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Maintaining acceptable drinking water quality is a challenge in Canadian First Nations
communities, and many residents experience frequent drinking water advisories (DWAs). In this
research, detailed information about drinking water systems on reserves was combined with
historical advisory data to investigate the relationships between system attributes and DWAs
using data mining. Decision trees were developed to identify key factors linked to the
occurrence, frequency, duration and causes of advisories. The results showed that trends varied
considerably by province, despite being federally managed. Operator treatment certification was
found to be associated with the duration of advisories, where systems with fully trained operators
were less likely to have long-lasting DWAs. The findings from data mining can be useful for
informing future regulatory and funding decisions. This study also emphasized the need for
maintaining an up-to-date record of First Nations system information to close existing data gaps.
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1 INTRODUCTION
Canada contains approximately 20% of the world’s total freshwater supply, yet not all citizens
have access to reliable and potable drinking water (Environment and Climate Change Canada
[ECCC], 2012). Homes in First Nations communities are ninety times more likely to be without
piped water and even communities with updated drinking water treatment systems experience
frequent drinking water advisories (United Nations, 2009). Drinking water advisories (DWAs)
are issued as a preventative measure to protect public health and can be in the form of boil water
advisory (BWA), do-not-consume (DNC) or do-not-use (DNU), although BWAs are by far the
most common (Health Canada, 2016).
From 2004 to the end of 2014, approximately 65% of First Nations communities experienced at
least one DWA (Levasseur & Marcoux, 2015). Although some DWAs are only in place for a day
to allow for maintenance or repairs, others can be in effect for years due to problematic treatment
systems. In extreme cases, outbreaks in a community may be associated with poor quality water,
such as in Kashechewan Cree First Nation, where excessive chlorine was perceived to be
worsening a skin condition among children on the reserve (Morrison, Bradford, & Bharadwaj,
2015).
Despite the extent and severity of this problem, the complex governance structure surrounding
First Nations in Canada has hindered the ability of funding and development strategies to
implement significant change (Morrison et al., 2015). Furthermore, the lack of financial and
technical capacity in these often small and remote communities is a substantial barrier to
improving infrastructure and operation (Swain, Louttit, & Hrudey, 2006). Researchers have
explored the social, political and technical aspects of drinking water in First Nations
communities in an effort to understand the reasons why these issues persist.
One method that can be used to understand factors associated with a common trend or unique
pattern in a large quantity of information is called data mining. In today’s technological era,
mass amounts of data are collected and stored, but their potential for informing future decisions
and anticipating tendencies are often not realized. Using recent data mining software and their
variety of modelling tools, it is possible to create statistical and visual interpretations of data that
can uncover useful knowledge in any field.
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Decision trees are one type of visual model that can be easily interpreted and provide
correlations between input variables and a specified outcome. They have been used to identify
disease risk in DNA data (Jarullah, 2011), areas susceptible to landslides (Park & Lee, 2014) and
much more. Decision trees have also been employed to understand the characteristics of drinking
water systems that are linked to the occurrence of DWAs in First Nations communities (Harvey,
Murphy, McBean, & Gharabaghi, 2015; Murphy, Bhatti, Harvey, & McBean, 2016). These
previous studies demonstrated the potential of data mining to act as a useful tool for investigating
relationships between systems’ attributes such as source type, operator certification, and
treatment type, and their likelihood of experiencing an advisory.

1.1

OBJECTIVES AND APPROACH

The goal of this research was to apply similar techniques used by Harvey et al. (2015) and
Murphy et al. (2016) to an extended dataset, in order to provide a more in-depth analysis of
DWAs in First Nations drinking water systems. The previous studies used data published by
Neegan Burnside (2011) that identified the characteristics of over 800 facilities and their DWA
status at a fixed point in time. The extended dataset used in this research combined a list of
DWAs in all Canadian First Nations over an 11 year period with the system information from
Neegan Burnside to include communities that experienced DWAs before or after 2011. The
extended dataset was compiled from lists of advisories recorded by Health Canada and the First
Nations Health Authority (FNHA) in British Columbia, including the dates set and revoked, as
well as the reason for issuing the DWA.
The specific objectives of this research were to investigate the attributes associated with the 1)
occurrence, 2) frequency, 3) duration and 4) cause of DWAs in First Nation drinking water
systems. Decision trees were developed in RapidMiner Studio Basic, and a variety of techniques
were applied to optimize the quantity of valuable information and predictive performance of the
models. The goal of this study was to identify systems that may be at risk of experiencing
advisories and the factors that influence their frequency, duration and causes. By investigating
historical data, it is possible to identify information gaps and inform future decisions.
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1.2

THESIS OUTLINE

The second chapter of this thesis provides a review of relevant literature as it relates to drinking
water in First Nations communities, data mining techniques and decision tree applications.
Details pertaining to the governance structure for First Nations in Canada are explained to
provide a broader context for the implications of this research. Different data mining software
and algorithms are also reviewed to justify the techniques selected for this study. The methods
used to collect and analyse the data are explained in Chapter 3, and the results of the data mining
process are presented in Chapter 4. In Chapter 5, the results are compared to previous studies and
the main findings are discussed to further understand the identified trends as they relate to social
and political realities in First Nations communities. The conclusions of this research and
recommendations for further study are described in Chapter 6.
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2 LITERATURE REVIEW
2.1

DRINKING WATER IN FIRST NATIONS

2.1.1 Background
As of May 31, 2016, there were 126 drinking water advisories in effect in 84 First Nations
communities across Canada, excluding the territories and British Columbia (Health Canada,
2016). Many communities have been on long-term boil water advisories, some lasting over 10
years. In drinking water systems in Canada, including non-First Nations, most DWAs are issued
for precautionary reasons related to operations and maintenance of drinking water infrastructure
(ECCC, 2016). Based on a sample of jurisdictions tracked by the Canadian Network for Public
Health Intelligence (CNPHI) between 2010 and 2012, half of all BWAs were issued due to
equipment failure, planned maintenance and power outages (Health Canada, 2015). However,
operational problems can sometimes lead to water quality issues. Line breaks and pressure losses
in the distribution system accounted for 46% of boil water advisories issued due to water quality
concerns. Other common water quality issues included high turbidity, detection of total coliform
and exceedance of minimum acceptable concentrations (MAC) (ECCC, 2016). The most
concerning reason for issuing a DWA is in the event that E.coli is detected in drinking water
samples. This bacteria is an indicator of fecal contamination, which has potential for affecting
public health and can be associated with outbreaks in a community. According to the CNPHI
only 6.8% of advisories tracked by their system were issued due to the presence of E. coli
(Health Canada, 2015). Similar patterns exist in First Nations communities; however, the
resources needed to address the cause of the problem are often scarce.
First Nations communities tend to be relatively small in comparison to other Canadian
municipalities. In 2011, the average population in First Nations communities was 751 people,
with approximately 79% of communities having a population less than 1,000 (Neegan Burnside,
2011). The definition of a small system varies; the International Water Association’s threshold is
4,000 people, while Health Canada’s definition is 5,000 and the USEPA’s is 3,300 (Smith,
Guest, Svrcek, & Farahbakhsh, 2006). Regardless, small systems have repeatedly been found to
be most vulnerable to drinking water contamination and outbreaks in the literature. In the United
States, it has been reported that the majority of waterborne disease outbreaks occur in private and
4

small water systems (Butterfield & Camper, 2004). Smaller systems are more vulnerable to
microbiological contamination since they lack the technical, financial and managerial capacity to
comply with standards (Smith et al., 2006).
Many First Nations communities are also located in remote areas with limited access to goods
and services. Less than a third of communities in Canada are located within 50km of a service
centre for drinking water treatment and approximately 15% have no road access (Aboriginal
Affairs and Northern Development Canada [AANDC], 2015). This poses a considerable hurdle
for operation and maintenance of on-site drinking water treatment and distribution facilities.
Community remoteness not only causes logistical challenges, but can also lead to social issues
that can be the underlying determinants of risk associated with many First Nations (Walters,
Spence, Kuikman, & Singh, 2012).
The department responsible for First Nations in Canada has undergone many transformations
during the last decade. Its original name, Indian and Northern Affairs Canada (INAC) was
replaced with the name Aboriginal Affairs and Northern Development Canada (AANDC) by the
Conservative Government in 2011 (Government of Canada, 2011). Since then, the new Liberal
Government has restored the previous acronym but changed the name to Indigenous and
Northern Affairs Canada (INAC), which is more widely accepted by First Nations. For future
reference, the department will be referred to by its current name, but citations will include the
name that appears on the document they pertain to. The same applies to Environment and
Climate Change Canada, previously Environment Canada.
Based on INAC’s assessment of 560 First Nations in 2011, 73% of the water systems inspected
were categorized as having high or medium overall risk (Figure 2.1) (Neegan Burnside, 2011).
The evaluation ranked systems numerically from 1 to 10 based on indicators of risk relating to
the facilities’ effluent, design, operations, reporting and operator. High risk systems were
identified as having major deficiencies that could lead to potential health and safety or
environmental concerns, drinking water advisories, non-compliance with guidelines or
inadequate water supplies. Low risk systems were found to meet water quality parameters and
operate with only minor deficiencies, while medium risk systems experienced deficiencies that
did not pose immediate threats to water quality but required correction to avoid future problems.
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Figure 2.1 Map of First Nations water systems and associated risk scores. Reprinted from National Assessment of First Nations Water and
Wastewater Systems - National Roll-Up Report, by Neegan Burnside, April 2011, retrieved from https://www.aadncaandc.gc.ca/eng/1313770257504/1313770328745, p. 17.
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In terms of infrastructure, 72% of First Nations homes were piped, 13.5% were on truck
delivery, 13% had individual wells and 1.5% of homes reported to have no water supply (Neegan
Burnside, 2011). Across Canada, 17% of First Nations water systems used water directly without
treatment, and another 17% systems had disinfection as their only treatment barrier. Many First
Nations people object to chlorination of drinking water due to changes in taste and odour,
perceived health risks or traditional belief (Livingstone, 2015). In interviews with First Nations
people, Livingstone (2015) found that the majority of participants in three different communities
had reservations about the taste and odour of chlorinated water. Some residents are so opposed to
this form of treatment that they may seek out untreated spring water as they believed it to be
more natural and therefore healthier.
In addition to the challenges that First Nations communities face in providing adequate treatment
and distribution systems, the operation of drinking water facilities is critical for providing safe
drinking water (Rizvi, Adamowski, & Patrick, 2013). First Nations communities are expected to
follow the same water quality standards as all Canadian systems set out in the Guidelines for
Canadian Drinking Water Quality (GCDWQ) published by Health Canada; however, they often
lack the funding to train, and retain, fully certified operators to run the treatment systems.
Since the Walkerton tragedy in 2000, there has been a focus on the need for a multiple barrier
approach to providing clean drinking water (Walters et al., 2012). This approach takes into
account all of the potential threats to a drinking water system from its source, to the consumer’s
tap (Health Canada, 2002). Ideally, a robust system should be in place to protect the best
available water source from natural and anthropogenic sources of contamination, employ
advanced treatment methods, and ensure that the treated water is delivered in a well maintained
distribution network. Monitoring and emergency response are also important aspects of ensuring
safe water as they provide the means for detecting and alerting the public in the event of
potential contamination. Unfortunately, for most First Nations communities this approach is not
yet realistic and requires significant funding and resources that are not readily available (Dyck,
Plummer, & Armitage, 2015).
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2.1.2 Governance Structure
Many of the challenges that arise in First Nations drinking water systems can be attributed to the
complicated governance and funding structure. In non-First Nations, water and wastewater
operations are regulated by the provincial or territorial government, and generally administered
by municipalities, which own the majority of public water systems. Municipalities are able to
charge residents service fees for the delivery of clean water, and treatment systems receive
considerable funding from municipal and provincial governments.
By contrast, the provision of safe drinking water on reserves is a shared responsibility between
the First Nation community and the federal government (Morrison et al., 2015). First Nations
Band Councils must work in partnership with INAC, Health Canada and Environment and
Climate Change Canada to provide drinking water services to their people. Band Councils must
ensure that water services follow the Protocol for Centralised (or Decentralised) Drinking Water
Systems in First Nations Communities, and that the design, construction, maintenance and
operation of facilities are in accordance with all applicable standards, protocols and guidelines
(INAC, 2011a). First Nations own and operate infrastructure on reserve, and are responsible for
routine testing and sampling of drinking water in accordance with the GCDWQ (AANDC,
2010). Drinking water monitoring programs on reserves south of the 60th parallel excluding
British Columbia (BC) are provided by Health Canada, and Environment and Climate Change
Canada provides guidelines for source water protection and sustainable water use. INAC is
responsible for funding the capital cost of the treatment and distributions systems, as well as a
portion of the operating and maintenance (O&M) costs (Swain et al., 2006).
To add another layer of complexity, water system operators must be certified according to the
applicable provincial requirements as set out in the Protocol for Centralised Drinking Water
Systems in First Nations Communities (AANDC, 2010). Each province has slightly different
classification systems for treatment and distribution systems and associated operator certification
requirements. For example, in British Columbia, Grade 10 or equivalent and 1.2 continuing
education units (CEUs) are required for small water system certification, whereas in Alberta only
0.6 CEUs in a small water system course are required.
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Since INAC only provides 80% of the (O&M) costs, the First Nation is expected to source the
additional 20%. This is a difficult task in many communities struggling with unemployment and
poverty (Rizvi et al., 2013). The funding from INAC is allocated to the Band Council, who then
decide how funds should be distributed on the reserve (Simon, LeBlanc, & Simon, 2007). In
many cases, there is not enough allocated in the budget for obtaining supplies, maintenance or
competitive wages for operators (Murphy, Corston-Pine, Post, & McBean, 2015). Furthermore,
acquiring funds directly from residents on reserves is complicated due to the long standing
Indian tax exemption, which is rooted in past treaties, Section 87 of the Indian Act, and inherent
Indigenous rights (Graham & Bruhn, 2009). Based on the results of ITAB First Nation Taxation
Questionnaire, First Nations people were found to be strongly opposed to taxation from the
provincial and federal government as well as by their own First Nation government (Graham &
Bruhn, 2009).
More recently, there has been a shift amongst some Aboriginal governments to enact laws
imposing property tax, sales tax and income tax within reserve or settlement lands (INAC, 2014).
As of February 2014, there were 14 self-governing Aboriginal groups imposing personal income
tax laws and another 58 First Nations levying property tax, generating approximately $70 million
in 2012. Taxation by First Nation governments has the potential to help improve the
management and quality of services in their communities, assuming that such a change is
carefully implemented (Graham & Bruhn, 2009). Graham and Bruhn suggested that new taxes be
linked to the introduction of identifiable community projects, and that available types of taxation
be added incrementally. First Nations groups who succeeded in this process have shown
improved service quality, economic development and increased citizen participation in those
communities.
The overlap and gaps that exist in this complex regulatory structure have been criticized by
experts in Canada. In the 2005 report, the Office of the Auditor General stated that many
weaknesses exist related to regional inconsistencies, failure to abide by appropriate standards,
and inadequate support for First Nations water management. It was identified that there is a need
for capacity-building and regulatory framework for water systems on reserves (Office of the
Auditor General of Canada, 2005). Specifically, the report stated that “to a significant extent, the
success of the First Nations Water Management Strategy depends on INAC and Health Canada.”
9

This concept is the source of debate surrounding the issue of First Nations’ constitutional right to
safe water. In 1977, the federal government promised to provide similar water and sanitation
services on reserves as compared to non-Aboriginal communities (Boyd, Mayer, & Colish,
2011). Furthermore, the government has an obligation to ensure “essential public services of
reasonable quality to all Canadians” under section 36 of the Constitution Act, 1982, and the
Canadian government recently recognized water as a basic human right (Rishchynski, 2012).
Despite these rights and charters, the federal government has not lived up to its promises.
2.1.3 Government Response
The ongoing problem of access to safe drinking water on reserves has warranted significant
attention from the government, researchers and media over the last decade. Despite considerable
investment, nation-wide assessments and public involvement, concrete steps towards alleviating
this problem have yet to be put in place. In the last 10 years, the government has spent $2 billion
to improve the situation through action plans, expert panels and policy efforts (Morrison et al.,
2015).
The first significant effort to address water access in First Nations reserves was the Baseline
National Assessment conducted by INAC from 2001 to 2003 (INAC, 2003). This assessment
considered the performance, operation and areas of improvement of 740 community water
systems, and concluded that 75% of systems posed a high or medium high risk to water quality.
Based on these findings, the government launched the First Nations Water Management
Strategy, involving $1.6 billion of investments over 5 years and a seven-step process to increase
capacity for monitoring, reporting, and implementing standards, protocols and policies based on
the multiple barrier approach (INAC, 2008).
Following the implementation of this strategy, many obstacles to progress in First Nations
became evident, and were highlighted in the report from the Office of the Auditor General. Key
shortfalls included the lack of enforceable regulations and standards, as well as deficiencies in
the design, construction, operation and maintenance of water systems on reserves (Office of the
Auditor General of Canada, 2005).
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In response, the Plan of Action for First Nations Drinking Water (PoAFNDW) was developed,
and included the formation of the Expert Panel on Safe Drinking Water for First Nations (INAC,
2006). The purpose of the Panel was to hold hearings and provide recommendations for the
implementation of drinking water regulations on reserves. In their report, Swain et al. (2006)
reinforced the concerns of the OAG and outlined three possible options and preconditions for a
regulatory regime to be successful. Under the condition that the federal government closed the
resource gap, consulted with First Nations, and dealt with high-risk communities immediately,
the government had the option to create a single federal water regime, individual provincial
regimes, or to use customary law for First Nations (Swain et al., 2006).
Despite the clear preconditions outlined by the expert panel, Bill S-11, the Safe Drinking Water
for First Nations Act was introduced by the federal government in May 2010 (Auclair &
Simeone, 2010). For a number of reasons, this bill was strongly opposed by experts and First
Nations leaders. The legislation suggested that liability to provide safe water would be
transferred to First Nations, but lacked clarity surrounding the financial and logistical means by
which they would be equipped to upgrade their infrastructure to meet the new requirements
(Morrison et al., 2015). After significant debate, Bill S-11 was cancelled due to the dissolution of
the government on March 26, 2011.
While regulatory options were being considered, a second nation-wide assessment was underway
to evaluate progress of the action plans since the baseline study in 2003. The work was
commissioned by Neegan Burnside to collect data and re-assess the water quality risks in First
Nations communities. The report was published in 2011 and found that the majority of the 807
water systems inspected were still at high or medium overall risk (Neegan Burnside, 2011). It
also emphasized that the majority of high risk systems were in small communities since they
were not designed to meet current standards and lacked resources for operation.
In February 2012, Bill S-11 was amended and replaced by Bill S-8, which enabled the
government to enforce regulations and standards in First Nations communities for water quality,
operator certification, source water protection and many other areas (Simeone & Troniak, 2012).
Although this bill was an improvement from its predecessor, it was also criticized for violating
treaties and rights of Indigenous peoples (Chiefs of Ontario, 2013). The bill still excluded the
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allocation of additional resources needed for First Nations to meet regulatory standards, but
introduced financial and criminal penalties for failing to do so (Morrison et al., 2015). The bill
did include a number of clarifications based on feedback from First Nations and members of
parliament, and was passed into law on June 19, 2013 (Simeone & Troniak, 2012).
The federal government is currently in the process of developing regulations in collaboration
with First Nations based on the needs of each region. The new Liberal government that took
office in October 2015 has committed to renew relationships with First Nations and ensure a
better future for Indigenous peoples (Government of Canada, 2016). The 2016 budget outlined
the investment of $1.8 billion over five years to end long-term boil water advisories on reserves
and another $141.7 million to improve monitoring and testing of community drinking water
systems.
Important changes are underway to improve conditions for First Nations people in Canada;
however, many hurdles must be overcome to ensure safe drinking water on reserves. In addition
to closing regulatory and funding gaps, there is also a need for establishing quantifiable
indicators of progress for evaluating government initiatives. Morrison et al. (2015) state that “it
is difficult to develop strategies when the progress indicators are changing, not consistent across
regions and not reported reliably” and that “data on responses to crises and successes in
addressing urgent water and wastewater situations is scarce.” Historical evidence and current
data may be a useful source of information for indicating ideal investment strategies and
evaluating change in First Nations communities.

