to 100%. When applied 

to unseen data (i.e. the testing set), the accuracies fell to 39-83% in the ANN models. Results from 

the two studies are summarized in Table 3. Only Canada-wide decision trees were generated in the 

Thompson study, however, since “Province” was always a key attribute, provincial factors could 

be taken from the decision trees as well for most cases. 
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Table 3: Comparison of key factors affecting the occurrence, frequency, duration, and cause of DWAs across Canada using DTA 

and ANN models 

Model DTA (Thompson) ANN (current study) 

Top Variables Accuracy Top Variables Accuracy 

Occurrence 
Canada 

 

Province 

 

70.9% 

 

Province 

 

93% 

BC Disinfection 

Pipe Length per Connection 

70.9% Source Type 

Distribution Class 

1st Operator Distribution Certified 

84% 

Ontario Homes Piped 70.9% Pipe Length/Population Served/Homes 

Piped 

Homes Trucked 

100% 

Frequency  
Canada 

 

Province 

 

69.6% 

 

Province 

 

78% 

BC No other attributes 69.6% Source Type 

1st Operator Exists 

1st Operator Distribution Certified 

78% 

Ontario Population Served 

Source Type 

69.6% Source Type 91% 

Duration  
Canada 

 

1st Operator Treatment Certified 

Province 

 

64.2% 

 

Province 

 

84% 

Alberta Pipe Length per Connection 64.2% System Age 

1st Operator Distribution Certified 

95% 

BC No other attributes 64.2% 1st Operator Treatment Certified 93% 

Ontario No other attributes 64.2% Environmental Classification 81% 

Saskatchewan Cause 64.2% Season 

Pipe Length per Connection 

Environmental Classification 

84% 

Cause  
Alberta 

 

1st Operator Treatment Certified 

Population Served 

System Age 

Treatment Class 

 

67.2% 

 

System Age 

 

90% 

BC Source Type 

2nd Operator Treatment Certified 

1st Operator Exists 

Season 

67.2% Source Type 

Disinfection 

95% 

Ontario Treatment Class 

Maximum Daily Volume 

System Age 

1st Operator Distribution Certified 

67.2% Season 

Homes Piped/Pipe Length/Population 

Served 

2nd Operator Treatment Certified 

74% 

Saskatchewan Pipe Length 67.2% Season 82% 

*Accuracies reported are accuracies on the training sets 

From the table above, it can be seen that the two models identified different attributes as key factors 

influencing the occurrence, frequency, duration, and cause of DWAs, with the exception of 

Canada-wide models which all suggested that “Province” was an important factor, and a few others 

that showed similar results. These discrepancies between the two studies could partially be 

attributed to the fact that the datasets used in both studies were not identical, however, the main 

difference is in how the data are processed by the two models. Decision tree analysis partitions the 

data one layer at a time, whereas ANN uses all the data and input attributes at once, taking into 

consideration the interconnectedness of the attributes. 
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The difference in results using DTA versus ANN highlights the importance of understanding the 

models being used to analyze data – how results are calculated, what the limitations of the models 

are, and how to interpret the results. The ANN model was very sensitive to the training set but fit 

the data very well, producing higher accuracies than those using DTA. This, however, meant that 

the model had to be run multiple times in order to better understand what attributes had the greatest 

impact in influencing the outputs, which resulted in an ensemble of models rather than a single 

one to explain the data. 

 

The difference in results between the two studies also highlights the difficulty in pinpointing where 

exactly the issues are, and therefore where exactly time and resources should be focused in order 

to address these issues. The issues are also complex and unique for each community, therefore 

addressing only a single identified attribute from either model is not sufficient for ending DWAs 

in First Nations communities. 

 

5.6.2. Limitations 

As previously mentioned, the frequency and duration data were converted from numerical values 

to ‘classes’ since the ANN model had high error values trying to predict the exact frequency and 

duration of DWAs. This was because the dataset provided little information differentiating a 

community that had experienced only a few DWAs versus one that had experienced several, or a 

short DWA versus one longer in duration. Having more community specific data may have 

allowed the use of numeric predictor models rather than classification ones. 