2.2

DATA MINING

2.2.1 Background
In today’s society, many aspects of human behaviour are tracked electronically. Businesses,
governments and individuals all rely on computers and access to online services, and massive
amounts of data are being created for these purposes. Data mining is a relatively recent field of
computer science that allows users to gain useful information from large datasets that might
otherwise be unapparent (Larose, 2014). In fact, “data mining is most useful in an exploratory
analysis scenario in which there are no predetermined notions about what will constitute an
12

interesting outcome” (Kantardzic, 2011a). Using data mining, it is possible to locate and interpret
patterns that can help to inform decisions or improve understanding of a group’s interests and
habits. This method combines data management systems, applied statistics and machine learning
to create a powerful tool with diverse applications (North, 2012).
It was not until 1999 that a standard technique for data mining began to be formalized by large
manufacturing and software companies (North, 2012). The method was called CRISP-DM, the
Cross Industry Standard Process for Data Mining, which was a conceptual process designed to
be applied in any discipline (Wirth & Hipp, 2000). It encompassed six key steps to answering
questions and solving problems through data mining (Figure 2.2). The cyclical process involves
first understanding the business or organization involved and the data being used. This initial
step is important for developing the appropriate questions to be answered in the mining process.
Next, the data must be prepared for use in the software to ensure a consistent format and
“scrubbed” of unwanted data. Once this is accomplished, a model can be used to identify and
display potential patterns in a dataset using descriptive or predictive algorithms. The
representation of these patterns can then be evaluated using statistical indicators as well as
human judgement. The final step is to deploy the model and its results for use by the intended
audience.

Figure 2.2 The cyclical steps of the CRISP-DM method
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Modelling can be carried out using a variety of different operations. In any predictive-learning
process, there are two main phases. First, the model can be used to learn or estimate unknown
dependencies in a given dataset (Kantardzic, 2011a). Once these relations are identified, they can
be used to predict outputs for new input values in the system. The dependencies between a
system’s inputs and outputs can be estimated through different learning methods or algorithms.
Classification, regression, clustering and summarization are only a few of the model types
available for finding trends in large datasets.
2.2.2 Decision Tree Analysis
In this research, decision trees were used as the exploratory and predictive tools for attributes
associated with drinking water advisories. Decision trees use a divide-and-conquer approach to
determine which attributes in a given dataset are the strongest indicators of a certain outcome
(Myles, Feudale, Liu, Woody, & Brown, 2004). The results take the form of an inverted tree (see
Figure 2.3), where each pathway leads to an outcome, or class, for a specific subset of the data
(RapidMiner GmbH, 2016). The tree can be read by starting at the root node, which represents
the first attribute used to partition the dataset. From each node, branches indicate the possible
attribute values and lead to another “child” node or “leaf” node. The leaf node indicates the
likelihood that an observation will fall into that class. Using the outcomes from known examples,
it is then possible to apply the decision tree to predict outputs for new examples with the same
attributes. Decision trees are therefore both a classification and predictive type of modelling.

Figure 2.3 Decision tree for classifying examples with attributes X and Y

14

The method of classification is based on logical operations rather than statistical comparisons.
Logical models such as decision trees often provide more accurate classification results and have
superior explanatory characteristics (Kantardzic, 2011b). In addition, the visual nature of
decision tree outputs allow them to be intuitively interpreted and therefore a popular choice for
predictive modeling applications (Myles et al., 2004). Although interpreting the results is
relatively simple, there are a large number of algorithms that change the way attributes are
selected and split.
One well-known algorithm is Quinlan’s Iterative Dichotomiser 3 (ID3) and its extension C4.5
(Kantardzic, 2011b). ID3 uses a top-down approach to select attributes that provide the highest
degree of discrimination between the classes that example will fall into (Colin, 1996). This
measure, called information entropy, aims to generate a model that minimizes the number of
tests needed to classify a sample. Attributes are selected that have low class entropy, e.g. ones
where the majority of examples belong to a single class. After a dataset has been partitioned, the
outcomes can be tested using the criterion called “gain”. Through an iterative process, the
algorithm selects the attribute test that has the highest information gain.
C4.5 uses the same methods, but allows the model to classify numerical attributes as well as
categorical ones (Quinlan, 1993). Therefore, this algorithm is able to split the data according to
attributes with two or more nominal groups, as well as numerical values being higher or lower
than a useful threshold. Although algorithms using the gain criterion are able to generate
compact trees with fewer branches, they are generally biased towards tests with many possible
outcomes (Kantardzic, 2011b). An alternate option is to use the criterion called gain ratio, which
provides a proportion of useful information gained by the classification.
Another well documented algorithm called CART (Classification and Regression Trees) uses a
recursive partitioning process similar to ID3 and C4.5; however, the resulting tree uses only
binary splits (Rutkowski, Jaworski, Pietruczuk, & Duda, 2014). CART has the advantage that the
splitting criterion is simpler and partitioning the attributes into only two categories can be
optimized more easily (Kantardzic, 2011b). Nonetheless, this does impose a restriction on the
possible outcomes and may require multiples splits of the same attribute. The CART algorithm
uses the criterion invented by Corrado Gini, known as the Gini diversity index, although this
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criterion does not only apply to binary classification (Wang & Tseng, 2014). This metric
determines the most useful attribute for splitting based on the division of examples within the
subset. A node with two outcomes would have a Gini index between 0 and 0.5, where 0 would
indicate that all the data falls into one class and 0.5 would indicate an equal division between the
classes. The Gini coefficient can range up to 1 in cases with a very large number of classes, but
the algorithm selects attributes for splitting with the minimum index value. A lower Gini value
indicates that examples in that subset have a higher chance of falling into one class over another
(Kantardzic, 2011b). This leads to more accurate predictions since it avoids outcomes based on
50/50 chance.
Both algorithms and criterion often result in the same attribute selection, or have very small
differences. The Gini index is sometimes preferred over information gain since it can be
computed more rapidly. The CART method is also more robust for handling outliers, noisy data,
and unknown values (Kantardzic, 2011b). Both C4.5 and CART are sensitive to skewed data,
where the data are not equally divided between outcome classes. Furthermore, CART can react
strongly to small changes in the dataset, e.g. if the user selects few examples to eliminate. Every
modelling process has its limitations, but the information provided is still useful as long as the
modeller is aware of their implications.
2.2.3 Data Mining Software
The algorithms and criterion used to generate decision trees can be calculated by hand for very
small sets of data, but evidently the purpose of data mining is to examine information contained
within large quantities of data. This requires computer software that allows a user to perform
tasks and manage data through a graphical interface. A number of software programs are
available to be purchased from commercial enterprises or downloaded from open source
developers. Some examples of popular commercial data mining software are the IBM SPSS
Modeller, the Microsoft SQL Server and the Salford Predictive Modeller (IBM, 2016; Microsoft,
2016; Salford Systems, 2016).
Decision tree algorithms are also available for use through common statistical and mathematical
software such as SAS, R and Matlab. For individual research purposes, open-source software are
generally preferred since they are free to download and designed for public use. A few of the
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most commonly used open source software that support decision tree analysis are RapidMiner,
Weka and Orange.
Weka stands for Waikato Environment for Knowledge Analysis and is a data mining software
supported by Java (Hall et al., 2009). It has three visual user interfaces for pre-processing data,
experimenting with machine learning algorithms and designing new data mining processes. The
program is less polished than other tools and has limited documentation as well as frequent
updates (Rangra & Bansal, 2014). Since it is Java based, it has limited capability to load data
from Excel spreadsheets and only reads CSV files. Weka has been widely adopted in academic
and business fields, but is more suited for developing machine learning schemes.
Orange is a recent software suite that can be implemented in C++ and Python programming
languages (Demšar, Zupan, Leban, & Curk, 2004). It is capable of data preprocessing, modelling
and evaluation through a graphical user interface and uses widgets to build workflows (Wimmer
& Powell, 2015). Although this tool is easy to learn for programmers who are already familiar
with the required languages, it has a limited number of machine learning algorithms and has
restricted reporting capabilities other than exporting visual representations (Rangra & Bansal,
2014).
RapidMiner is one of the only open source software that is independent of a predefined
programing language and has an intuitive user interface for new data miners (Rangra & Bansal,
2014). It has very flexible input and output operators, including the ability to read and write
various formats of Excel files (Klinkenberg, 2013). The software contains hundreds of learning
schemes and even extensions for algorithms from Weka. Available decision trees operators
include weight-based, ID3, CHAID, random forest and more (RapidMiner GmbH, 2016). There
is also a generic decision tree operator using algorithms similar to C4.5 and CART but allows the
user to select criterion and can perform splitting on all types of data. The program is very well
documented and allows complex problems to be designed using a visual modular approach with
nested operators. RapidMiner is a very popular choice for industry, research and education.
A study by Graczyk, Lasota, & Trawiński (2009) compared the outputs from RapidMiner, Weka
and Keel, another common data mining software (Alcalá-Fdez et al., 2008). They created
regression models using the same data and approach in all three programs and compared the
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results based on common performance indicators. Two of the models used decision tree based
algorithms called M5P and M5R, which are different from the ones previously discussed but are
based on the same general concept. Optimal parameters were selected for each algorithm
through trial and error, and the models were tested using tenfold cross-validation. Based on
performance indicators including mean squared error (MSE), coefficient of determination (R2)
and relative absolute error (RAE) and more, it was found that the three programs produced
similar results for the decision tree algorithms. Small differences could be attributed to the
alternate parameters required to build the models in the various software.

2.3

DATA MINING APPLICATIONS IN DRINKING WATER

Data mining can be used in virtually any field where data exists and there is an interest to explore
patterns and trends. Decision trees are used in a wide variety of applications to predict consumer
behaviour, criminal activity, disease risk and more. Decision tree analysis has become somewhat
of a niche in chemical and biochemical sciences due to its ability to recognize patterns in DNA
data and gene characteristics (Myles et al., 2004). One study used the Weka decision tree
package to find indicators for Type II diabetes, while another used RapidMiner to develop
diabetes prediction models (Han, Rodriguez, & Beheshti, 2008; Jarullah, 2011). ID3 and C4.5
classification algorithms were used by Adhatrao, Gaykar, Dhawan, Jha, & Honrao (2013) to
predict student performance in upcoming examinations. Decision trees can even be applied to
images such as digital elevation models, and was applied in the Pyeongchang area of Korea to
predict zones susceptible to landslides ahead of the 2018 winter Olympics (Park & Lee, 2014).
It is evident from the literature that data mining and decision trees can be used to positively
impact society and inform important decisions in regards to health, safety and much more. In the
context of safe drinking water, a few studies have used data mining to explore variables
associated with municipal pipe system vulnerabilities (Babovic, Drecourt, Keijzer, & Hansen,
2002; Harvey & McBean, 2015), and biological and physico-chemical properties of river water
quality (Blockeel, Džeroski, & Grbović, 1999).
To date, a handful of researchers have investigated the variables associated with vulnerabilities
of drinking water systems in Canada based on available data. Edwards, Henderson, Struck, &
Kosatsky (2012) conducted statistical analysis on data from rural British Columbia to determine
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the characteristics of small water system that influence their likelihood of being on DWAs. They
used administrative data for 1,847 systems that were routinely uploaded from system inspections
by the Interior Health Authority. Variables included system size in terms of number of
connections, administrative district, type of governance structure, source type, treatment type and
service type. Information as to whether the water systems were on a DWA on a specific date was
added to the data in order to observe the variables associated with the status and duration of
advisories. Only DWAs issued due to microbiological threats were considered, and so DWAs
issued when chemical parameters exceeded the GCDWQ were excluded.
Chi-squared statistics and Fisher’s exact test were performed to test the significance of
associated variables with the outcome (Edwards et al., 2012). The results showed that source,
treatment and governance type were statistically significant in the model for advisory status. It
was observed that the odds of having an advisory increased as the size of systems decreased, the
level of source protection decreased and the level of treatment decreased. Small residential
systems not operated by local governments were found to be at high risk. Trends between
residential and commercial systems varied, and it was shown that the type of governance
structure had an important influence.
The duration of advisories were grouped into two categories; long-term DWAs lasting over 18
months, and short term lasting less than 18 months (Edwards et al., 2012). The source type and
treatment level of the water systems were found to be the best predictors of advisory length,
where systems with surface water and no treatment were six times more likely to experience a
long-term DWA. The size of the system had the opposite effect from the status model. As the
number of connections in a water system increased, the likelihood of a long-term advisory also
increased. Again, commercial systems were found to have different associated variables and nonlocal governments were 3.3 times more likely to have long-term DWAs.
The study highlighted that health officials lack data to predict systems at risk since the
information exists at a local level but is rarely collected and recorded in a way that facilitates risk
assessment (Edwards et al., 2012). There is also disparity between local practices for issuing
advisories. In areas where health officials are responsible for inspecting fewer systems, there
may be more thorough monitoring and faster identification of conditions that would warrant an
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advisory. Other social and financial issues are also at play, such as that small systems often have
trouble securing certified operators and administrative personnel. In British Columbia, there is
also a history of opposition to use of chlorine based on taste and perceived health risks. This
study showed that data can be successfully used to quantify characteristics of drinking water
vulnerabilities and target interventions, but this type of analysis must be coupled with an
understanding of the non-technical factors involved.
Specific studies relating to drinking water in Ontario First Nations communities were conducted
by Galway (2016) and Harvey et al. (2015). Galway used visual and statistical tools to
summarize advisory data in First Nations communities from 2004 to 2014. Information from
Health Canada and Neegan Burnside was combined to explore temporal trends and
characteristics of drinking water systems with advisories. The data included 158 water systems
and 402 advisories issued during the study period. Based on this dataset, it was found that the
occurrence of DWAs increased from 2004 to 2014 and most were issued in the summer months.
The majority of advisories were in surface water systems (78%), systems over 10 years old
(85%), and small systems with less than 500 people (59%). Almost half of the advisories
occurred in systems where the primary operator was not fully certified for the treatment system.
Harvey et al. (2015) observed similar trends using a more in-depth data mining approach. Their
study made use of data from the Ontario regional roll-up report, as it indicated whether each
system was on a DWA at the time of the assessment. Decision trees in RapidMiner were created
to map out the relationship of system attributes to DWA likelihood. At the time of the Neegan
Burnside report, 65 of the 158 systems in Ontario were under a DWA. Source, treatment and
distribution class, system age, design capacity, maximum daily volume, population, pipe length
and operator certification were all used as input attributes in the decision trees.
The model that was generated in RapidMiner can be seen in Figure 2.4. The root node indicates
the importance of primary operator treatment certification, followed by source type, treatment
class, system age and population served. The categories with the highest likelihood of DWA
were found to be in surface water systems where the operator had no training (78% chance),
Level II treatment systems serving over 450 people without a fully trained operator (100%), and
groundwater systems serving 16 people or less even when the operator was fully trained (75%).
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Primary Operator Treatment Certification
Fully
Certified

No Training

Not Required
Level

Type of Source Water?

Type of Source Water?

Treatment Class?

GUDI
62%

GW

SW
15%

Population Served?
>16 people
10%

≤16 people
75%

GUDI
25%

SW
78%

GW

System Age?
>17 years
57%

≤17 years
14%

Level III
29%

MTA
17%

Level II

Population Served?
>450 people
100%

≤450 people
38%

Figure 2.4 Decision tree model. Adapted from Harvey et al. (2015)

The performance of the decision trees was evaluated using tenfold cross-validation, and metrics
of the classification matrix. Overall, the model was found to be 71% accurate, correctly
predicting 111/157 outcomes. In addition, the area under the receiver operating characteristics
(ROC) curve was 0.76, which is considered acceptable for a binary classification system. The
study showed that decision trees can act as a user-friendly tool for identifying and prioritizing
upgrades for at-risk water systems.
This analysis was later applied to a nation-wide dataset by Murphy et al. (2016). In this study,
597 systems were considered, of which 142 were under DWA at the time of the Neegan
Burnside assessment. The same attributes were used as in the Ontario case study, in addition to
location information including the province, geographic zone and environmental index as
defined by INAC for each First Nation. Different combinations of attributes and parameters were
explored to produce five decision trees. The performance of the trees were compared based on
accuracy and ROC values, as well as their ability to predict DWAs in an unseen dataset.
All five trees indicated that the certification level of the primary and secondary operators were
key attributes associated with the occurrence of DWAs. The province was shown to be the most
important factor linked to DWAs in the three models that included it as an input variable. The
water source, system age, system class, geographic zone and remoteness of the systems were
also valuable indicators. The accuracy of the decision trees ranged from 73.2-75.4% and the
ROC values were 0.64-0.70, which were comparable to the results of the previous study. When
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the models were tested using data for DWAs issued between 2011 – July 2014, there was a wide
range in predictive ability. One tree correctly predicted only 42% of the systems, while the
highest performing tree predicted 79%.
In general, decision tree models are valuable for investigating trends in historical information to
enhance management and financial understanding. All the authors also discussed the complexity
of the observed trends since they are tied to social, cultural, economic, political and ecological
factors that cannot always be represented in the data. The work presented herein follows a
similar methodology and acts as a continuation of the research conducted by Harvey et al. (2015)
and Murphy et al. (2016).
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3 METHODOLOGY
3.1 DATA COLLECTION
Information pertaining to drinking water systems and advisories in First Nations communities
across Canada is available from a number of federal and provincial regulatory bodies. For the
purpose of this research, multiple sources of information were combined to build as
comprehensive a database as feasibly possible to describe individual drinking water systems and
their associated drinking water advisory events over a period of eleven years. The following
sections describe the sources of data, and the methods used to combine and “clean” the datasets
for use in RapidMiner.
3.1.1 Drinking Water System Data
In January 2011, INAC published a National Assessment of First Nations Water and Wastewater
Systems that was prepared by Neegan Burnside Ltd (Neegan Burnside, 2011). This report
provided an assessment of water and wastewater systems in 571 of the 587 First Nations in
Canada (97% participation). All sites were visited by Neegan Burnside Ltd and its subconsultants between 2009 and 2010, and 641 individual community reports were prepared for
geographically distinct areas. Of the 571 First Nations, 560 were served by a total of 807 water
systems, and 11 were serviced by private water supplies.
Data for 805 water systems were provided in the appendix of the individual Regional Roll-up
reports (INAC, 2011b). These reports were grouped into eight regions: British Columbia,
Alberta, Saskatchewan, Manitoba, Ontario, Quebec, Atlantic and Yukon. First Nations in the
Northwest Territories and Nunavut were therefore excluded from this study, as well as in the
Yukon since there was no associated advisory data for this region. Thirty different identifiers and
attributes were included for each drinking water system, such as system number, treatment class,
and population served. The data from all regional reports were compiled into one Excel
spreadsheet for further processing. The final list included 776 facilities after unidentifiable
systems and those in the Yukon were removed.
The source type was classified as being groundwater (GW), surface water (SW), groundwater
under direct influence of surface water (GUDI) or municipal type agreement (MTA). MTAs can
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be established to provide drinking water to a First Nation community from a nearby
municipality, other First Nation or independent body. In cases where communities have their
own water treatment plant, the treatment and distribution systems are classified as being a “Small
System” or Level I – IV based on their capacity and complexity (Neegan Burnside, 2011). Small
systems are generally very simple and serve a small number of people, while larger facilities that
require more extensive knowledge and experience to operate are ranked at a higher level.
A number of additional attributes were also added to the data set. The system age was calculated
by subtracting the construction year from the current year. This allowed the systems to be
compared in a more easily understood manner. Another valuable attribute was created by
comparing the operator’s certification level to their system’s treatment and distribution
classification. Four attributes were needed to identify whether the primary and secondary
operators were trained to the required levels for the treatment and distribution classes of their
water system. Table 3.1 shows the system used to classify the operator’s certification level using
the example for primary operator treatment certification.
Table 3.1 Operator certification classification system
Treatment Class
MTA
Any
Any
Any
Any
Any

Primary Operator
Exists
Yes or No
No
Yes
Yes
Yes
Yes

Primary Operator
Treatment Class
Any
Any
Not Required
No Certification
Level < Treatment Class
Level ≥ Treatment Class

Primary Operator
Treatment Certification
MTA
No Operator
Not Required
No
Not required level
Yes

Attributes for geographic zone, sub-zone and environmental index were added for each drinking
water system according to INAC’s Band Classification Manual and online First Nations Profiles
(AANDC, 2015; INAC, 2000). According to the INAC definitions, geographic zone is based on
the distance and year-round road access for a community to the nearest service centre (AANDC,
2015). For systems in Zone 4, with no year-round road access to a service centre, an additional
sub-zone designation indicates the linear distance from the nearest service centre. The
environmental index relates the local climate to the geographic location of a First Nation. The
details of the classification in system are shown below in Table 3.2.
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Table 3.2 Description of geographic zones and environmental index as they relate to First Nations
Geographic Zone

Sub-zone
(Only for
Geographic Zone 4,
distance measured
directly)
Environmental
Index

1
2
3
4
0
1
2
3
4
5
6
A
B
C
D
E
F

First Nations located within 50 km of a service centre
First Nations located 50-350 km from a service centre
First Nations located over 350 km from a service centre
First Nations with either air, rail or boat access to the service centre
Within 50 km of nearest service centre (classified as Zone 2)
50-159 km to nearest service centre
160-239 km to nearest service centre
240-319 km to nearest service centre
320-399 km to nearest service centre
400-479 km to nearest service centre
Over 480 km to nearest service centre
Geographic location < 45º latitude
Geographic location between 45º and 50º latitude
Geographic location between 50º and 55º latitude
Geographic location between 55º and 60º
Geographic location between 60º and 65º
Geographic location >65º latitude

3.1.2 Drinking Water Advisory Data
Drinking water advisories are issued as a preventative measure to protect public health. They can
be issued for a variety of reasons and remain in place for short or long periods of time depending
on the severity of the problem.
Health Canada maintains a list of DWAs that are in place in First Nation communities on
reserves located south of the 60 degree parallel. This list excludes First Nations located in the
territories, as well as in British Columbia since Health Canada transferred its role there to the
First Nations Health Authority (FNHA) on October 1, 2013. The online version of the Health
Canada list is updated every one to two months and includes only the DWAs that were in effect,
set or revoked within the prior two months. In order to obtain a complete list of all the DWAs in
place at any point in time over a range of years, it was necessary to submit an Access to
Information Request. This request can take several months, and the data are not typically
provided in an optimal format for data processing. One such request was submitted by Heather
Murphy for previous research and converted into Excel format for data mining purposes (Health
Canada & Office of the Information Commissioner of Canada, 2014). This dataset included
advisories issued between January 2011 and July 2014. The Access to Information Requests and
a sample of the data provided in the responses can be found in Appendix A.
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In addition to the information request, a list of advisory events in First Nations across the country
was obtained from the Canadian Broadcasting Company (CBC) News in response to an inquiry
about a recent article concerning First Nations drinking water conditions (Levasseur & Marcoux,
2015). The online article included a search function allowing users to select a First Nation
community to view all historical water advisories since 2004. The authors were contacted
directly and provided their full data set which had been assembled from various sources
including Health Canada and FNHA (Marcoux, 2015). This dataset was provided in an Excel
spreadsheet and consisted of 1,773 individual DWA events issued from January 2004 to
December 2014. For each DWA, the province, district, First Nation, Community name, water
system name, system type, advisory type, advisory reason, date set and date revoked were listed.
The DWAs reported in First Nations in BC were only included until December 2013; however,
an additional Media Request was filed by the reporters from CBC to obtain data from January 1,
2013 to September 2, 2015 (First Nations Health Authority, 2015). The information from this
document was added to the dataset so that all records across Canada from 2004 – 2014 were
included. For consistency, this dataset excluded records that were still in effect but were set
before 2004.
The advisory reasons provided in the CBC dataset consisted of two systems of codes. Manitoba
and Alberta use the Canadian Network for Public Health Intelligence (CNPHI) coding system,
which distinguishes between water quality reasons using numbers from 1 – 13 and operational
reasons using letter identifiers from a – r. All other jurisdictions in Canada use a set of 8 reason
categories ranging from deterioration in source water quality to equipment malfunctions. Each
DWA may have up to five reason codes associated with a single event. These reporting
ambiguities and regional inconsistencies were not ideal for data mining, therefore an allencompassing categorization system was developed to unify the two sets of information and
identify a single advisory reason for each DWA event.
In an effort to remain consistent with reports published by Health Canada and the Public Health
Agency, three general categories were selected for grouping the various reasons. The Guidelines
for Issuing and Rescinding Boil Water Advisories in Canadian Drinking Water Supplies
distinguishes between precautionary advisories issued for operational or water quality reasons,
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and emergency advisories put in place to protect public health when E.coli is detected in water
samples (Health Canada, 2015). The reason codes used in provinces other than Alberta and
Manitoba were not as detailed as the CNPHI system, so the three broad categories were used to
distinguish between risks due to water quality affecting public health, other water quality
concerns, and operation or process issues. DNC and DNU were also classified as being issued
for public health concerns regardless of the reason that was reported. The three categories were
ranked in descending order of importance so that a primary cause for each event could be
identified when multiple reasons were reported. The mapping of each regional code to these
three groups can be found in Table A.5 and A.6 in Appendix A.
3.1.3 Combining Datasets
The final step in preparing the dataset for data mining use was to combine the drinking water
system data with the advisory data. The combined dataset allowed the relationships between the
occurrence of DWAs and the system attributes to be investigated. This process would have been
easily accomplished had the advisory data included system numbers for each event where the
DWA occurred; however, such a system was not in place. In addition, many inconsistencies
existed in the naming conventions between the different sources of information, especially due to
the alternative spelling and translations of Indigenous languages.
As such, the data sets were combined manually to ensure that valuable information was not
overlooked. Although the data from the Health Canada information request duplicated the
advisory information in the CBC dataset between January 2011 and July 2014, it was added as a
means to verify the completeness of the CBC data. The system data and advisory data sets were
first sorted alphabetically by province, First Nation, community and system name, then assigned
an index number for future reference. All entries were added to one sheet and then again sorted
by province, start date, First Nation, community name, and system name. The aim of this process
was to group all DWA events with their corresponding water system.
In general this method was successful, but all entries needed to be thoroughly checked before
confirming a match, and further researched if a match was not immediately apparent. When a
DWA entry was found to correspond to a single water system, the system index number was
added to the advisory entry. Since the CBC data were duplicated by the Health Canada set for
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advisories between January 2011 and July 2014, only one instance was kept. The CBC data
extended beyond the Health Canada data, therefore unidentified advisory end dates were
replaced by those from CBC entries. Where CBC end dates were blank, this indicated that the
advisory was still ongoing when the data were collected. This was left blank in order to avoid
falsification of the duration information.
Matching of the dataset was accomplished case by case. Many instances were obvious when
band name, community name and system name agreed. In other cases, it was necessary to
investigate additional attributes. The category in the advisory data identifying system type
distinguished between community water supplies (CWS), public water supplies (PWS), and
trucked water supplies (TWS), which could be compared to system attributes identifying MTAs
and number of homes with trucked water. In the most “unclear” cases, further research was
required to recognize community name translations or system names corresponding to a road in a
specific community. An example of one such case was for the Newhykulston Creek water
system in the Simpcw First Nation in BC. The advisory entry from CBC had the system labelled
as Coal Creek, a name that is used locally (Summit Environmental Consultants, 2001).
If the corresponding system remained unclear, the advisory instance was omitted. Furthermore,
instances were removed if the start date of the advisory was before the provided construction
year of the system. Finally, the system data was added to each advisory entry using the vertical
lookup function in Excel and the corresponding system number. The final dataset included 1,526
advisories issued between January 1, 2004 and December 31, 2014. A sample of the system and
advisory datasets can be seen in Table A.3 and Table A.4 in Appendix A.
3.1.4 Prediction Test Data
A second dataset was compiled to act as an additional test set for exploring the predictive ability
of the decision tree model. Since the original data upon which the model was trained ranged
from January 2004 to December 2014, another information request was sent to Health Canada
and FNHA to obtain DWA data from January 1, 2015 until present (Health Canada & Office of
the Information Commissioner of Canada, 2016).
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The information provided in response to the access to information request was a photocopied and
scanned PDF version of the advisory listings (see Appendix A). These documents included
DWAs issued up until November 30, 2015; however, the pages showing advisories from January
2015 to August 2015 were illegible due to the poor image quality. Despite numerous
communications with government staff, it was not possible to retrieve more clear versions of the
files. To supplement the data received from Health Canada, the listings for DWAs in effect as of
March 31, 2016 and May 31, 2016 were accessed online (Health Canada, 2016).
The dataset provided by FNHA in BC ranged from January 1, 2015 to May 25, 2016 and was
received in the form of an Excel file (First Nations Health Authority, 2016). When combined
with the Health Canada lists, the complete dataset consisted of 17 months of advisory
information. Any advisories that were set and revoked during the months with illegible pages
could not be included in the dataset, but advisories that were revoked and listed in the legible
portions of the file were included. Similarly, advisories that were included in the training dataset
without an end date, but had since been revoked, were updated and included in the test set.
Once the advisory data was matched to the system information, the finalized test set included
183 DWA events in 127 First Nations drinking water systems. Fifty of the DWAs were still in
place at the end of May 2016, and therefore did not have an end date or a specified duration.
Only 110 of the advisory entries included the reason for issuing the DWA.

3.2 DECISION TREE ANALYSIS
Decision trees are one of many data mining tools used for predictive modeling. The visual nature
of this process allows trends in data to be easily interpreted, and for this reason decision trees are
a popular choice for data mining analysis. They are generated by repeatedly splitting a dataset
according to given attributes in a process known as recursive partitioning. A classification model
is produced that predicts the value of the attribute of interest, or the target attribute.
In this research, four target attributes were selected for investigation. The first model was
developed to predict whether a DWA would occur in a given facility in terms of “Yes” or “No”
over the defined period of the data set. The frequency of DWAs in terms of number of events
over the defined time period was the second attribute of interest. The third model was developed
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to understand the attributes associated with the duration of individual DWA events in terms of
days. The last model was used to distinguish between advisories issued for public health, water
quality or operational reasons. The modelling tools and methods used to develop these decision
trees is described in the following sections.
3.2.1 Data Mining in RapidMiner
Among the various data mining software, RapidMiner was chosen for this work as it is an open
source and well documented program with an intuitive user interface. The interface consists of
two main views: the design view and results view. The design view is used to import data, build
a data mining process and change operator parameters (Figure 3.1). Data are imported into the
repository, which acts as a library for all work generated within the program and stores the files
in one location on the computer. A process is built by retrieving a dataset from the repository and
selecting operators to perform tasks and produce desired results. In RapidMiner, an extensive
menu of operators are available that can perform tasks such as cleansing, scoring and correlating
data. A search bar allows operators to be easily accessed and a help menu provides detailed
information about every operator and its associated parameters.
To build a process, the user can simply drag datasets and operators from their menus into the
process window and connect them by clicking between the input and output ports of each
operator. The parameters within each operator can be changed in the menu to the right of the
process window. These parameters control the task being performed by selecting different
algorithms or settings that apply to the specific dataset in use. Once the process is completed, the
play button at the top of the window can be clicked to run the process and view the results.
This action automatically shifts to the results view where results are displayed in a variety of
graphic and descriptive manners (Figure 3.2). Tabs at the top of the view allow the user to
toggle between the outputs of individual operators and examine results throughout the data
mining process. Statistics and charts can be produced from the datasets and different metrics can
be selected to review the performance of a predictive model.
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Figure 3.1 Design View in RapidMiner Studio Basic 7.1.001
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Figure 3.2 Results View in RapidMiner Studio Basic 7.1.001

32

3.2.2 Data Input
Two main datasets were used for the decision tree models. In RapidMiner, each entry or row in a
dataset is referred to as an “example” and each columns is referred to as an “attribute.” The
complete list of individual advisory events with the associated system attributes was imported to
the repository for use in the duration model. The “add data” wizard allows the user to select and
edit an Excel spreadsheet or other formats as it is being imported to the program. The only
changes needed in the advisory dataset were to select the appropriate attribute types and roles. In
general, the program automatically identifies the correct type for each attribute. The attribute can
contain data in the form of numeric values or text, called nominal values. In this dataset, a few
attributes that were identified as containing numerical values needed to be changed to nominal
type attributes since the integers were used to classify distinct categories. For example, the
geographic zone was classified as being 1 – 4, yet it was important that this attribute be selected
as a polynominal type for the model to recognize the distinct categories rather than process the
information as numerical values being smaller or greater than a certain number.
Both the occurrence and frequency decision tree models relied on the water system dataset. An
attribute for the frequency of DWAs provided a count of the number of advisory events in a
given facility from the advisory dataset. The occurrence attribute indicated “Yes” if the
frequency number was 1 or more and “No” if there were 0 events in that system. The same
changes were made to the system data as it was imported to RapidMiner and it was saved in the
repository for use in the two processes.
3.2.3 Process Design
The process framework was designed in the same way for all three modelling scenarios.
Operators were first used to retrieve the data, select the desired attributes to be considered, then
filter examples to remove missing or unwanted data. A description of the input attributes that
were included in the decision tree analysis are shown in Table 3.3.
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Table 3.3 Input attributes used in decision tree analysis
Attribute
Advisory Type 1
Advisory Reason 1
Season 1
Province

Description
BWA, DNC, DNU
Health, Quality, Operation
Spring, Summer, Fall, Winter
British Columbia, Alberta, Saskatchewan,
Manitoba, Ontario, Quebec, Atlantic
Environmental Index
Classes A – E based on Table 3.2
Geographic Zone
Zone 1 – 4 based on Table 3.2
Source Type
SW, GW, GUDI, MTA
Disinfection
Yes, No, MTA
Treatment Class
Level I, Level II, Level III, Level IV, Small System,
MTA, Unknown
Distribution System Class
Level I, Level II, Level III, Small System, MTA,
NA, Unknown
Population Served
1 – 7,800
Maximum Daily Volume (MDV)
0.5 – 25,000 m3/day
Number of Homes Piped
0 – 2,363
Total Pipe Length
55 – 119,123 metres
Pipe Length per Connection (PLPC)
1 – 2,541 metres
Number of Homes Trucked
0 - 766
System Age
6 – 87 years
Primary Operator Exists
Yes, No, Not Required
Primary Operator Treatment Certified
Yes, No, Not Required (NR), MTA, Not Required
Level (NRL), No Operator, Unknown
Primary Operator Distribution Certified
Yes, No, Not Required, MTA, Not Required Level,
No Operator, NA, Unknown
Secondary Operator Exists
Yes, No
Secondary Operator Treatment Certified
Yes, No, Not Required, MTA, Not Required Level,
No Secondary Operator
Secondary Operator Distribution Certified
Yes, No, MTA, Not Required Level, No Secondary
Operator, NA, unknown
1
included only in advisory data for duration and cause models
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The algorithm used to produce a decision tree requires that the target attribute be in the form of a
binominal or polynominal grouping. A higher accuracy can be achieved when the tree is used to
predict whether an example will fall into one of two categories. For the occurrence model, this
was the case since the target attribute was divided into categories of “Yes” or “No.” A
discretization operator was used to achieve the same effect in the duration and frequency
scenarios since the labels consisted of a large range of integers. A number of discretization
options are available in RapidMiner that allow the user to divide a group of integers into
individual categories, called bins, either by specified number of entries, value ranges, or number
of bins. The ranges of values for the target attributes are shown in Table 3.4.
Table 3.4 Target attributes used in decision tree analysis
Attribute
Occurrence
Frequency
Duration
Cause

Description
Yes, No (any DWAs over 11 years)
1 – 47 times (# DWAs in one system over 11 years)
1 – 3,956 days
Health, Quality, Operation