 

The size of the datasets was also a limiting factor in this study. Some provinces could not be run 

through the software as the datasets were too small and therefore there were not enough cases for 

the model to learn from. Even the datasets that were run were overfit, suggesting either that the 

datasets were not large enough to be representative, or that the data are too complex. The data may 

also be skewed by precautionary DWAs, since DWAs issued for precautionary reasons are treated 

the same by the model as those issued when there is a more serious problem with the system. 

Environment and Climate Change Canada (ECCC) reported that in 2015, 78% of boil water 

advisories in Canada (excluding First Nations) were issued on a precautionary basis (Environment 

and Climate Change Canada, 2016). These are usually related to issues with the equipment or 
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processes in the drinking water treatment plants. Health Canada does not specifically record when 

a DWA is precautionary, however, the reason codes given for issuing a DWA suggest that many 

of the DWAs issued in First Nations communities are precautionary in nature as well. The 

precautionary DWAs may cause communities to be grouped with other communities dealing with 

more severe DWAs, causing the model to try to find common patterns between the two different 

communities and advisories. 

 

The data available for this study was limited, therefore certain assumptions needed to be made. 

The data being used came from several sources such as the National Assessment of First Nations 

Water and Wastewater Systems, Health Canada, the BC FNHA, CBC, and INAC’s Band 

Classification Manual. The data were matched together based on community, so some errors may 

have occurred during the matching process. In addition, the system information taken from the 

National Assessment of First Nations Water and Wastewater Systems was data collected at a single 

point in time between 2009 and 2010, whereas the DWA data were taken from 2004 to 2014. 

While changes in these systems do not occur frequently due to financial and institutional barriers, 

they can occur, which could potentially change the neural nets generated in this study. It was 

assumed that the majority of the systems did not undergo any major changes, and therefore it was 

still valid to match the data from different time spans. 

 

Finally, error may be introduced due to inconsistencies in the recording of data, particularly the 

reason for issuing a DWA. Water testing is either conducted by a Community-Based Drinking 

Water Quality Monitor or an Environmental Health Officer (EHO) and if a potential issue is 

identified, appropriate recommendations are communicated to Chief and Council. If a DWA is 

issued, a reason code is recorded to indicate why the DWA was issued. These reason codes are 

somewhat vague, and there can be up to five reason codes provided for a single DWA event. In 

addition, the provinces of Alberta and Manitoba use a different coding system from the rest of 

Canada. To be consistent for the purpose of this study, the reason or cause of the DWA was 

grouped into one of three categories. This conglomerated the two reason code systems, as well as 

condensed multiple reason codes into a single category, but this simplification process may also 

have introduced some error. 
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5.7. Conclusions and Recommendations 

Overall, the artificial neural networks generated predicted the occurrence, frequency, duration, and 

cause of drinking water advisories in First Nations communities with accuracies greater than 74%. 

While single representative models could not be generated due to the sensitivity of the models to 

the training cases selected, higher impact variables or those attributes that had a greater influence 

on the outcome of the models were identified using an ensembles approach. Each of the four 

models found province to be a key factor, reinforcing the need for a more specialized and directed 

approach in each of the provinces rather than a Canada-wide view of the issues.  

 

In Alberta, resources should be focused on maintaining and upgrading drinking water systems as 

“System Age” had the greatest influence on the duration and cause of the DWAs. British Columbia 

was most influenced by the “Source Type” and operator training levels, suggesting that a greater 

focus should be placed on source water protection, and operator training and retention. In Ontario, 

smaller communities may require greater financial aid and support in order to operate and maintain 

their systems, as they do not benefit from the effect of economies of scale that larger communities 

experience. Communities located farther north dealing with remoteness, different climate 

conditions, and operator training and turnover issues also require greater technical support in order 

to reduce the duration of their DWAs. In addition, 70% of the systems in Ontario rely on surface 

water as their primary drinking water source, which is more prone to fluctuations in quality and 

quantity, especially with the changing seasons. Providing more technical support and training for 

operators to deal with these changes may also help to reduce the frequency of DWAs and the 

number of DWAs issued for water quality reasons. The same can be said for communities in 

Saskatchewan which experience longer DWAs and more DWAs related to water quality issues in 

the spring and fall when water quality is changing. 