Previous decision tree analyses have shown that prediction accuracy is optimized when a data set
is unbiased towards one value in the target attribute (Harvey et al., 2015). To create a balanced
data set, the operator for discretization by frequency was used to create two categories with an
approximately even number of examples. The occurrence data set contained 456 systems with a
DWA (Yes) and 320 systems without (No). The range of DWAs in a single system ranged from
0 to 47 occurrences; however, the frequency target attribute was divided into two bins; ≤ 1 time
or > 1 time. The duration of DWAs ranged from one day to 3,956 days or over 11 years.
Approximately half of all DWAs lasted between 14 and 15 days; therefore, the data were divided
into bins for durations of < 2 weeks or ≥ 2 weeks. The option to divide the data in terms of long
and short term advisories as being more or less than 1 year (FNHA), or 18 months (Eggertson
2008; Office of the Ombudsman 2008), was considered but ruled out to avoid an unbalanced
prediction.
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3.2.4 Decision Tree Operation
Once the input variables and target attributes have been selected, the decision tree operator is
able to function; however, there are many parameters that need to be carefully selected and
optimized to produce the ideal tree. The model that is generated takes the form of an inverted
tree, where the branch nodes represent the input attributes and the leaf nodes correspond to the
value of the target attribute. By following the tree from the root to the leaf, the model identifies
the likely target value for each category based on the number of examples that contain all the
same input attributes.
For any dataset, there are many possible variations of decision trees depending on the depth,
confidence and algorithm chosen. There were seven unique parameters that were modified to
optimize the accuracy and usefulness of the decision trees for the purpose of this research.
Criterion: This parameter determines the metric or “criterion” that is used to select which
attributes are chosen for splitting. The options include information gain, gain ratio, Gini impurity
index and accuracy. The information gain criterion selects the attribute with the minimum
entropy for splitting, and has a bias in favour of attributes with a large number of values. The
gain ratio uses a similar method but adjusts the information gain to account for breadth of
attribute values. The accuracy parameter selects attributes to be split that maximize the accuracy
of the whole tree. In this analysis, the Gini index was chosen since it provides more granularity
and detail in the decision tree (North, 2012). This criterion is more sensitive in identifying the
nodes and leaves, especially when the dataset contains input attributes with many different
possible values. The equation that is used by RapidMiner to calculate the Gini index for each
attribute is provided in Appendix B.
Maximal Depth: The depth of a decision tree refers to the number of subsequent nodes that
appear, and is dependent on the size and nature of the dataset. However, this parameter can be
used to restrict the size of the tree by defining the desired depth. Although a tree with a larger
depth and nodes may have a higher prediction accuracy, each node would contain fewer example
and thus provide less substantial evidence for making predictions.
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Pruning: This option can be selected to reduce the size of the decision tree by removing sections
that are insignificant to the predictive power of the tree. It avoids overfitting of the training data
set by pruning the tree after the data has been classified (post-pruning). The confidence level
used to calculate the pessimistic error of pruning must also be selected, and was left at the default
value of 0.25. The equation used to calculate the predicted error for pruning is provided in
Appendix B.
Pre-pruning: This technique uses the same concept as post-pruning, but instead acts in parallel to
the tree generation process to deliver a refined decision tree. The number of pre-pruning
alternatives must also be selected to adjust how many alternatives are attempted when splitting is
prevented at a certain node.
Minimal Gain: The gain of each node determines how much discriminative power is added to the
tree and is calculated before each split. By setting a minimal gain, splitting is carried out only
when it adds valuable information as defined by the user. Increasing the minimal gain results in
fewer splits and therefore a smaller tree; however, a minimal gain value selected as too high
could reduce the tree to a single node. This parameter was altered for each model to maximize
the prediction accuracy. The equation used to calculate the gain for each node is described in
Appendix B.
Minimal Leaf Size: The number of examples in a leaf node is defined as the leaf size. The
decision tree is generated to ensure that each leaf node or prediction contains the minimal
number of examples expected by the user. This value was set higher for the duration model than
the frequency and occurrence models due to the larger number of examples in the advisory set.
This parameter was altered to improve prediction accuracy while maintaining a reasonable
number of examples in each subset from which the outcome was predicted (e.g. 2 examples in a
set of 800 is not very useful).
Minimal size for split: Only nodes that contain more examples than the defined minimal size are
eligible to be split. This number has little effect if it is set lower than the minimal leaf size since
any leaf contains at least as many examples as the node before it. Instead of adjusting this
number, only the minimal leaf size was optimized.
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3.2.5 Validation
Decision tree analysis relies on two sets of data; a training set and a test set. The training set is
used to develop the decision tree model, and the test set is used to validate the model’s
predictions. It is possible to validate the model using a random subset of the training set to act as
the test set, or to use an unseen set of data.
The performance of the decision trees was evaluated using stratified tenfold cross-validation as
used in previous work (Harvey et al., 2015). In this method, the program divides the training set
into ten random subsets with approximately equal numbers of examples and proportionally
similar amounts of positive and negative target outcomes. The operator uses nine of the subsets
for training the model and the remaining subset to test the performance. This process is repeated
ten times to carry out the cross validation. An overall estimate is calculated based on the average
of the error estimates from each iteration and the entire dataset is used to determine the final tree.
The parameters in the performance operator were set to achieve this validation technique. The
sampling type was set to “stratified sampling” and the number of validations was entered as 10.
The performance results were provided in a classification matrix that identified the overall
accuracy, true positive rate (TPR) and true negative rate (TNR). The true positive and true
negative rates indicated the proportion of examples that were correctly predicted.
The models were also compared based on the value of the area under the receiver-operating
characteristic (ROC) curve. This value is often used to measure the performance of decision trees
trained on imbalanced datasets. An ROC close to 1 indicates a perfect model, whereas a value of
0.5 would indicate that the model is random (Fawcett, 2006). Generally, an area greater than 0.7
is considered to be acceptable (Hosmer & Lemeshow, 2000).
Finally, the scenarios developed for the occurrence, duration and cause of DWAs were validated
using an unseen dataset to test the predictive capability of the models. The frequency model was
not tested using this technique since the time periods of the two datasets were not the same (11
years vs. 17 months). The prediction test data was imported to the repository as a separate data
set and operators were used to apply the trained model and evaluate its performance in labelling
the unseen data.
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4 RESULTS
The large quantity of information in the combined dataset allowed for many relationships and
characteristics to be explored through data mining. Four scenarios were developed to understand
the variables associated with the occurrence, frequency, duration and cause of DWAs in First
Nations drinking water systems. Several variations of decision trees were generated for each
scenario to test the effect of changing parameters and input variables, in an effort to optimize the
trees’ performance. Nation-wide as well as regional models were explored and a selection of the
tested decision trees are provided and explained in the following sections.

4.1 SUMMARY OF DATA
Of the 776 First Nations drinking water systems included in this study, 515 (66.4%) experienced
at least one DWA during the 11 year study period. In total, there were 1,526 DWAs considered
in the development of the decision trees, of which 1470 (96.3%) were BWAs, 55 (3.6%) were
DNCs, and 1 was a DNU. Figures 4.1, 4.2 and 4.4 show the number of systems (left) and the
number of advisories (right) with different characteristics examined through data mining. There
was considerable variation in the regional distribution of the drinking water systems and
advisories. BC had by far the most individual facilities, but only 55% experienced a DWA
during the study period. Alberta, Saskatchewan and Ontario had a higher percentage of systems
with DWAs and the highest number of advisories overall. There were only 34 systems included
from the Atlantic Provinces, but 82.4% experienced at least one DWA, with a total of 64 DWAs.
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Figure 4.1 Distribution of a) systems and b) advisories by province
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Another way to observe the spatial variation of the First Nations communities and their
associated DWAs was according to their environmental index and geographic zone (Figure 4.2).
The most systems and DWAs were found to be in the geographic zone 2, which corresponds to
First Nations communities located 50 to 350km from a service centre. Systems closest to a
service centre had the lowest percentage of systems that experienced a DWA (57.8%), whereas
76.3% of systems in the fourth geographic zone (without road access to a service centre) had at
least one DWA over the study period. The largest number of systems and DWAs were located
between 50º and 55º latitude (Environmental Index C), which would be approximately in line
with Edmonton (53.5º N). In this case, the proportion of systems that experienced a DWA
generally increased as their location tended further north (A = 56.5%, B = 62.7%, C = 69.6%, D

Number of Systems

= 66.3%).
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Figure 4.2 Distribution of a) systems and b) DWAs by 1) geographic zone and 2) environmental index
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The temporal variation of advisories across the different seasons indicated that more DWAs
begin in the summer months than in spring, fall or winter (Figure 4.3). Seasonal variations can
be linked to increased severe weather events, higher temperatures and lower water levels, which
impact turbidity and microbiological activity (Galway, 2016). Across Canada, the number of
DWAs issued generally increased over the duration of the study period. This trend may be the
result of increased inspection and monitoring since 2003 through efforts such as the First Nations
Water Management Strategy and PoAFNDW. Health Canada reported that the number of
Environmental Health Officers increased by one third, water samples tested increased seven fold,
and twice as many communities had access to bacteriological analysis kits from 2002 to 2006
(Health Canada, 2009). Other factors such as aging infrastructure, population growth and climate
change could also increase pressure on drinking water systems.
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b)
Figure 4.3 Temporal distributions of advisories across the a) study period b) seasons

The characteristics of the DWAs can also be investigated relative to their system attributes.
Variables that typically influence the functionality of a drinking water system include, but are
not limited to, the type of source water, the treatment level, and the operators’ certification.
Figure 4.4 shows the number of systems and advisories associated with each of these categories.
Groundwater was the most common source type for drinking water systems (47%); however, the
majority of the DWAs were associated with surface water systems (51%). This is not surprising
since lakes and rivers are more prone to contamination and high turbidity due to environmental
and anthropogenic causes.
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In all of the treatment classes except MTA, over half of the systems experienced at least one
DWA over the study period. The majority of advisories were associated with Level I and Level
II treatment systems. When comparing operator certification, MTA was again the only group in
which less than half of the systems experienced a DWA. Even when the operator was fully
trained, 73.4% of systems experienced one or more DWAs over the study period. Still, a
significant portion of DWAs were associated with systems where there was no operator, or the
operator was not fully trained for the treatment level. Although these figures provide a general
understanding of the role of the various attributes, decision trees were used to explore the
relationships between these system attributes and advisories in more depth.

4.2 OCCURRENCE OF DWAS
The first modelling scenario was used to explore what system attributes were associated with the
likelihood of having a DWA during the study period. The target attribute, “occurrence,” was
divided into two possible outcomes, “Yes” or “No.” As previously mentioned, this dataset was
skewed towards the positive outcome since 66% of the systems experienced a DWA at least one
time. In the papers by Harvey et al. (2015) and Murphy et al. (2016), the dataset favoured the
negative outcome since it was associated with a smaller time frame. They used the area under the
ROC curve as an additional performance measure since it is used to compare unbalanced data.
An iterative process was used to optimize the parameters within the decision tree operator to
achieve the tree with the best overall performance. The default parameters that are set by
RapidMiner were used as a starting point. Through trial and error, the more sensitive parameters
were identified as being the maximal depth and minimal gain, since they drastically altered the
shape and performance of the decision tree. These parameters dictated the number of branches
that were used to classify the data, and were altered until the desired size of tree was achieved.
The remaining parameters were altered to fine-tune the predictive capability. The accuracy, TPR,
TNR and ROC were recorded for each trial, and the parameters that provided the highest overall
accuracy and ROC value were selected. Figure 4.5 shows the optimization process for the
occurrence decision tree and a detailed table with all the performance values and parameters can
be found in Appendix C. Since the accuracy, TPR and TNR are measured in terms of percentage,
the ROC value was converted to a scale of 0 to 100.
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Figure 4.5 Optimization of performance measures for the occurrence scenario

The goal of this process was not only to obtain the highest numerical performance values, but
also to obtain a tree that provided useful information. For example, a relatively high accuracy
was achieved when the default values of 20 and 2 were used for the maximal depth and minimal
leaf size, respectively, but this resulted in a tree with over 100 branches. This level of detail was
not useful for gaining important insights from the data.
The decision tree for the occurrence of DWAs is shown in Figure 4.6. In order to conserve
space, the tree was divided into two sections, but all branches stem from a single root node. The
nodes represent the attributes that were used to classify the data, and the branches indicate the
possible values of each attribute. The final leaf nodes provide the most likely outcome for each
branch, and the coloured bar displays the proportion of examples with the specified outcome.
The thickness of the coloured bar indicates the sample size used to determine the outcome, where
a thicker bar represents a larger sample size. The leaf nodes that were more likely to have a
“Yes” outcome are highlighted. Following one pathway in Figure 4.6, the tree indicates that
systems in Alberta where the secondary operator was not certified for the treatment system were
highly likely to have a DWA, since 100% of the examples (16/16) in this category had a “Yes”
outcome. Written descriptions with the number of examples in each categories are provided for
all decision trees in Appendix D, along with the classification matrices and ROC curves.
This tree achieved an accuracy of 70.6% and an ROC of 0.72. The TPR and TNR were quite
different (85.2% and 41.8%), and reflected the unbalanced nature of the data. The main attribute
associated with the occurrence of DWAs was the province where the water treatment system was
located. It can be seen that each region had very different trends with respect to the likelihood of
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experiencing a DWA. In Alberta, Ontario and Quebec, the outcome was dependent on different
measures of system size, including maximum daily volume, pipe length and pipe length per
connection (PLPC). Facilities in Alberta with maximum daily volumes over 240 m3/day were
very likely to experience a DWA (86.5%). Systems with less than 240 m3/day and pipe length
under 1,812m were also found to be a high risk category (88.9%). Of the communities in
Ontario, distribution systems with less than 81m of PLPC were most likely to have a DWA
(74.6%). Networks with over 4920m of pipe in Quebec were 89.5% likely to have a DWA.
Systems in Saskatchewan and Atlantic were likely to have a DWA without further classification,
while BC and Manitoba also had a single branch but were more likely to have a “No” outcome.
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Sample size
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Figure 4.6 Decision tree for occurrence of DWAs
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In this decision tree, it can be seen that some values were missing in the dataset but were still
used to classify the information, as indicated by the branches with the symbol “=?”. In
RapidMiner, the decision tree operator can handle missing data in the input attributes, and will
create a branch with a category for unknown values if it is relevant to the target attribute. There
are several alternatives for dealing with missing data. One can choose to leave blank cells, omit
the information, or replace the missing information with another value. A filter can be used to
remove missing values for specific attributes, or an operator can be used to replace missing data
with a specified value. The options include replacing the blank cell with the attribute’s minimum
value, maximum value, average value, zero or a specified value.
The performance of the occurrence decision tree was tested when a filter was applied which
removed all examples with missing information in the input attributes. This caused the sample
size to be decreased from 776 systems to 512, with more unbalanced outcomes (367 “Yes” vs.
147 “No”). After optimizing the parameters, a similar tree was produced that still showed the
province to be the primary attribute, but had slightly different branches (Figure 4.7). Systems in
BC were instead classified by the presence of disinfection, environmental index and PLPC. The
primary attribute in Ontario was the number of homes piped, and in Manitoba was the pipe
length of the distribution network. This tree had an accuracy of 70.9%, a TPR of 84.2% and TNR
of 37.2, which indicates that the tree correctly classified the majority of examples, but was more
accurate at predicting the positive outcome over the negative class.
Another approach was tested by excluding the attributes that contained the most missing values,
thereby decreasing the number of examples that needed to be filtered. There were 187 missing
values for maximum daily volume, 103 for pipe length and PLPC, and 42 for system age.
Environmental index and geographic zone had only 3 missing values, while population served
had 7, and were therefore still included. By excluding the four attributes with over 40 missing
values, only 10 examples were removed from the dataset instead of 264. A similar tree was
generated based on the filtered dataset with 766 systems and only 15 input attributes, resulting in
an accuracy of 67.9% and ROC of 0.67 (Figure 4.8). Since some of the attributes previously
used to classify the data were removed, systems in BC were instead classified by the primary
operators’ treatment certification. The most relevant attribute for systems in Manitoba was the
geographic zone, and in Ontario was the source type.
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Figure 4.7 Decision tree for the occurrence of DWAs, excluding missing data
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Figure 4.8 Decision tree for occurrence of DWAs, excluding attributes with missing data
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Since the dataset contained many more “yes” instances, the tree was more accurate at predicting
this outcome over the other. This had the advantage that the model had a relatively high overall
accuracy even when the TPR and TNR were very different. In an effort to offset the effects of an
unbalanced dataset, previous studies applied a threshold to restrict the predictions to a specified
confidence level (Harvey et al., 2015; Murphy et al., 2016). Changing the threshold does not
alter the structure of the decision tree, it only changes the way predictions are made in the crossvalidation. Refining the classification threshold can improve the predictive performance for the
minority class, changing the TPR or TNR.
Murphy et al. (2016) found that a threshold of 0.67 achieved the highest performing decision
tree. This meant that an example would only be classified as having an outcome of “Yes” if the
model prediction had a confidence level over 67% rather than 50%. This method was applied to
the current model, and was found to change the TPR and TNR, but not increase the overall
accuracy. By applying a threshold higher than 0.5 for the positive class, the model was forced to
have a higher selection criteria for the more likely “Yes” outcome, and therefore caused the TPR
and TNR to be closer in value. There are advantages to both forms of decision trees, but the two
models displayed the same trends which were primarily of interest in this research. Further
information regarding this technique can be found in the book by Kuhn & Johnson (2013).
In order to test the predictive capability of the trained decision tree, the model was used to
classify the occurrence of DWAs in an unseen dataset. When the model was applied to the test
set of new DWAs in 2015 and 2016, it correctly predicted 93% (118/127) of the systems that
experienced an advisory since the end of the study period. This result was not unexpected, since
112 of the systems with a new DWA had also experienced an advisory in the past. This further
demonstrates the usefulness of historical evidence in identifying future trends. Only 127 of the
776 First Nations communities had DWAs included in the test set from January 2015 to May
2016, so the model had a low accuracy for predicting systems with a “No” outcome. Of the 649
facilitates that did not have a DWA recorded in the test set, 403 (62%) had a “Yes” classification
in the original study period, and the model would therefore tend to classify them the same way.
Nevertheless, the very high TPR demonstrated that the decision tree was a useful tool for
identifying systems that were at risk of having a DWA in the future.
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4.3 FREQUENCY OF DWAS
The second scenario considered the frequency of DWAs in a single First Nations drinking water
system. Over the 11 year period, the number of DWAs in a single community ranged from 0 – 47
separate events (Figure 4.9). Decision tree analysis was performed to determine the attributes
associated with a pattern of recurring DWAs. A binary classification was ideal, so the number of
occurrences in a single system was divided into two groups using the discretization operator. The
two groups that provided the most balanced dataset, but that was not the same as the occurrence
categories, were systems with 0 – 1 DWA (505 examples), and >1 DWA (271 examples).
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Figure 4.9 Frequency of DWAs in drinking water systems

The same procedure for optimizing parameters was carried out to obtain the highest performing
decision tree. The final tree had an accuracy of 70.5%, and ROC of 0.68, TPR of 81.2% and
TNR of 50.6% (Figure 4.10). Again, “province” was shown to be the main attribute associated
with the frequency of DWAs in First Nations drinking water systems. All provinces except for
BC were further broken down into categories based on the size of the system, including
maximum daily volume, pipe length, PLPC, number of homes piped and population served. In
general, larger systems were more likely to experience reoccurring DWAs, although the measure
of size and threshold values varied by region. Systems in Saskatchewan with over 3647m of pipe
had the highest likelihood (81%) of experiencing more than one DWA. In Manitoba, distribution
networks with 54-117 homes were also at high risk of having frequent DWAs (77.8%).
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A separate model was developed for BC since it had no child nodes to further classify the data.
The first attribute used to divide the systems in BC was PLPC, but did not further distinguish
between systems with high likelihood of frequent DWAs since 78.5% of the systems in BC
experienced zero or one advisory during the study period. When the parameters were altered to
provide more detail, the tree showed that 13 of the 17 groundwater systems (76.5%) with over
62.5m of pipe, over 17.5 years old, a population less than 300 and more than 46 piped homes had
more than one 1 DWA.
When missing data were removed from the dataset but the same input variable and parameters
were used, the performance decreased to 62.5% based on the smaller sample size of 512
examples. Removing only the attributes that had the most missing values reduced the data set to
766 examples with a breakdown of 495 in the negative class (0-1 time) and 271 in the positive
class (>1 time). After further optimization, an accuracy of 69.6% and an ROC of 0.66 was
achieved. The altered tree is shown below in Figure 4.11. In this model, systems in Alberta were
classified according to the secondary operator’s treatment certification. Systems where the
operator was not certified at all, or not to the required level, were at high risk of having recurring
DWAs (93.8% and 100%, respectively). In Ontario, systems serving over 74 people and with
surface water and GUDI as their source type were also more likely to experience frequent DWAs
(70% and 52.8%, respectively). Groundwater sources in this category were shown to be more
reliable with only 5 of the 21 systems in Ontario having recurring DWAs.
The model was also run to test the effect of having multiple classification categories. When the
frequency classification was divided into 3 or 4 groups, the province was still identified as the
primary attribute; however, the accuracy of the models was less than 50% due to the large
number of possible outcomes. Another possible way to organize the data was to compare the
frequency of DWAs in terms of the number of advisories per year. This could be accomplished
by dividing the total number of DWAs by the 11 year study period, or counting the number of
DWAs in each year according to their start data and calculating the average. However, both
methods were deemed to introduce inaccuracies into the data.
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Figure 4.10 Decision tree for frequency of DWAs
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Figure 4.11 Decision tree of frequency of DWAs, excluding missing data
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4.4 DURATION OF DWAS
The model for the duration of DWAs was developed based on the advisory dataset rather than
the system data that was used in the previous two scenarios. It contained many more examples
since several facilities experienced more than one DWA over the study period. Additionally,
three new attributes were included to provide information about the type of DWA, the season it
started, and the reason for issuing the DWA. In the duration dataset, there were 81 DWAs that
were still in place at the end of 2014, and thus did not have an end date or a defined duration in
terms of days. Missing values in the target attribute are not tolerated by the decision tree or
validation operators. For the purpose of this research, the blank cells were handled in two ways
and the results were compared, as described below.
4.4.1 Excluding On-going DWAs
The first decision tree was generated by excluding the advisories without an end date, since
adding an end date could introduce false information. Once the 81 advisories were removed, the
data contained 1,445 examples, with a maximum duration of 3,278 days and an average of about
85 days. The target attribute was divided into two groups using the discretization operator; 733
advisories lasted 2 weeks or less, and the remaining 712 were in place for over 2 weeks. This
division was more balanced than in the previous scenarios, and provided a strong basis for
developing a useful model.
After optimizing the decision tree parameters, the final model had an accuracy of 64.2%, TPR of
65.6%, TNR 62.8% and ROC of 0.69 (Figure 4.12). Primary operator treatment certification was
shown to be the main attribute associated with the duration of advisories in a given facility. In
systems where there was no operator, 90% of the advisories lasted over two weeks. When the
operator had no certification, or was not trained to the required level, systems were also more
likely to have longer DWAs. In cases where the operator was fully trained for the treatment
system, the data were divided by province and showed that 100% of DWAs in the Atlantic
Provinces last over 2 weeks. Systems in Alberta with more than 19 homes relying on trucked
water were the next most likely to experience longer DWAs (80%).
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Figure 4.12 Decision tree for duration of DWAs
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When the decision tree was applied to an unseen data set, it was capable of classifying the
duration of new DWAs with an accuracy of about 70%. Of the 133 advisories that were included
in the test set, 73 lasted 2 weeks or less and 60 lasted over 2 weeks. Both outcomes were
predicted by the model almost equally, as seen in the classification matrix in Table 4.1. This
result demonstrated the model’s ability to identify systems at risk of experiencing longer
advisories based on their system attributes.
Table 4.1 Classification matrix of duration model with unseen data

≤ 2 weeks
> 2 weeks
Class prediction

Predicted
Duration

Actual Duration
≤ 2 weeks
> 2 weeks
53
19
20
41
72.6%
68.3%

4.4.2 Including On-going DWAs
The second approach was to treat the end date as the last day of the study period, December 31,
2014. This technique allowed many long-term advisories to be considered in the decision tree.
Figure 4.13 shows the duration of the advisories that were still in place at the end of the study
period, and it can be seen that 35 of the 81 instances lasted 6 to 11 years. When these examples
were included, the average duration of advisory was approximately 169 days, with the longest
lasting 3,956 days, or over 10 years. The discretization operator was again used to divide the
data, and in this case the threshold was 15 days. There were 746 DWAs lasting over 15 days and

Number of Instances

780 DWAs lasting less than 15 days.
40
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15
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5
0

Duration of Advisories

Figure 4.13 Duration of advisories still in effect at end of study period
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The optimization of this tree proved to be difficult, as the model generated in RapidMiner
fluctuated significantly during the process. Changing the decision tree parameters slightly caused
the structure of the tree to shift drastically. For example, increasing the minimum leaf size from 5
to 6 changed the primary attribute from being the “number of homes piped” to the “province.” In
previous scenarios, the primary attribute remained the same, and only the number of branches
and subsequent nodes shifted during optimization. Regardless of the parameters selected, the
model did not reach the same accuracy as obtained using the first approach. The long-term
advisories that were still in place at the end of the study period and included in this tree may
have been in place for different reasons and did not follow the same trends as the rest of the data,
thereby introducing uncertainty into the modelling process.

4.5 CAUSES OF DWAS
The last scenario explored through data mining aimed to identify the system attributes associated
with different causes of DWAs. As previously explained, reporting of the reasons for issuing a
DWA vary across the country, and therefore a unifying system had to be defined in order to
develop a useful model (see Table A.5 and A.6 in Appendix A for more detail). The three
general categories that were used in the development of this model were for advisories associated
with public health concerns, other water quality issues, and operational problems (Figure 4.14).
This could be further reduced to only two categories; one for water quality reasons and the other
for operational issues. There were 34 advisories without reported causes, which were removed in
RapidMiner. Both approaches were tested to explore the most effective decision tree model.
Unknown
(34) 2%
Health
(497) 33%
Operation
(607) 40%

Quality
(388) 25%
Figure 4.14 Advisory causes
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When the data were divided into two groups, the model performance was found to be very
accurate at classifying advisories issued for water quality or operational issues (Figure 4.15).
During the cross validation, the model correctly predicted 72.9% of the quality instances and
81.4% of the operational instances. The overall accuracy was 76.3 % and showed that the
province was again used to distinguish between trends in the data. Although this tree had a high
overall accuracy, it did not provide much detail for the attributes associated with the causes of
advisories in all the provinces.
Using three categories of advisory causes, the model provided significant detail and still had a
relatively high accuracy of 67.2%. It is more difficult for a model to distinguish between three
possible outcomes, but the decision matrix for the model (Table 4.2) shows that it was effective
at predicting all possible outcomes.
Table 4.2 Cross-validation decision matrix for causes of DWAs

Predicted
Cause

Health
Quality
Operation
Class prediction

Health
309
72
116
62.2%

Actual Cause
Quality
61
197
130
50.8%

Operation
24
86
497
81.9%

Since the optimized tree comprised multiple branches for each province, the tree was divided by
region and shown in Figure 4.16 through Figure 4.20. In BC, surface water and GUDI systems
were more likely to issue DWAs for health reasons. For systems with MTAs, advisories to
protect public health were mostly issued in the summer months. Other water quality issues were
the main cause of DWAs in system with MTAs during the fall, spring and winter months. In
groundwater systems, operational DWAs were most often issued when the operator did not exist,
and were otherwise caused for health reasons. Operational problems also occurred more
frequently when the secondary operator was not certified for the treatment system.
In Alberta, DWAs were issued for health reasons more often when the primary operator was not
certified for the treatment system. In cases where the primary operator was certified, other water
quality issues were the main cause, except for when the secondary operator had no certification.
Systems over 41 years old were more likely to experience DWAs related to public health
concerns.
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DWAs in Saskatchewan were mainly issued for operational issues. Results in Manitoba varied
by distribution class, where Level I and II systems often experienced DWAs that could affect
public health. Small systems and ones without a distribution network were more likely to
experience other water quality problems.
The treatment class was modelled as the main attribute in Ontario. Advisories in small systems
were usually a result of health concerns, while those with MTAs were caused by operational
issues. Small and Level I systems were also more likely to issue DWAs for health reasons,
whereas advisories in Level II systems were often caused by operational problems. Level III
systems experienced more operational advisories, except when the secondary operator was not
certified to the required distribution system level (NRL), in which case health concerns were the
most common reason.
Systems with more pipe length per connection in Quebec tended to have DWAs for health
reasons, while more dense distribution systems experienced other water quality issues. Atlantic
Provinces were more prone to issuing DWAs for health concerns when there was no operator,
and to a lesser extent when there was a trained operator. Public health was also the primary cause
when MTA systems over 20 years of age were providing water to the community. When the
operator had no certification, DWAs were more frequently issued due to operational reasons.
When the model was applied to an unseen dataset containing 110 new advisories with identified
causes, it was capable of correctly classifying 52% of the outcomes. The classification matrix in
Table 4.3 shows that the tree correctly predicted the majority of the examples in two of the three
categories. New advisories issued for water quality or operation reasons were best classified by
the model, while those issued for health causes were often misclassified as being for other water
quality issues. The accuracy of the model could likely be improved if advisory reasons were
reported more consistently and clearly.
Table 4.3 Classification matrix for causes of DWAs using unseen data

Predicted
Cause

Health
Quality
Operation
Class prediction

Health
19
25
2
41.3%

Actual Cause
Quality
5
17
8
56.7%

Operation
9
4
21
61.8%
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Figure 4.15 Decision tree for DWA causes using two categories
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Figure 4.16 Decision tree for DWA causes in BC

Figure 4.17 Decision tree for DWA causes in Alberta
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Figure 4.18 Decision tree for DWA causes in Saskatchewan and Manitoba

Figure 4.19 Decision tree for DWA causes in Ontario

Figure 4.20 Decision tree for DWA causes in Quebec and Atlantic provinces

63

5 DISCUSSION OF FINDINGS
5.1 DECISION TREE PERFORMANCE
Decision trees have been shown to serve as a valuable tool for identifying tends in large sets of
data in a wide variety of scientific and social applications. Their performance can be judged
based on metrics from the validation process, and their ability to provide useful information
through an appropriate amount of detail. In any modeling process, there are varying techniques
for optimizing performance, and different options for selecting input and output variables. For
this reason, many different approaches were explored in the decision tree development used to
understand the trends associated with advisories in First Nations drinking water systems.
The results presented in this study can be compared to the findings of Harvey et al. (2015) and
Murphy et al. (2016), which were based on similar data and variables. The main difference
between these previous studies and the current evaluation was the incorporation of multiple years
of DWA data, rather than the DWA status at fixed points in time. The expanded dataset allowed
for different scenarios to be considered other than only the occurrence of DWAs in terms of
“Yes” or “No.” Additionally, the models from Harvey et al. (2015) were based on systems in
Ontario only. The results of the occurrence decision tree from this work can be compared
directly to the decision trees used to predict the likelihood of DWAs for Ontario and Canada
from the previous studies as seen in Table 5.1.
Table 5.1 Comparison of decision tree performance
Parameter
Accuracy
TPR
TNR
ROC
Root Node

Current Study
Canada
70.5 – 70.9%
81.8 - 85.4%
37.2 - 43.5%
0.67 – 0.72
Province

Murphy et al. (2015)
Canada
73.2 - 75.4%
24.8 - 41.8%
83.7 – 90.3 %
0.63 - 0.7
Province &
Primary Operator
Treatment Certification

Harvey et al. (2015)
Ontario
70.7%
72.3%
69.6%
0.76
Primary Operator
Treatment Certification

It is apparent in Table 5.1 that the overall accuracy was very similar for all three models, in the
range of 70-75%. The ROC values were also comparable, and achieved an acceptable standard of
0.7 (Hosmer & Lemeshow, 2000). Three of the five models developed by Murphy et al. (2016)
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included the province as an input attribute, and in all three it was found to be the primary
attribute associated with the occurrence of DWAs in First Nation communities across Canada.
This result was replicated by the current study.
When the province was not included as an input attribute in the other two models, the primary
operator’s treatment certification was found to be most relevant attribute, which matched the
findings of Harvey et al. (2015) for systems in Ontario. The decision trees presented for the
current work suggested that pipe length, number of homes piped and the source type were most
relevant for systems in Ontario, depending on the way missing data was handled in the model.
The primary and secondary operators’ treatment certification were found to be associated with
the occurrence of DWAs in BC and Alberta when the attributes with many missing values were
excluded.
The frequency model was used to identify systems that were likely to have two or more DWAs,
and therefore had slightly different outcomes from the occurrence models. Although the decision
tree for the frequency scenario could not be compared directly to the results from previous
studies since it was based on a different target attribute, the tree was shown to perform equally as
well. A summary of all the performance values and high risk groups for the four scenarios is
shown in Table 5.2. For the frequency model, the overall accuracies and ROC values were in the
same range, and the TNR was even higher than those of the occurrence models. The crossvalidation showed that the model was capable of correctly predicting 50.6% of the negative
outcomes, despite only 35% of the examples having a negative classification.
The primary operators’ treatment certification was found to be the main attribute associated with
the duration of advisories across Canada. Advisories were more likely to last less than 2 weeks in
facilities where the primary operator was fully trained for the treatment system. At the time of
the Neegan Burnside report, systems that were on long-term advisories were more likely to have
been identified as having a DWA when the facilities were inspected. When the dataset was
extended over a longer period of time, it is possible that this trend manifested itself as being
associated with the duration of DWAs rather than the status at a single point in time.
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Table 5.2 Summary of model performance
Model
Positive Class
Negative Class

Occurrence
DWA = Yes
DWA = No

Frequency
> 1 DWA
≤ 1 DWA

Duration
> 2 weeks
≤ 2 weeks

Accuracy
TPR
TNR

70.6%
85.2%
41.8%

70.5%
81.2%
50.6%

64.2%
65.6%
62.8%

ROC
Root Node

0.72
Province

0.68
Province

High Risk
Groups
(>50% for the
positive class)

Predictive
Ability
(unseen dataset)

0.69
Primary Operator
Treatment
Certification
 BC, Pipe length
 AB, MDV
 MTA, Homes
>38.5m, Env.
>65m3/d
piped ≤7
Index = C
(39/63, 62%)
(23/25, 92%)
(85/115, 74%)
 SK, Pipe length  1st Op. not treat.
nd
 AB, 2 Op. not
>3647.3m
certified
treat. certified
(51/63, 81%)
(161/272, 59%)
(16/16, 100%)
 MB, Homes
 No operator
 SK
piped >54 &
(27/30, 90%)
(90/102, 88%)
≤117
 1st Op. cert. not
(7/9, 78%)
 MB, SW, Pop.
required, PLPC
 ON, MDV
≤1728
>52m
(21/25, 84%)
>71.5m3/d, Pop.
(63/85, 74%)
≤889.5
 ON, Homes piped
 1st Op. not req.
(47/82, 57%)
≤300
level, Homes
 QC, Pipe length
(96/109, 88%)
piped ≤233,
>4920.5m
Homes trucked
 QC, Pipe length
(11/19,
58%)
> 3 (71/93 76%)
>6544.5m
 ATL, MDV
 1st Op. treat.
(14/15, 93%)
>671.5m
certified, ATL
 ATL
(6/9, 67%)
(9/9,100%)
(28/34, 82%)
 1st Op. treat.
certified, MB,
Homes trucked
>19
(20/25, 80%)
Acc. = 34.4%
NA
Acc. = 70.7%
TPR = 92.9%
TPR = 73.6%
TNR = 23.0%
TNR = 68.3%

Cause
Health
Quality
Operation
67.2%
THR = 62.2%
TQR = 50.8%
TOR = 81.9%
Kappa = 0.49
Province
 BC, MTA,
Summer
(7/7, 100%)
 AB, 1st Op.
treat, certified,
2nd not dist.
certified
(5/6, 83%)
 MB, Level II
Distribution
(5/7, 71%)
 ON, Small
Systems
(10/15, 66%)
 QC, PLPC
>11m
(68/92, 74%)
 ATL, MTA,
System age >20
yrs.
(5/6, 83%)