 

Artificial neural networks are a series of interconnected nodes that pass information from one layer 

to the next. Because of this complex structure, the input attributes and their effects on the output 

of the model are interconnected, meaning that changing one attribute may not necessarily affect 

the output, depending on the other attributes. This means that focusing resources on only one 

aspect of a drinking water treatment system may not be sufficient to reduce the occurrence, 

frequency, and duration of DWAs or affect the cause. Each community may have a unique 
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combination of attributes and issues that need to be addressed at the community level. This idea 

was further reinforced by the fact that the models generated were overfit and sensitive to the 

training set chosen. In addition, each of these recommendations, from developing Source Water 

Protection Plans to training operators and providing more technical support to build capacity, 

comes with challenges which may be specific to the community. Results from this study, as well 

as those from previous studies, should be used as guidelines only to start the process of addressing 

issues on a smaller, more regional scale, and to engage people at a community level. 

 

The results of this research showed that using an ANN model and an ensembles approach to 

analyze data is a viable way of identifying key factors and trends in a dataset. The same 

methodology can be applied to any dataset to identify sources of an issue, as well as the relative 

impact of different factors at play and how they interact to produce an outcome. The results from 

these types of studies can then be used to guide decision makers to find effective solutions and 

mitigate issues, whether in addressing DWA issues or for some other application. 
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6.  Conclusions and Recommendations 

Clean safe drinking water is a basic human need and one that many people take for granted. While 

many communities prioritize drinking water, ensuring that water treatment systems are working 

properly and that personnel are adequately trained, most approaches to protecting drinking water 

are more reactive rather than proactive. This can increase the risk to public health, especially if a 

drinking water advisory needs to be issued. First Nations in Canada are experiencing an alarming 

number of DWAs and the number of DWAs in these communities continues to rise. These 

communities often lack the resources and technical capabilities to address the root causes of the 

issues, and while millions of dollars have been spent on water and wastewater infrastructure by 

the federal government, there continues to be little progress towards long-term solutions for all 

communities. 

 

In an attempt to address the issue of DWAs, both in First Nations and non-First Nations 

communities, the robustness of Alberta’s Drinking Water Safety Plan was evaluated and a 

condensed version was developed. The condensed WSP was found to be more robust in identifying 

higher risk components of the system to prioritize when completed by several people individually. 

Having a condensed risk assessment template with fewer than 30 statements to evaluate not only 

makes it easier for respondents to complete as it takes less time, but it also makes it easier for 

respondents to compare hazards and identify higher risk areas relative to other hazards. A WSP is 

a useful tool for communities who want to take a more proactive approach to protecting their 

drinking water, and a condensed version of the WSP allows users to evaluate the hazards of a 

drinking water system relatively easily. Moving forward, the condensed WSP could be modified 

to include further hazard statements to expand upon those general hazards that have been identified 

as higher risk. This would allow for more intense scrutiny of components of the system that may 

require additional or more directed attention, and a focusing of resources on these components.  