Acc. = 51.8%
THR = 41.3%
TQR = 56.7%
TOR = 61.8%
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The most unique model developed in this research was for the scenario considering the cause of
DWAs. Murphy et al. (2016) commented on the general causes of DWAs based on data from a
variety of sources, and found that inadequate disinfection and mechanical failure were the most
common reasons for issuing a DWA. However, these data were not used in the decision tree
analysis because it was compiled separately from the Neegan Burnside system information.
Since the advisory data obtained from Health Canada specified the cause of each DWA, it was
possible to incorporate the information into the analysis.
The decision tree used to identify the variables associated with cause of DWAs was the only
scenario that produced a valuable model when using a non-binary classification system. When
the data were sorted according to three general types of causes, the decision tree model had an
accuracy of 68.3%, which was comparable to the performance results of previous studies. ROC
values can only be calculated when there are two possible outcomes, so the kappa value was
used as a secondary performance measure. The kappa statistic takes into account the number of
correct predictions occurring by chance by comparing the observed accuracy and the expected
accuracy of a model. The statistic can range from 0 – 1, where a value of 0 indicates a poor
agreement and 1 indicates a perfect model. Values over 0.4 are considered to be an indication of
models with a moderate or substantial correlations (Landis & Koch, 1977). In this model, the
kappa value was found to be 0.51, demonstrating that the decision tree was a useful tool.
Both the binary and non-binary models showed the province to be the root node used for
classifying the possible outcomes, but the three-way decision tree provided more detail for
identifying attributes associated with the DWA causes. Each of the provinces had different
trends; DWA causes were classified according to source type, operator certification, distribution
or treatment class. It is not only important for decision makers and communities to understand
whether a DWA might occur in a given system, but also why the event might occur in order to
prevent future problems.
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5.2 PROVINCIAL VARIATIONS
One of the most significant findings from this research was the model’s repeated identification of
the provinces to classify data in the decision trees. This result is not surprising given the size of
the country and the variation in climate, geophysical conditions, culture and governance between
different regions. First Nations are federally regulated and should ideally be less prone to
variations in governance than the provincially regulated drinking water systems. However, this
was not found to be the case when examining the trends associated with DWAs across Canadian
First Nations.
Several studies have investigated the fragmentation of water governance across Canada’s
provinces and territories, as well as between federal, provincial and municipal levels of
government. Hill, Furlong, Bakker, & Cohen, (2008) state that Canada’s water governance
framework is the most decentralized system in comparison to the other Commonwealth and G7
countries. Furthermore, Canada is the only country in the Organisation for Economic Cooperation and Development (OECD) that does not have legally enforceable drinking water
standards (Bakker & Cook, 2011).
There are different legislative and operational requirements between the ten provinces and First
Nations reserves. For example, BC, Manitoba, Newfoundland and the territories allow
disinfection as the only treatment type, whereas the other province also require filtration for
surface and GUDI sources (Hill et al., 2008). Since the Guidelines for Canadian Drinking Water
Quality (GCDWQ) are not enforceable, each province and territory can decide the extent to
which their systems should follow this monitoring protocol (Cook et al., 2013). Currently, only
four provinces have adopted these guidelines (Hill et al., 2008); however, all First Nations are
responsible for providing safe drinking water according to these standards for all 56 water
quality parameters (McCullough & Farahbakhsh, 2012).
Many communities across the country still experience boil water advisories, and multiple reports
continue to identify the unacceptable elements of water management in Canada (Office of the
Auditor General of Canada, 2005; Senate of Canada, 2005; Swain et al., 2006). Hill et al. argue
that the root of the problem is not in the provincial variation of guidelines specifically, but rather
the capacity to meet the established guidelines in each jurisdiction. This is especially true for
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small and First Nations drinking water systems. The federal government has an important
responsibility to enhance capacity building and funding in these vulnerable systems, and to
improve the harmonization of drinking water standards across the country.
British Columbia contains the most individual First Nations drinking water systems, but the data
suggest that a smaller proportion experienced DWAs than other provinces during the study
period. BC is the only province where First Nations drinking water systems are not managed by
Health Canada, since the First Nations Health Authority established its role in October 2013
(Health Canada, 2016). First Nations in BC are also unique in the fact that most did not sign
historic treaties with the Crown, and therefore lack significant written documentation regarding
control of lands and resources (von der Porten & de Loë, 2013). Nonetheless, First Nations in
BC have asserted their rights and authority over their traditional territories, and have
demonstrated progress as self-governing nations. There is considerable reform occurring in water
governance in BC, and several organizations are collaborating with First Nations in the process.
Whether these factors have a direct influence on the occurrence of DWAs in First Nations
communities is not yet quantifiable, but further data collection and analysis could reveal the
implications of this changing governance structure.
First Nations in Quebec also have unique challenges due to the complex socio-political
environment in the province. Rizvi et al. (2013) investigated the capacity of two FN communities
in Quebec to practice Integrated Water Resources Management by conducting interviews and
analyzing several indicators of financial, technical and institutional dimensions. An important
process in watershed protection is establishing a strong actor network that consists of
cooperation between different sectors, administrations and stakeholders. In both communities, a
lack of partnership with neighbouring communities and participation in watershed associations
was identified. One major barrier was that French is the working language in most Quebecois
watershed associations, yet residents of Kahnawà:ke, for example, typically speak only Mohawk
or English, making their participation in meetings and decisions more difficult. There are also
historical political conflicts rooted in Quebec since First Nations’ claims to ancestral land is in
direct conflict with Quebec’s strong sense of identity based on French cartographers. Interviews
revealed that First Nations prefer to be recognized as independently governed nations rather than
an external stakeholder (Rizvi et al., 2013).
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A similar study was conducted to investigate the capacity of the First Nations community in
Montreal Lake, Saskatchewan to provide safe drinking water (Lebel & Reed, 2010). The
drinking water quality in this community was not threatened when the study was undertaken;
however, a number of social and political deficiencies were identified that compromised the
management of this water system. A lack of communication between INAC, the Prince Alberta
Grand Council (PAGC) responsible for managing the systems, and the Montreal Lake water
treatment plant operators was found to cause potential risk for local residents. The plant had been
experiencing reoccurring problems with high turbidity, but sampling and treatment performance
results were not shared, causing the problem to persist for over a year. INAC and PAGC
personnel were located only an hour away, but poor lines of communication existed regardless of
the physical distance. By the end of the study period, the authors observed progress towards a
better partnership as a direct result of INAC employees’ outreach and visits to the operators and
PAGC.
This study also identified that the group of residents relying on trucked drinking water were at
higher risk of drinking unsafe water due to technical deficiencies and unsafe storage of water in
cisterns. Many First Nations communities in Canada are still supplied water by delivery trucks,
but the data from Neegan Burnside (2011) showed that this method is more common in the
Prairies. In Figure 5.1 it can be seen that Alberta, Saskatchewan and Manitoba have the highest
proportion of homes served by trucked service compared to piped networks. The cisterns that are
used to store water at each household are prone to bacterial contamination due to damaged tanks,
infiltration, low chlorine residual and more (Smith et al., 2006; Swain et al., 2006).
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Figure 5.1 Number of homes with trucked and piped water supplies by province
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Overcoming social and political tensions between First Nations, local authorities and federal
organizations is a key step towards ensuring reliable drinking water in all communities. The
socio-political issues and communication barriers are complex, and vary between regions.
Although these differences may not be directly identifiable in the data, they influence the way
communities deal with risk and manifest themselves in different trends between regions. One
strategy for improving water management across the country may be to identify the
communication and organisation challenges faced by each community and address them case by
case. Lebel and Reed (2010) emphasize that “all levels of government have a role to play in
improving communication, but INAC should continue to spearhead the effort.”

5.3 OPERATOR CERTIFICATION
Certifying and retaining operators is a common challenge for First Nations communities
(Murphy et al., 2015; Neegan Burnside, 2011; Pons et al., 2014; Simeone & Troniak, 2012;
Swain et al., 2006). Ideally, a drinking water system should have at least two operators who are
certified for the treatment and distribution level of the system. As of 2011, only 42% of First
Nations systems requiring a fully certified primary operator had one in place. 81% of these
systems had a secondary operator, but only 20% of them were certified to the required treatment
classification. Murphy et al. (2015) noted that the percentage of systems with certified primary
water treatment operators was lower in more remote communities, with 67% in zone 1 and only
26% in Zone 4.
Harvey et al. (2015) identified primary operator treatment certification to be a main factor
associated with the likelihood of DWAs in Ontario through the use of decision tree analysis.
Only 23% of systems with a certified operator had a DWA, whereas 64% of those without had an
advisory in effect. Based on the larger dataset, this attribute was also found to be most relevant in
the duration model, and associated with certain provinces in the other three decision trees
presented in the current study. Advisories lasting over 2 weeks in duration were most common in
systems without a fully certified operator, or with no operator at all (Figure 5.2). This trend can
be easily understood since even the most robust treatment facilities are only effective when they
are being properly operated and maintained.
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Figure 5.2 Duration of advisories by primary operator treatment certification

Primary and secondary operator certification were also identified as important attributes in the
decision trees for the occurrence, frequency, and cause of DWAs. In Alberta, the causes of
DWAs were classified by primary operator treatment certification, and the occurrence and
frequency of DWAs were associated with secondary operator treatment certification. Figure 5.3
shows that where the secondary operator was not certified at all or to the required level, the
systems predominantly experienced more than one DWA during the study period. Systems with

Number of Systems

MTAs or fully certified secondary operators were less likely to have reoccurring DWAs.
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Figure 5.3 Frequency of DWAs by secondary operator treatment certification in Alberta

The cause of DWAs in Alberta was dominated by water quality issues; however, systems where
the primary operator was not certified experienced the most advisories for health concerns
(Figure 5.4). The decision tree also showed that when the primary operator was fully certified,
but the secondary operator was not, the system was more likely to issue DWAs for health
reasons.
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Figure 5.4 Cause of DWAs by primary operator treatment certification in Alberta

Murphy et al. (2015) conducted interviews with First Nations operators from 8 communities in
Ontario, and surveyed 79 operators in BC to understand issues related to operator training,
retention and job satisfaction. All the eight operators interviewed from Ontario were certified,
and indicated that they were satisfied with their job for reasons including a sense of
responsibility and respect in the community, ease of maintenance of the system and an
interesting field of work. Although this small subset of communities did not seem to struggle
with operator certification, satisfaction and retention, the existing operators commented on why
previous operators left their positions. Some of the main reasons for departure were that they
found higher paid employment or were not prepared for the demands of the job. In other cases,
the previous operators had personal disagreements with, or failed to meet expectations of the
Chief and Council.
More diverse responses were obtained from the operators in BC, whose certification level varied
from operator in training to Level IV. Most operators who responded indicated that they were
satisfied with their job; however, when asked about challenges faced in their communities, the
major themes were a lack of operation and maintenance funding and a lack of support from their
band councils. These trends demonstrate that even when operators are fully certified, there are
other barriers to providing safe drinking water and advisories may be issued for reasons outside
the operators’ control.
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A number of efforts have targeted the issue of operator training in First Nations communities
such as the Circuit Rider Training Program (CRTP) and events like the BC First Nation Water &
Wastewater Operational Excellence Conference & Trade Show. Circuit Riders travel on-site to
provide individual, hands-on training that is tailored to each operator and drinking water system.
This program has helped to build community-based capacity and reduce the number of long-term
advisories (Reading et al., 2011). Conferences and events that bring together First Nations
operators have also promoted a “support network” for remote communities and encourage
operators to continue their education. Increasing the level of expertise at a local level coupled
with improved governance and funding has the potential to initiate significant change for
vulnerable drinking water systems.

5.4 SOURCE WATER PROTECTION
The data compiled for this research, and trends from previous studies, indicate that source type is
another important factor in the vulnerability of First Nations drinking water systems. Galway
(2016) indicated that 78% of the advisories in Ontario were issued in surface water systems, and
Murphy et al. (2016) found that source type was a principal factor contributing to DWAs in
Canadian First Nations in all versions of their decision trees. The nation-wide data presented
here also showed that the majority of DWAs were associated with surface water and GUDI
systems (56% in total).
The models indicated that the source type was most relevant for classifying the occurrence of
DWAs in Manitoba and Ontario, as well as the frequency of larger systems in Ontario,
depending on how missing data were handled. In systems serving over 74 people, GUDI and SW
source types were more likely to experience DWAs more than once, whereas GW and MTAs had
less frequent events. This attribute was important for distinguishing between likely causes of
DWAs in BC, where 80% of GUDI systems were classified as having DWAs due to health
concerns.
The source water type in First Nations communities in BC is another factor that sets them apart
from communities in other provinces. As of 2011, the majority of systems in BC were served by
groundwater (53%), followed by MTA (25%), surface water (17%) and GUDI (5%)
(Figure 5.5). The Atlantic Provinces had a similar breakdown, but a smaller total number of
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systems. In Manitoba and Alberta, a larger proportion of systems relied on surface water, which
is more vulnerable to contamination. Saskatchewan also has a large number of groundwater
systems, but fewer MTAs. Ontario had by far the most surface water systems, which is a
potential concern since it is the most populated province and contains a large portion of the
Canada’s industrial and agricultural development. It was also found that more remote
(Geographic Zone 4) and more northern communities (Environmental Index D) had a higher
percentage of surface water systems than other source types. Although the water conditions may
be more pristine in these remote areas due to fewer nearby farms or industries, the technology
used to treat raw surface water typically requires more maintenance, which is difficult for these
communities to reach. However, the alternative to switch to groundwater may not be feasible if
drilling equipment is unable to access the site.
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Figure 5.5 Distribution of source types by province

When the attribute for province was excluded from the occurrence decision tree process, the
source type became the primary attribute selected by the model, although the overall accuracy
and ROC decreased. Surface water systems were 80% likely to have a DWA and GUDI systems
were further classified by the primary operator’s treatment certification. Even when the operator
was fully trained, 15/16 of these systems experienced an advisory during the study period.
Source water protection has become an important focus area in new provincial and federal
initiatives, especially after water contamination events in the municipalities of Walkerton,
Ontario and North Battleford, Saskatchewan (Hrudey & Hrudey, 2002). In response, the Clean
Water Act (2006) in Ontario established the role of conservation authorities to develop source
water protection plans for their local watersheds. In Saskatchewan, the Safe Drinking Water
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Strategy (2003) also required municipalities, conservation authorities and stewardship groups to
collaborate in the development of watershed management plans (Hill et al., 2008).
Despite these advancements, there has been little effort to undertake source water protection on
First Nation reserves (Dyck et al., 2015). Typically, the federal government has invested in new
water treatment facilities to overcome risks in many communities, but this has been largely
unsuccessful due to faulty designs, dependency on chemical supply and lack of trained operators.
These advanced technologies also have a very high unit cost for the small populations they serve,
as well as high operation and maintenance costs. Patrick, (2011) argues that a more holistic
approach to safe drinking water that includes watershed management and source protection is
more appropriate and cost effective. Currently, INAC has provided the First Nations On-Reserve
Source Water Protection Plan (SWPP), which is a voluntary set of guidelines for communities to
develop their own SWPP (Aboriginal Affairs and Northern Development Canada, 2014). This
strategy has a number of flaws, the main one being that watersheds extend beyond the borders of
reserve lands, over which First Nations do not have control. Furthermore, the small committees
designated for this job rarely have the financial means or technical expertise to undertake such a
complicated project (Patrick, 2011).
In Ontario, First Nations also have the opportunity to participate in source water protection
planning carried out by a local conservation authority; however, there are often not enough seats
on the board, and members feel that their input and traditional concerns are under-valued in the
process (Marshall, 2016). Improving communication between First Nations communities and
other watershed stakeholders is another way that the federal government could address one of the
barriers and improve water quality.

5.5 LIMITATIONS AND DATA GAPS
Analysis through data mining has limitations associated with the data collected, methodology
used, results produced and interpretation of findings. This research revealed substantial gaps in
data available for assessing small and First Nations drinking water systems. This is due in part to
the fragmented nature of water governance between provincial and federal jurisdictions. A report
by the Prairie Women’s Health Centre of Excellence drew attention to the limited public access
of advisory data for both First Nations and non-First Nations, and found that “even where public
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reporting exists, formats vary considerably” (Isfeld, 2009). This is not only a concern for
researchers and planners, but also for the public, since detailed information on water quality and
emergency advisories are not easily accessible for all water supplies.
The most significant limitation in the dataset used for this research was the availability of First
Nations drinking water systems data at different points in time. Since the Neegan Burnside report
from 2011 contained the most recent record of treatment and distribution details in each
community, it was used in combination with advisory data collected from Health Canada and the
FHNA for the 11 year study period. It is possible that the system details recorded by Neegan
Burnside between 2009 and 2010 were not the same for all systems at the time of each advisory
event between 2004 and 2014. However, the majority of First Nations drinking water systems do
not experience frequent upgrades due to the financial and institutional barriers discussed. The
main attribute that may have been influenced by this limitation was the primary and operators’
certification at the time of the advisory, since it has been shown that operator retention is a
challenge in many communities.
A reason that may limit the availability of data online is the sensitive nature of the topic. First
Nations issues are often the source of media attention in Canada, so scholars and government
authorities are cautious when publishing new information. Morrison et al. (2015) further
emphasize the poor quality of information available, and the absence of quantifiable indicators
for evaluating progress in water management on reserves. Furthermore, non-First Nation
drinking water is managed provincially and details often remain at the municipal level, so there
is no comprehensive dataset for these systems across Canada. This limits data mining efforts to
compare trends between non- and First Nations drinking water systems.
The dataset was also subject to a certain amount of human error as a result of the need to
manually match the drinking water systems with the advisory events. This potential for error
could be eliminated with the use of a consistent numbered identification system from First
Nations drinking water systems. In addition, there is a degree of uncertainty associated with the
data collected from Neegan Burnside, Health Canada and other sources since it was prepared by
external sources and could have been recorded inconsistently. For example, an increase in
monitoring and awareness of risks may have an effect on the number of DWAs reported,
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influencing the trends in occurrence and frequency of advisories in First Nations (Eggertson,
2008; Galway, 2016). In some regions where there are fewer water systems per health official, it
is also possible that inspections occur more frequently and conditions warranting advisories are
detected more quickly (Edwards et al., 2012).
Altering the methodology used for optimizing and selecting decision trees in RapidMiner could
produce varied results, and therefore an understanding of the processes used should be
accompanied with any use of the findings presented in this work. Caution must also be exerted
when interpreting the results within the decision trees, since the examples used to classify the
data are only representative of systems included in the study. The information provided by the
decision tree serves as an indication of trends in historical data, and decision making must also
consider the social, political and financial implications involved.
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6 CONCLUSIONS AND RECOMMENDATIONS
Access to reliable and safe drinking water is a basic human necessity, but it is the privilege of
only a small fraction of the world’s population. Even in Canada, where freshwater is an abundant
resource, many small and First Nations communities still struggle to provide clean tap water to
their residents. The history of DWAs in First Nations communities is alarming and has warranted
significant government and academic attention. A number of strategies have been applied to gain
insight into this complex issue, including data mining as a means to identify useful trends.
In this study, data collected from Health Canada, the FNHA and INAC was compiled to produce
an extended dataset of DWAs in First Nations drinking water systems and their associated
characteristics. RapidMiner was used to develop decision trees that identified the system
attributes associated with the 1) occurrence, 2) frequency, 3) duration and 4) cause of DWAs in
these systems. The models were optimized to maximize their performance through tenfold crossvalidation, and achieved accuracies of about 64 – 76% and ROC values of 0.66 – 0.72, which
were comparable to previous studies. The prediction accuracy was also tested using an unseen
dataset of recent DWAs. The occurrence model was able to predict 93% of systems that
experienced a DWA since 2014, and the duration of DWAs was predicted at 71%.
The decision trees showed that there was considerable regional variation in the trends for the
occurrence, frequency and cause of DWAs, since “province” was identified as the root node in
all three scenarios. Within each province, the most likely outcomes were classified using a
variety of system attributes including, but not limited to, source type, system age, and different
measures of system size. This result emphasized the need for consistent governance across
Canada and enforceable drinking water standards that would be attainable for these small
communities. Recognizing regional differences and targeting appropriate areas of concern in
each province and community could help to focus government efforts. Further investigation and
enhanced data would improve the understanding of specific influences of geophysical conditions
compared to socio-political factors in each region.
The primary operators’ treatment certification was shown to be the most relevant attribute for
classifying the duration of DWAs. The decision tree showed that systems with fully trained
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operators were less likely to experience advisories lasting over 2 weeks. Many communities lack
the financial capacity to train and retain water treatment operators, but specific spending for this
purpose could help to alleviate this problem. Multiple quantitative and qualitative assessments
have now shown the importance of operators to the function of community drinking water
systems. This evidence should provide a foundation for decision makers to ensure competitive
wages and training opportunities in First Nations communities as an effective approach for
improving the provision of reliable drinking water.
The detail within these models was quite exhaustive, yet it demonstrated the complexity of the
issues within First Nations drinking water systems. Although the predictive capabilities of the
decision trees were not perfect, the models serve as a powerful visual tool for explaining trends
in historical examples. The predictive ability of the decision trees on an unseen dataset also
demonstrated the ability of decision trees to provide insights for future trends.
The study was limited by many gaps in data, but improved reporting could provide an even
stronger basis for future data mining work. Although the Neegan Burnside reports (2011)
provided significant detail for First Nations facilities, the information is becoming dated,
especially given the frequent turnover of operators in these communities. An approach that could
alleviate the reporting burden for the federal government would be to transfer the responsibility
to First Nations Band Chief and Councils to update officials about changes within their drinking
water facilities. By maintaining a public or internal database of current system details, decision
makers and researchers would have a stronger foundation for moving forward.
Some records of DWAs include the size of population affected by each advisory, but other
information pertaining to the affected system is not easily accessible. Providing the system
identification numbers used in the Neegan Burnside report (2011) in the advisory listings would
immensely facilitate the connection between advisory and system data. Moreover, making this
data available online for public use, or for specific access, could provide stakeholders with a tool
for risk assessment and management. The ability to search systems with similar characteristics
and study historical advisory events could help operators and community leaders to learn
vulnerabilities associated with their treatment or distribution networks and act pre-emptively.
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Additional data on operator’s education, years of experience and salaries would provide more
opportunities for understanding trends in First Nations communities. This type of information is
generally confidential to protect the identity of the individuals involved; however, if this
information was tracked internally in a consistent way across the country, it would allow
decision makers to understand whether funding efforts were directly related to changes in DWA
occurrence, frequency and duration. Furthermore, information regarding spending in specific
communities and distribution of funds to various causes would allow researchers to track the
accomplishments of such investments.
Given the significant allocation of funds in the new budget to resolve this issue, the opportunity
exists to take a new strategic approach. Considerable funding has been dedicated to assessments
and planning efforts, and many facilities have undergone technological upgrades, yet this has not
resolved the problem across the country. The technical capability already exists to collect and
analyse data, but the findings should be translated into action. A holistic, transparent and
informed approach based on lessons learned from the last decade has the potential to finally
alleviate the hardships endured by First Nations in Canada.
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A. SAMPLE DATASETS

Figure A.1 Record of Access to Information Request A-2015-01033
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Table A.1 Sample of data enclosed in response to Access to Information Request A-2015-01033
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Figure A.2 Record of Access to Information Request A-2014-00525
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Table A.2 Sample of dataset included in response to Access to Information Request A-2014-00525
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Table A.3 Sample of systems dataset including five drinking water systems and their associated attributes
ID #

DWA

Province

Band name

1

# of
DWAs
1

Yes

Alberta

Alexander

109

1

Yes

Atlantic

Shubenacadie

124

1

Yes

BC

513

1

Yes

Ontario

Blueberry River
First Nations
Lac Seul

716

1

Yes

Saskatche
wan

ID #

Construction
Year

System
Age

1

1989

27

109

1995

21

124

1994

513
716

Peter
Ballantyne Cree
Nation

Max
Daily
Volume

Community
name
Alexander

System #

System name

6731

Alexander
No.134
New Ross
Pumphouse
Blueberry
River No. 205
Frenchman's
Head Water
Treatment
System
Sturgeon Weir
No.184F

Sipekne'katik
First Nation
Blueberry River

6821

Lac Seul No. 28

6539

Sturgeon Weir

6638

Env.
Index
A

Geo.
Zone
1

Subzone

B

1

GW

D

2

GW

C

4

D

2

1

Source
type
MTA

SW

GUDI

Disinfection

Treatment
Class

Distribution
Class

Population
Served

Homes
Piped

Homes
Trucked

Pipe
Length

MTA

MTA

Level I

888

83

111

14896

23

No

6

0

525

187

Yes

Small
System
Level I

24

22

Small
System
Level II

192

63

0

2825

2000

16

460

Yes

Level II

Level I

472

130

0

5135

1998

18

1406

Yes

Level I

Level II

3421

282

398

32295

100

ID
#

1st
Operator
Exists

1st
Operator
Treatment
Class
Not
Required

1st
Operator
Treat.
Certified
MTA

1st
Operator
Distribution
Class
No
Certification

1st
Operator
Dist.
Certified
No

2nd
Operator
Exists

2nd
Operator
Treat. Class

1

Yes

109

2nd
Operator
Treat.
Certified
MTA

2nd
Operator
Dist. Class

2nd
Operator
Dist.
Certified
No
Secondary
Operator

No

Yes

Level II

Yes

Level I

Yes

Yes

124

Yes

Level I

No
Certification

No

Yes

513

Yes

Level I

Level I

Yes

Yes

No
Certification

No

716

Yes

Level II

Not
required
level
Not
required
level
Yes

No
Secondary
Operator
Required
No
Certification
Not Required

No

No
Certification
No
Secondary
Operator
No
Certification

No

Level II

Yes

Yes

No
Certification

No

Not
Required

No
Certification

No
Secondary
Operator
No

No

Table A.4 Sample of advisory dataset for DWAs associated with the same five drinking water systems
ID #

Province

Band Name

Start Date

End Date

1
109
124

Advisory
Type
BWA
BWA
BWA

2011-11-21
2005-06-27
2011-01-29

Duration
(days)
83
119
6

Alberta
Atlantic
BC

2011-08-31
2005-03-01
2011-01-24

513
707

BWA
BWA

Ontario
Saskatchewan

Alexander
Shubenacadie
Blueberry
River
LAC SEUL
Peter
Ballantyne

2008-08-10
2012-06-27

Season
Summer
Spring
Winter

Reason
1
12
3
2

2008-09-12
2012-06-28

34
2

Summer
Summer

2
2

Reason
2
C

Cause
Quality
Health
Operation
Operation
Operation
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Table A.5 Categorization of reasons for systems in all province except Alberta and Manitoba
Original
Code
1

Original Reason

Reason Category

Category

Significant Deterioration in source water
quality

Water quality (not direct public
health concern)

2

2

Equipment malfunction during treatment or
distribution

Operation

3

3

Inadequate disinfection or disinfectant
residuals

Operation

3

4
5
6

Unacceptable Microbiological quality
Unacceptable Turbidity or particle counts
Operation of system would compromise
public health

Public health concern
Water quality
Public health concern

1
2
1

7

Epidemiological evidence indicates the
drinking water is or may be responsible for
an outbreak of illness

Public health concern

1

8

other

Unknown

NA

Table A.6 Categorization of reasons for systems in Alberta and Manitoba
Original
Code
1

Original Reason

Reason Category

Category

Cross connection with backflow suspected
or confirmed

Water quality

2

2

DW suspected/known as outbreak source

Public health concern

1

3
4

E-coli detected in drinking water system
Exceedance of Maximum acceptable
concentration (MAC) or drinking water
standard

Public health concern
Water quality

1
2

5

Excess disinfection levels

Water quality

2

6

Insufficient Quantity

Water quality

2

7

Intentional contamination of treated water
suspected or confirmed

Water quality

2

8

Line break or pressure loss in distribution
system

Water quality

2

9

Significant deterioration of source water
quality due to environmental conditions

Water quality

2

10

Source water contamination

Water quality

2

11
12

Suspected contamination
Total coliforms detected in drinking water
system

Water quality
Water quality

2
2
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13

Unacceptable turbidity or particle counts
in treated water

Water quality

2

A

Contamination during construction repair
or operation

Operation

3

B

Damaged cistern or holding tank

Operation

3

C

Does not meet minimum treatment/design
requirement

Operation

3

D

Does not meet monitoring requirements

Operation

3

E
F

Does not meet reporting requirements
Inadequate disinfection at the treatment
plant (in the distribution system?)

Operation
Operation

3
3

G
H

More than one reason
No certified adequately trained operator as
required

Unknown
Operation

NA
3

I

No or inadequate disinfection at the
treatment plant

Operation

3

J

Non-commissioned plant

Operation

3

K
L

Not applicable
Planned system maintenance

Unknown
Operation

NA
3

M

Power outage resulting in a system
pressure loss or reduced storage of treated
water

Operation

3

N

Start up of waterworks

Operation

3

O

Treatment/distribution equipment failure
or damage

Operation

3

P

Treatment unable to cope with significant
deterioration in source water quality

Operation

3

Q

Treatment/Distribution system failure

Operation

3

R

Undetermined source of contamination

Operation

3
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B. DECISION TREE EQUATIONS
Gini Index
The Gini index was calculated by RapidMiner to select the best attributes in the generation of the
decision tree. At each node in the decision tree, the Gini index of all possible attributes were
compared, and the attribute with the lowest value was selected by the software. The Gini index is
calculated for a dataset (S) using the following equations (Kantardzic, 2011b).
𝑐−1

𝐺𝑖𝑛𝑖(𝑆) = 1 − ∑(𝑠𝑖 /𝑆)2
𝑖=0
𝑘−1

𝐺𝑖𝑛𝑖𝑠𝑝𝑙𝑖𝑡 = ∑ 𝑛𝑖 /𝑛 ∗ 𝐺𝑖𝑛𝑖(𝑆𝑖 )
𝑖=0

Where

c is the number of possible classes,
Ci are classes for i = 1, …, c – 1,
si is the number of samples that belong to class Ci,
k is the number of subsets,
ni is the number of samples in subset Si after splitting, and
n is the total number of samples in a given node.

Entropy and Gain
Gain was used to determine whether a node should be split into further branches during prepruning. The minimal gain was chosen by the user during the optimization process, and only
nodes that were calculated by RapidMiner to have a higher value were allowed to be further
split. The gain is calculated for a given dataset (S) by calculating the entropy before and after
splitting based an attribute (X), then finding the difference. The attribute that has the highest gain
is favoured for use in the decision tree (Kantardzic, 2011b).
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𝑐

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆) = − ∑(𝑓𝑟𝑒𝑞(𝐶𝑖 , 𝑆)/|𝑆|) ∗ log 2 (𝑓𝑟𝑒𝑞(𝐶𝑖 , 𝑆)/|𝑆|)
𝑖=1
𝑛

𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑥 (𝑆) = − ∑(|𝑆𝑖 |/|𝑆|) ∗ 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑖 )
𝑖=1

𝐺𝑎𝑖𝑛(𝑋) = 𝐼𝑛𝑓𝑜(𝑆) − 𝐼𝑛𝑓𝑜𝑥 (𝑆)
Where

c is the number of possible classes
freq(Ci,S) is the number of samples in S that belong to class Ci
|S| is the number of samples in set S
n is the number of outcomes for a given attribute

Pessimistic Error
The pessimistic error was calculated by RapidMiner to determine if a subtree should be replaced
with a single leaf node during post-pruning. The subtree is replaced with the leaf node if the
subtree has a higher predicted error (PE) based on the upper confidence limit from statistical
tables for binomial distribution. The confidence level was set by the user, but usually left at the
default of 25%. The upper confidence limits (U) for all nodes are collected by RapidMiner from
statistical tables based on the division of classes in that node, and the weighted sum is calculated
based on the following equation (Kantardzic, 2011b).
𝑘

𝑃𝐸 = ∑ 𝑇𝑖 ∗ 𝑈0.25 (𝑇𝑖 , 𝐸𝑖 )
𝑖=1

Where

k is the number of nodes
Ti is the number of samples in a given node with one class, and
Ei is the number of samples with the other class
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C. MODEL PARAMETERS AND OPTIMIZATION
Table C.1 Summary of default and optimized parameters
Scenario

Depth

Confidence

Min. Gain

Default

20

0.25

0.1

Min. Leaf
Size
2

Pre-Pruning
Alternatives
3

Min. Size For
Split
4

Threshold

Occurrence

4

0.25

0.04

5

3

4

0.5

Frequency

4

0.5

0.03

6

7

4

0.5

Duration

4

0.25

0.03

8

5

4

0.5

Cause

4

0.5

0.03

3

1

4

0.5

0.5

Table C.2 Optimization of occurrence decision tree
Trial

Depth

Min. Leaf
Size
2

Alternatives

Accuracy

+/-

TPR

TNR

ROC

20

Min.
Gain
0.1

3

66.37

0.39

100

0

0.5

# of
Branches
0

1
2

20

0.05

2

3

67.53

5.26

79.03

44.83

0.636

>100

3

10

0.05

2

3

67.53

5.26

79.03

44.83

0.636

>100

4

5

0.05

2

3

68.44

5.5

80.39

44.83

0.689

>50

5

4

0.05

2

3

70.1

5.08

82.91

44.83

0.714

59

6

4

0.05

5

3

70.23

4.62

85.44

40.23

0.714

42

7

4

0.05

6

3

68.3

3.66

84.66

36.02

0.697

27

8

4

0.05

4

3

69.85

4.8

84.66

40.61

0.7

45

9

4

0.04

5

3

70.61

4.79

85.24

41.76

0.718

42

10

4

0.03

5

3

70.61

4.79

85.24

41.76

0.718

42

11

4

0.04

5

2

70.61

4.5

85.44

41.38

0.716

42
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Table C.3 Optimization of frequency decision tree
Trial

Depth

Confidence

Min Leaf
Size
2

Alternatives

Accuracy

+/-

TPR

TNR

ROC

0.25

Min.
Gain
0.1

3

63.91

3.19

93.66

8.49

0.516

# of
Branches
0

1

20

2

5

0.25

0.1

2

3

64.17

3.4

94.06

8.49

0.519

0

3

5

0.25

0.05

2

3

68.3

3.3

82.97

40.96

0.624

~50

4

4

0.25

0.05

2

3

68.42

5.35

79.6

47.6

0.659

~50

5

4

0.25

0.05

8

3

65.85

3.94

80.79

38.01

0.681

24

6

5

0.25

0.05

10

3

66.1

2.88

83.17

34.32

0.672

20

7

5

0.25

0.05

6

3

66.36

2.93

82.77

35.79

0.687

32

8

5

0.25

0.04

6

3

65.84

3.5

81.78

36.16

0.688

34

9

5

0.25

0.03

6

3

64.94

3.69

80.2

36.53

0.685

35

10

4

0.25

0.03

6

3

66.49

3.69

79.41

42.44

0.684

28

11

4

0.25

0.03

7

3

65.72

4.2

79.21

40.59

0.678

27

12

4

0.25

0.03

6

10

69.71

3.69

81.39

47.97

0.679

30

13

4

0.25

0.03

5

10

69.58

4.33

80.79

48.71

0.681

39

14

4

0.25

0.03

7

10

69.71

5.32

80.79

49.08

0.678

30

15

4

0.25

0.03

10

10

69.45

4.37

82.57

45.02

0.681

27

16

4

0.25

0.03

6

9

69.84

3.78

81.39

48.34

0.679

30

17

4

0.25

0.03

6

7

69.97

3.61

81.39

48.71

0.679

30

18

4

0.4

0.03

6

7

70.1

3.6

81.58

48.71

0.676

30

19

4

0.5

0.03

6

7

70.48

3.72

81.19

50.55

0.677

30
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Table C.4 Optimization of duration decision tree
Trial

Depth

Confidence

Min Leaf
Size
2

Alternatives

Accuracy

+/-

TPR

TNR

ROC

0.25

Min.
Gain
0.1

3

50.73

0.33

100

0

0.5

# of
Branches
0

1

20

2

5

0.25

0.1

2

3

50.73

0.33

100

0

0.5

0

3

5

0.25

0.05

2

3

53.08

4.61

93.04

11.94

0.534

0

4

5

0.25

0.03

2

3

63.94

3.82

59.62

68.4

0.683

>100

5

5

0.25

0.03

5

3

63.25

3.92

59.07

67.56

0.67

>50

6

5

0.25

0.03

10

3

61.45

3.03

64.53

58.29

0.66

34

7

4

0.25

0.03

5

3

63.67

3.27

65.35

61.94

0.674

32

8

3

0.25

0.03

5

3

64.08

3.43

65.89

62.22

0.669

19

9

4

0.25

0.02

5

3

63.6

3.28

65.35

61.8

0.674

32

10

4

0.25

0.04

5

3

63.67

3.27

65.35

61.94

0.674

32

11

4

0.25

0.03

6

3

63.81

2.74

65.08

62.5

0.684

29

12

4

0.25

0.03

7

3

63.67

2.51

65.89

61.38

0.68

29

13

4

0.25

0.03

8

3

64.08

2.35

65.62

62.5

0.686

29

14

4

0.25

0.03

8

5

64.22

2.31

65.62

62.78

0.688

29

15

4

0.25

0.03

4

3

64.43

3.44

65.62

63.2

0.684

47

16

4

0.25

0.03

3

3

65.19

3.43

65.62

64.75

0.692

47

17

4

0.25

0.04

3

3

65.33

3.37

65.08

65.59

0.691

49
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Table C.5 Optimization of cause decision tree
Trial

Depth

Confidence

Min Leaf
Size
2

Alternatives

Accuracy

+/-

TQR

THR

TOR

Kappa

0.25

Min.
Gain
0.1

3

66.15

3.59

51.8

52.11

86.82

0.473

# of
Branches
~50

1

20

2

5

0.25

0.1

2

3

66.62

3.86

52.32

52.72

87.15

0.48

44

3

5

0.25

0.1

5

3

66.29

3.63

50.77

54.93

85.5

0.475

23

4

5

0.25

0.04

5

3

67.36

2.89

51.03

61.97

82.21

0.495

>50

5

4

0.25

0.04

5

3

67.03

2.7

50.77

60.56

82.7

0.489

>50

6

5

0.25

0.04

5

3

66.49

2.61

49.74

60.56

82.04

0.48

28

7

5

0.25

0.04

3

3

67.96

2.5

52.32

61.37

83.36

0.504

>50

8

4

0.25

0.04

3

3

67.96

2.5

52.32

61.57

83.2

0.503

>50

9

4

0.25

0.03

3

3

68.03

2.8

51.8

62.17

83.2

0.504

>50

10

4

0.5

0.03

3

3

68.1

2.8

51.55

62.37

83.36

0.505

>50

11

4

0.5

0.03

3

1

68.3

2.74

51.29

63.78

82.87

0.508

>50
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D. MODEL OUTPUT
Occurrence of DWAs
Decision Tree Description (including missing values)
Province = Alberta
| 2nd Op. Treatment Certified = MTA
| | Homes Trucked > 10.500: Yes {Yes=10, No=5}
| | Homes Trucked ≤ 10.500: No {Yes=2, No=8}
| 2nd Op. Treatment Certified = No: Yes {Yes=16, No=0}
| 2nd Op. Treatment Certified = No Secondary Operator: Yes {Yes=13, No=3}
| 2nd Op. Treatment Certified = Not Required: Yes {Yes=9, No=4}
| 2nd Op. Treatment Certified = Not required level: Yes {Yes=5, No=0}
| 2nd Op. Treatment Certified = Yes: Yes {Yes=5, No=2}
Province = Atlantic: Yes {Yes=28, No=6}
Province = BC
| Pipe Length per Connection = ?
| | Max Daily Volume = ?: No {Yes=2, No=6}
| | Max Daily Volume > 199: No {Yes=3, No=10}
| | Max Daily Volume ≤ 199: Yes {Yes=5, No=1}
| Pipe Length per Connection > 38.500
| | Environmental Classification = B: Yes {Yes=30, No=27}
| | Environmental Classification = C: Yes {Yes=85, No=30}
| | Environmental Classification = D: No {Yes=6, No=11}
| Pipe Length per Connection ≤ 38.500
| | System Age = ?: No {Yes=2, No=5}
| | System Age > 44.500: Yes {Yes=11, No=4}
| | System Age ≤ 44.500: No {Yes=16, No=34}
Province = Manitoba
| Source Type = GW
| | Homes Piped > 0.500: No {Yes=2, No=23}
| | Homes Piped ≤ 0.500: Yes {Yes=5, No=2}
| Source Type = MTA: No {Yes=1, No=4}
| Source Type = SW
| | Population Served > 1728.500: No {Yes=4, No=8}
| | Population Served ≤ 1728.500: Yes {Yes=21, No=4}
Province = Ontario
| Pipe Length = ?
| | System Age > 20.500: No {Yes=2, No=10}
| | System Age ≤ 20.500: Yes {Yes=7, No=4}
| Pipe Length > 9697: Yes {Yes=14, No=11}
| Pipe Length ≤ 9697: Yes {Yes=96, No=13}
Province = Quebec
| Pipe Length = ?: No {Yes=4, No=9}
| Pipe Length > 6544.500: Yes {Yes=14, No=1}
| Pipe Length ≤ 6544.500: Yes {Yes=7, No=4}
Province = Saskatchewan: Yes {Yes=90, No=12}
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Table D.1 Classification matrix for occurrence of DWAs (including missing values)