 

From a more top-down approach, an artificial neural network software was used to analyze DWAs 

in First Nations communities across Canada to find system attributes that historically have had a 

greater influence on the occurrence, frequency, duration, and cause of DWAs. The models 

generated had average accuracies greater than 74% on the training sets and an ensembles approach 

was used to find key factors influencing the models when different training sets were used. One 
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finding consistent with previous studies was that each province had different system attributes 

influencing the dependent variable, suggesting that a Canada-wide approach is not appropriate in 

addressing DWAs in First Nations communities. Provincial datasets large enough to get useful 

results were also analyzed to identify key attributes. In Alberta, model results suggest that 

upgrading older systems will help to reduce the duration of DWAs, as well as reduce the number 

of DWAs that occur for water quality reasons, which make up a greater proportion of the DWAs 

in older systems. In British Columbia, funding and resources should go towards developing source 

water protection plans, as over half of the drinking water systems relying on surface water and 

groundwater have experienced at least one DWA in the 11 year study period. These groundwater 

and surface water systems also had the majority of these DWAs issued for health reasons. Operator 

training was also found to be an important factor influencing the duration of DWAs in BC. 

Investing in operators’ training as well as operator retention and job satisfaction are key to reducing 

the amount of time that a community spends on a DWA as issues will be resolved faster. 

 

Communities in Ontario experience many different factors that influence the occurrence, 

frequency, duration, and cause of DWAs. The models found that measures of system size had the 

greatest influence on whether a DWA would occur in the system or not. Smaller systems do not 

benefit from economies of scale and therefore pay more per capita to operate and maintain their 

drinking water systems. These smaller communities would benefit from additional funding for 

their drinking water systems. In addition, communities that provide their population with trucked 

water should ensure that water operators, delivery personnel, and those receiving the trucked water 

are using best management practices and following proper procedures to ensure that water is not 

contaminated at any point in the delivery. Communities in Ontario would also benefit from more 

robust drinking water systems and adequate operator training, as well as increased technical 

support, especially during those times of the year when water quality is fluctuating. This is 

especially important in more northern communities that deal with remoteness, different climate 

conditions, and operator training and retention issues who experience a greater proportion of 

DWAs lasting more than two weeks in duration. Saskatchewan was found to possibly experience 

similar issues with changing water quality, as season was the most important factor influencing 

the duration and cause of DWAs in the province. As with Ontario, additional technical support and 
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operator training would be beneficial to help operators anticipate changes in water quality and to 

adjust treatment appropriately when water quality is fluctuating.  

 

The research conducted in this ANN study was limited by the data available. The report compiled 

by Neegan Burnside Ltd. provided significant detail about First Nations drinking water systems, 

however, some data were missing or unknown, and the dataset is becoming dated, having been 

collected in 2009-2010. Some factors, particularly operator training levels, may change more 

frequently, therefore having an updated dataset would be beneficial for providing more accurate 

results from the ANN modelling. An updated dataset of system information, including operator 

training levels, would also provide information on how water treatment systems and the key 

attributes affecting DWAs are evolving over time, especially with more recent programs like the 

Safe Water Project in Ontario and initiatives undertaken by the First Nations (Alberta) Technical 

Services Advisory Group. Conducting a similar ANN study in the future with up-to-date 

information would be beneficial to track changes and evaluate the effectiveness of different 

funding programs and initiatives, while providing further guidance on areas to address next. In 

addition, more specific and unified reporting of DWA reason codes could provide more 

information as to the cause of the DWA, especially in terms of whether the DWA was issued for 

precautionary reasons. 

 

First Nations communities in each province experience unique challenges that influence the 

occurrence, frequency, duration, and cause of DWAs. The key system attributes that were 

identified by this research can be used as guidelines, both by federal agencies responsible for First 

Nations, as well as First Nations communities themselves, to reduce the number of DWAs that 

occur. While addressing these factors is an important step in reducing DWAs, it should be noted 

that solely addressing these factors will not be the ultimate solution, as issues are interconnected 

and compounding and each community faces unique challenges. In addition to these 

recommendations, these results should be used as a guideline to engage in meaningful conversation 

with community members and to provide directed funding and technical support where needed. 
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Appendices 

A. Water Safety Plans 

A.1. Hypothetical Community Description 

Community X is a fairly small town in the Ottawa area with a population of 215 people (not 

including seasonal residents who may occupy the trailer park), located on relatively flat terrain on 

a greenfield site. The town and water treatment plant are about 40 years old. The town draws its 

water from a lake that is approximately 2 km by 2 km, and about 15 m deep (max) so water quantity 

isn’t an issue. There is no forestry activity in the watershed and no landfills or heavily 

contaminated land. Surrounding the lake is mostly forested area with a few farms, both crop and 

livestock. The lake water is of reasonable quality with some variability and occasional algal 

blooms that cause problems.  

The water is drawn from the lake by an inlet control valve located about 200 metres offshore at a 

depth of about 9 metres. The water is treated in a small indoor treatment plant using a cartridge 

filter, coagulation/flocculation/sedimentation tank, slow sand filter, and post-chlorination using 

sodium hypochlorite. The equipment is reasonably designed and the plant is locked to prevent 

unauthorized entry. The plant has a back-up generator to supply power in the event of a power 

failure.  

The water treatment plant has two well-trained operators who are aware of the variability of the 

source water. The town is reasonably wealthy and the water treatment plant undergoes typical 

maintenance. Back-up equipment is also available (e.g. spare cartridge filters, pumps, etc.). 

Turbidity and chlorine are measured every 15 minutes and samples are taken every two weeks and 

sent to a lab. The system is alarmed to notify the operators if turbidity or chlorine levels are too 

high or too low. Required chemicals are ordered from a reliable supplier ahead of time to ensure 

there isn’t a shortage at the plant. 

The treated water is stored in a concrete underground clearwell with sufficient storage capacity. 

This storage tank has a pump connecting to the back-up generator, as well as a back-up pump to 

provide input to the distribution system in the event of a power failure. The water distribution 

system is ductile iron and is flushed if residents report issues with their water. Water is supplied 

to the business area, residential area (consisting of about 75 homes), and a trailer park (consisting 

of 17 trailers) on the outskirts of town (dead end main). Most people in the trailer park are only 

present during varying portions of the summer months (May to September) resulting in an 
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increased population of about 50 people. Most of the visitors in the trailer park drink bottled water 

because they don’t like the smell or taste of the water supplied.  

Waste from individual properties and from the trailer park goes to a septic bed. The septic beds 

are estimated to be about 40 years old. There is a septic bed on each residential and business 

property and one septic bed for every 4 trailers in the trailer park. 

The town experiences occasional fires in the residential and trailer park areas; there is no real 

flooding potential in the town or at the water treatment plant; and vandalism hasn’t been an issue 

in the past. 

The town has had boil water advisories in the past due to low residual chlorine levels in the 

distribution system, as well as increased levels of turbidity, especially during the spring and fall 

lake turnover. 
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A.2. WSP Risk Matrices 

 

 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Likelihood Definition

Not applicable Does not apply in this water supply system 0

Most Unlikely Conceivable but extremely small chance of 

happening in next 4-5 years

1

Unlikely Is possible and cannot be ruled out in 4-5 years 2

Medium As likely as not to happen in next 4-5 years 4

Probable Would be expected to happen in next 4-5 years but 

there is small chance it may not

8

Almost Certain Would be confident this will happen at least once 

in next 4-5 years. 

16

Consequence Definition

Not applicable Does not apply in this water supply system 0

Insignificant Wholesome water or interruption < 8 hours 1

Minor Short term or localised non-compliance, non health 

related e.g. aesthetic, or interruption 8-12 hours

2

Moderate Widespread aesthetic issues or long term non 

compliance, not health related, or interruption 12-24 

hours

4

Severe Potential illness or interruption > 12-24 hours 8

Catastrophic Actual illness or potential long term health effects or 

interruption > 48 hours

16
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A.3. Condensed WSP 
 

 

Description Possible causes Risk Likelihood Consequence Reasons

Source Risks

1 Inadequate physical 

quality

Inadequate temperature, colour, taste, odour, 

turbidity, solids, conductivity, algal blooms 0

2 Inadequate chemical 

characteristics

Inorganic minerals (calcium, iron, manganese, 

chloride, sulfate, etc.), hardness, pH, alkalinity, 

acidity, organic material, dissolved gases, algal 

toxins

0

3 Microbiological 

contamination

Presence of bacteria, viruses or protozoa due to 

livestock, wildlife, sewage, animal remains, human 

activity, improper well drilling, spring 

contamination at collection chamber

0

4 Chemical 

contamination

Contamination due to mining, waste disposal, 

forestry, agriculture, pesticides, railway, roadway, 

airport, recreational vehicles or activity, improper 

well drilling, spring contamination at collection 

chamber

0

5 Insufficient supply Drought, mechanical failure, main breakage, frozen 

inlet, electrical fault, pumping station failure, 

diversion license

0
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Treatment Risks

6 Pre-treatment failure Filter or strainer blockage, mechanical failure, no 

back-up filters 0

7 Chemical addition 

failure

Dosing system failure, pump failure, incorrect 

dosing, poor chemical quality, chemical 

deterioration in storage, pH or temperature 

variation, calibration or signal failure, 

breakthrough of algal by-products due to lack of 

carbon dosing

0

8 Coagulation & 

Flocculation failure

Mechanical failure, poor mixing, improper design, 

temperature variation 0

9 Clarification & 

Sedimentation failure

Improper tank design, increased loading, unstable 

sludge blanket, insufficient de-sludging, dissolved 

air flotation (DAF) failure, temperature change

0

10 Filtration failure Failure of slow sand, rapid gravity, membrane, etc. 

due to improper design, quality or condition of 

media, uneven flow, inadequate washing, drainage 

problem, anaerobic conditions, increased filter 

loading, damaged membrane, algal bloom, mud-

balling, small floc

0

11 Other treatment 

technology failure

Failure of ion exchange, green sand, softening, 

granular activated carbon, reverse osmosis, etc. 

due to technology specific issues

0

12 Disinfection failure Failure of chlorination, ozonation, UV, etc. due to 

delivery system failure, insufficient contact time, 

non-optimal pH or temperature, high bromate 

content, disinfection by-products formed, 

fluctuating supply, reduced UV efficiency, low 

ozone levels, deposit accumulation, inadequate 

ventilation 

0

13 Operational failure Power failure, no generator, structural failure of 

pipework, treatment bypass, flooding, cross-

connection of drainage or washwater & treated 

water, process control or telemetry failure, 

vandalism, wildlife access

0

Distribution Risks

14 Contamination in 

reservoir

Improper design, flooding, sediment build-up, 

inadequate residence time or circulation, thermal 

stratification, rainwater or debris ingress, poor 

hygiene practice during maintenance, lack of 

access, accessible to wildlife, vandalism

0

15 Loss of supply or 

pressure

Pipe breakage or leakage, fire service interruption, 

loss of flow from regional supply, lack of 

maintenance or access, old infrastructure, pipe 

bridge collapse, uneven usage or pressure, PRV 

failure, no alternative supply mains, valve failure

0

16 Contamination in 

distribution

Sediment or biofilm build-up, high residence time, 

dead ends,  inadequate chlorine residual, cross-

connection, faulty air valves, inadequate flushing, 

uneven usage patterns, oversized mains, 

inappropriate materials in network (e.g. lead), 

corrosion, contamination during repair, abandoned 

assets, unauthorized connection, faulty valves

0
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Monitoring Risks

17 Monitoring does not 

detect contamination

Infrequent monitoring, no samples taken in 

distribution system, only certain parameters are 

sampled 
0

18 Monitoring returns 

false negative or 

flase positive

Samples are not confirmed with external lab, 

monitoring is not rigorous,  lack of confidence in 

monitoring results
0

Emergency Response Risks

19 Failure to notifiy 

public of 

contamination

No emergency response plan, some households 

are remote, lack of information sharing network, 

general lack of public awareness about local water 

quality

0

20 Delayed detection 

and response 

Operators not trained, lack of knowledge or as-

built drawings of plant, poor documentation, poor 

lines of communication, lack of funding or staffing 
0