Figure D.1 ROC curve for occurrence of DWAs (including missing values)
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Decision Tree Description (excluding missing values)
Province = Alberta
| 2nd Op. Treatment Certified = MTA
| | Max Daily Volume > 325: Yes {Yes=4, No=2}
| | Max Daily Volume ≤ 325: No {Yes=0, No=5}
| 2nd Op. Treatment Certified = No: Yes {Yes=16, No=0}
| 2nd Op. Treatment Certified = No Secondary Operator: Yes {Yes=9, No=3}
| 2nd Op. Treatment Certified = Not Required: Yes {Yes=9, No=3}
| 2nd Op. Treatment Certified = Not required level: Yes {Yes=5, No=0}
| 2nd Op. Treatment Certified = Yes: Yes {Yes=5, No=2}
Province = Atlantic: Yes {Yes=21, No=3}
Province = BC
| Disinfection = MTA: No {Yes=7, No=15}
| Disinfection = No
| | Pipe Length per Connection > 64: Yes {Yes=22, No=2}
| | Pipe Length per Connection ≤ 64: No {Yes=11, No=12}
| Disinfection = Yes
| | Environmental Classification = B: No {Yes=4, No=12}
| | Environmental Classification = C: Yes {Yes=27, No=19}
| | Environmental Classification = D: No {Yes=6, No=9}
Province = Manitoba
| Pipe Length > 6964: No {Yes=4, No=15}
| Pipe Length ≤ 6964
| | Homes Piped > 54: Yes {Yes=13, No=4}
| | Homes Piped ≤ 54: No {Yes=1, No=5}
Province = Ontario
| Homes Piped > 300.500
| | Homes Piped > 386: Yes {Yes=5, No=2}
| | Homes Piped ≤ 386: No {Yes=0, No=5}
| Homes Piped ≤ 300.500: Yes {Yes=99, No=15}
Province = Quebec: Yes {Yes=16, No=5}
Province = Saskatchewan: Yes {Yes=83, No=7}
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Table D.2 Classification matrix for occurrence of DWAs (excluding missing values)

Figure D.2 ROC curve for occurrence of DWAs (excluding missing values)
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Decision Tree Description (excluding attributes with missing values)
Province = Alberta
| 2nd Op. Treatment Certified = MTA
| | Homes Trucked > 10.500: Yes {Yes=10, No=5}
| | Homes Trucked ≤ 10.500: No {Yes=2, No=8}
| 2nd Op. Treatment Certified = No: Yes {Yes=16, No=0}
| 2nd Op. Treatment Certified = No Secondary Operator: Yes {Yes=13, No=3}
| 2nd Op. Treatment Certified = Not Required
| | Homes Piped > 24.500: Yes {Yes=7, No=1}
| | Homes Piped ≤ 24.500: No {Yes=2, No=3}
| 2nd Op. Treatment Certified = Not required level: Yes {Yes=5, No=0}
| 2nd Op. Treatment Certified = Yes: Yes {Yes=5, No=2}
Province = Atlantic: Yes {Yes=27, No=6}
Province = BC
| 1st Op. Treatment Certified = MTA: No {Yes=29, No=43}
| 1st Op. Treatment Certified = No: Yes {Yes=58, No=36}
| 1st Op. Treatment Certified = No operator: Yes {Yes=5, No=4}
| 1st Op. Treatment Certified = Not required
| | Source Type = GUDI: No {Yes=0, No=6}
| | Source Type = GW: Yes {Yes=41, No=18}
| | Source Type = SW: Yes {Yes=6, No=1}
| 1st Op. Treatment Certified = Not required level
| | Geographic Zone = 1: No {Yes=1, No=4}
| | Geographic Zone = 2: No {Yes=3, No=6}
| | Geographic Zone = 4: Yes {Yes=4, No=3}
| 1st Op. Treatment Certified = Yes
| | Homes Piped > 51.500: No {Yes=2, No=3}
| | Homes Piped ≤ 51.500: Yes {Yes=11, No=4}
Province = Manitoba
| Geographic Zone = 1: No {Yes=0, No=5}
| Geographic Zone = 2
| | Homes Piped > 0.500: No {Yes=12, No=25}
| | Homes Piped ≤ 0.500: Yes {Yes=6, No=1}
| Geographic Zone = 4: Yes {Yes=14, No=6}
Province = Ontario
| Source Type = GUDI: Yes {Yes=10, No=3}
| Source Type = GW
| | Homes Piped > 86.500: Yes {Yes=7, No=1}
| | Homes Piped ≤ 86.500: No {Yes=15, No=16}
| Source Type = MTA: Yes {Yes=6, No=6}
| Source Type = SW
| | Homes Piped > 314: No {Yes=4, No=5}
| | Homes Piped ≤ 314: Yes {Yes=77, No=5}
Province = Quebec: Yes {Yes=24, No=13}
Province = Saskatchewan: Yes {Yes=90, No=12}

114

Table D.3 Classification matrix for occurrence of DWAs (excluding attributes with missing values)

Figure D.3 ROC curve for occurrence of DWAs (excluding attributes with missing values)
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Frequency of DWAs
Decision Tree Description (including missing values)
Province = Alberta
| Max Daily Volume = ?: 0-1 time {0-1 time=5, > 1 time=2}
| Max Daily Volume > 65: > 1 time {0-1 time=24, > 1 time=39}
| Max Daily Volume ≤ 65: 0-1 time {0-1 time=11, > 1 time=1}
Province = Atlantic
| Max Daily Volume = ?: 0-1 time {0-1 time=5, > 1 time=4}
| Max Daily Volume > 671.500: > 1 time {0-1 time=3, > 1 time=6}
| Max Daily Volume ≤ 671.500: 0-1 time {0-1 time=12, > 1 time=4}
Province = BC: 0-1 time {0-1 time=226, > 1 time=62}
Province = Manitoba
| Homes Piped > 54
| | Homes Piped > 117: 0-1 time {0-1 time=23, > 1 time=9}
| | Homes Piped ≤ 117: > 1 time {0-1 time=2, > 1 time=7}
| Homes Piped ≤ 54: 0-1 time {0-1 time=30, > 1 time=3}
Province = Ontario
| Max Daily Volume = ?: 0-1 time {0-1 time=18, > 1 time=2}
| Max Daily Volume > 71.500
| | Population Served > 889.500: 0-1 time {0-1 time=15, > 1 time=6}
| | Population Served ≤ 889.500: > 1 time {0-1 time=35, > 1 time=47}
| Max Daily Volume ≤ 71.500: 0-1 time {0-1 time=31, > 1 time=3}
Province = Quebec
| Pipe Length = ?: 0-1 time {0-1 time=12, > 1 time=1}
| Pipe Length > 4920.500: > 1 time {0-1 time=8, > 1 time=11}
| Pipe Length ≤ 4920.500: 0-1 time {0-1 time=6, > 1 time=1}
Province = Saskatchewan
| Pipe Length = ?: 0-1 time {0-1 time=9, > 1 time=1}
| Pipe Length > 3647.300: > 1 time {0-1 time=12, > 1 time=51}
| Pipe Length ≤ 3647.300
| | Pipe Length per Connection > 44: 0-1 time {0-1 time=14, > 1 time=4}
| | Pipe Length per Connection ≤ 44: > 1 time {0-1 time=4, > 1 time=7}

116

Table D.4 Classification matrix for frequency of DWAs (including missing values)

Figure D.4 ROC curve for frequency of DWAs (including missing values)
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Decision Tree Description (excluding missing values)
Province = Alberta: > 1 time {0-1 time=25, > 1 time=38}
Province = Atlantic
| Pipe Length per Connection > 50.500: 0-1 time {0-1 time=6, > 1 time=0}
| Pipe Length per Connection ≤ 50.500
| | Max Daily Volume > 671.500: > 1 time {0-1 time=1, > 1 time=6}
| | Max Daily Volume ≤ 671.500: 0-1 time {0-1 time=7, > 1 time=4}
Province = BC: 0-1 time {0-1 time=112, > 1 time=34}
Province = Manitoba
| Homes Piped > 54
| | Homes Piped > 117: 0-1 time {0-1 time=21, > 1 time=5}
| | Homes Piped ≤ 117: > 1 time {0-1 time=1, > 1 time=7}
| Homes Piped ≤ 54: 0-1 time {0-1 time=8, > 1 time=0}
Province = Ontario
| Max Daily Volume > 71.500
| | Source Type = GUDI: > 1 time {0-1 time=1, > 1 time=7}
| | Source Type = GW: 0-1 time {0-1 time=12, > 1 time=6}
| | Source Type = MTA: 0-1 time {0-1 time=4, > 1 time=3}
| | Source Type = SW: > 1 time {0-1 time=29, > 1 time=35}
| Max Daily Volume ≤ 71.500: 0-1 time {0-1 time=27, > 1 time=2}
Province = Quebec
| Population Served > 765.500: > 1 time {0-1 time=3, > 1 time=8}
| Population Served ≤ 765.500: 0-1 time {0-1 time=9, > 1 time=1}
Province = Saskatchewan
| Pipe Length > 3647.300: > 1 time {0-1 time=12, > 1 time=51}
| Pipe Length ≤ 3647.300
| | Max Daily Volume > 114: 0-1 time {0-1 time=13, > 1 time=4}
| | Max Daily Volume ≤ 114: > 1 time {0-1 time=3, > 1 time=7}
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Table D.5 Classification matrix for frequency of DWAs (exclduing missing values)

Figure D.5 ROC curve for frequency of DWAs (exclduing missing values)
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Decision Tree Description (excluding attributes missing values)
Province = Alberta
| 2nd Op. Treatment Certified = MTA: 0-1 time {0-1 time=20, > 1 time=5}
| 2nd Op. Treatment Certified = No: > 1 time {0-1 time=1, > 1 time=15}
| 2nd Op. Treatment Certified = No Secondary Operator: 0-1 time {0-1 time=9, > 1 time=7}
| 2nd Op. Treatment Certified = Not Required: > 1 time {0-1 time=5, > 1 time=8}
| 2nd Op. Treatment Certified = Not required level: > 1 time {0-1 time=0, > 1 time=5}
| 2nd Op. Treatment Certified = Yes: 0-1 time {0-1 time=5, > 1 time=2}
Province = Atlantic
| Homes Piped > 149: > 1 time {0-1 time=6, > 1 time=9}
| Homes Piped ≤ 149: 0-1 time {0-1 time=13, > 1 time=5}
Province = BC: 0-1 time {0-1 time=226, > 1 time=62}
Province = Manitoba: 0-1 time {0-1 time=50, > 1 time=19}
Province = Ontario
| Population Served > 74
| | Source Type = GUDI: > 1 time {0-1 time=3, > 1 time=7}
| | Source Type = GW: 0-1 time {0-1 time=16, > 1 time=5}
| | Source Type = MTA: 0-1 time {0-1 time=7, > 1 time=5}
| | Source Type = SW: > 1 time {0-1 time=34, > 1 time=38}
| Population Served ≤ 74: 0-1 time {0-1 time=37, > 1 time=3}
Province = Quebec: 0-1 time {0-1 time=24, > 1 time=13}
Province = Saskatchewan
| Homes Piped > 71
| | Homes Piped > 248.500: 0-1 time {0-1 time=3, > 1 time=2}
| | Homes Piped ≤ 248.500: > 1 time {0-1 time=8, > 1 time=43}
| Homes Piped ≤ 71: 0-1 time {0-1 time=28, > 1 time=18}
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Table D.6 Classification matrix for frequency of DWAs (exclduing attributes with missing values)

Figure D.6 ROC Curve frequency of DWAs (exclduing attributes with missing values)
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Duration of DWAs
Decision Tree Description (excluding on-going DWAs)
1st Op. Treatment Certified = MTA
| Homes Piped > 7.500: [-∞ - 14.5] {[-∞ - 14.5]=96, [14.5 - ∞]=57}
| Homes Piped ≤ 7.500: [14.5 - ∞] {[-∞ - 14.5]=2, [14.5 - ∞]=23}
1st Op. Treatment Certified = No: [14.5 - ∞] {[-∞ - 14.5]=111, [14.5 - ∞]=161}
1st Op. Treatment Certified = No operator: [14.5 - ∞] {[-∞ - 14.5]=3, [14.5 - ∞]=27}
1st Op. Treatment Certified = Not required
| Pipe Length per Connection > 52: [14.5 - ∞] {[-∞ - 14.5]=22, [14.5 - ∞]=63}
| Pipe Length per Connection ≤ 52: [-∞ - 14.5] {[-∞ - 14.5]=34, [14.5 - ∞]=21}
1st Op. Treatment Certified = Not required level
| Homes Piped > 233: [-∞ - 14.5] {[-∞ - 14.5]=25, [14.5 - ∞]=8}
| Homes Piped ≤ 233
| | Homes Trucked > 3: [14.5 - ∞] {[-∞ - 14.5]=22, [14.5 - ∞]=71}
| | Homes Trucked ≤ 3: [-∞ - 14.5] {[-∞ - 14.5]=41, [14.5 - ∞]=38}
1st Op. Treatment Certified = Yes
| Province = Alberta
| | Pipe Length per Connection > 109.500: [-∞ - 14.5] {[-∞ - 14.5]=20, [14.5 - ∞]=4}
| | Pipe Length per Connection ≤ 109.500: [14.5 - ∞] {[-∞ - 14.5]=5, [14.5 - ∞]=6}
| Province = Atlantic: [14.5 - ∞] {[-∞ - 14.5]=0, [14.5 - ∞]=9}
| Province = BC: [14.5 - ∞] {[-∞ - 14.5]=6, [14.5 - ∞]=17}
| Province = Manitoba
| | Homes Trucked > 19: [14.5 - ∞] {[-∞ - 14.5]=5, [14.5 - ∞]=20}
| | Homes Trucked ≤ 19: [-∞ - 14.5] {[-∞ - 14.5]=8, [14.5 - ∞]=7}
| Province = Ontario: [-∞ - 14.5] {[-∞ - 14.5]=146, [14.5 - ∞]=55}
| Province = Quebec: [-∞ - 14.5] {[-∞ - 14.5]=61, [14.5 - ∞]=15}
| Province = Saskatchewan
| | Primary Cause (3) = Health: [-∞ - 14.5] {[-∞ - 14.5]=12, [14.5 - ∞]=6}
| | Primary Cause (3) = Operation: [-∞ - 14.5] {[-∞ - 14.5]=99, [14.5 - ∞]=70}
| | Primary Cause (3) = Quality: [14.5 - ∞] {[-∞ - 14.5]=9, [14.5 - ∞]=31}
| | Primary Cause (3) = Unknown: [-∞ - 14.5] {[-∞ - 14.5]=6, [14.5 - ∞]=3}
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Table D.7 Classification matrix for duration of DWAs (exclduing on-going DWAs)

Figure D.7 ROC Curve for duration of DWAs (exclduing on-going DWAs)
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Cause of DWAS
Decision Tree Description (2 categories)
Province = Alberta: Quality {Quality=225, Operation=17, Unknown=0}
Province = Atlantic: Quality {Quality=48, Operation=15, Unknown=0}
Province = BC: Quality {Quality=199, Operation=29, Unknown=0}
Province = Manitoba: Quality {Quality=70, Operation=6, Unknown=0}
Province = Ontario: Operation {Quality=182, Operation=268, Unknown=0}
Province = Quebec
| Max Daily Volume = ?: Quality {Quality=12, Operation=1, Unknown=0}
| Max Daily Volume > 1304
| | Season = Fall: Quality {Quality=4, Operation=1, Unknown=0}
| | Season = Spring: Quality {Quality=3, Operation=2, Unknown=0}
| | Season = Summer: Operation {Quality=3, Operation=5, Unknown=0}
| | Season = Winter: Quality {Quality=6, Operation=2, Unknown=0}
| Max Daily Volume ≤ 1304
| | Max Daily Volume > 188: Quality {Quality=46, Operation=7, Unknown=0}
| | Max Daily Volume ≤ 188: Operation {Quality=2, Operation=3, Unknown=0}
Province = Saskatchewan: Operation {Quality=85, Operation=251, Unknown=0}
Table D.8 Classification matrix for causes of DWAs (2 categories)
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Decision Tree Description (3 categories)
Province = Alberta
| 1st Op. Treatment Certified = MTA
| | Population Served > 900: Health {Quality=0, Health=2, Operation=1,}
| | Population Served ≤ 900: Quality {Quality=30, Health=8, Operation=1}
| 1st Op. Treatment Certified = NR
| | 2nd Op. Treatment Certified = NR: Quality {Quality=2, Health=2, Operation=0}
| | 2nd Op. Treatment Certified = NRL: Quality {Quality=7, Health=5, Operation=1}
| | 2nd Op. Treatment Certified = No: Quality {Quality=25, Health=11, Operation=2}
| | 2nd Op. Treatment Certified = No 2nd Op.: Operation {Quality=3, Health=1, Operation=4}
| 1st Op. Treatment Certified = NRL
| | System Age > 42: Health {Quality=0, Health=2, Operation=2}
| | System Age ≤ 42: Quality {Quality=34, Health=3, Operation=3}
| 1st Op. Treatment Certified = No
| | Treatment Class = Level I: Health {Quality=3, Health=5, Operation=1}
| | Treatment Class = Level II: Health {Quality=3, Health=6, Operation=1}
| | Treatment Class = Level III: Quality {Quality=18, Health=8, Operation=0}
| | Treatment Class = Small System: Health {Quality=3, Health=5, Operation=1}
| 1st Op. Treatment Certified = No Op.: Quality {Quality=4, Health=1, Operation=0}
| 1st Op. Treatment Certified = Yes
| | 2nd Op. Distribution Certified = NRL: Quality {Quality=5, Health=1, Operation=0}
| | 2nd Op. Distribution Certified = No: Health {Quality=1, Health=5, Operation=0}
| | 2nd Op. Distribution Certified = No 2nd Op.: Quality {Quality=14, Health=2, Operation=0}
| | 2nd Op. Distribution Certified = Yes: Quality {Quality=3, Health=3, Operation=0}
Province = Atlantic
| 1st Op. Treatment Certified = MTA
| | System Age > 20: Health {Quality=0, Health=5, Operation=1}
| | System Age ≤ 20: Quality {Quality=12, Health=2, Operation=2}
| 1st Op. Treatment Certified = NR
| | Pipe Length per Connection > 20: Health {Quality=6, Health=10, Operation=4}
| | Pipe Length per Connection ≤ 20: Operation {Quality=0, Health=0, Operation=3}
| 1st Op. Treatment Certified = No: Operation {Quality=0, Health=1, Operation=2}
| 1st Op. Treatment Certified = No Op.: Health {Quality=0, Health=4, Operation=1}
| 1st Op. Treatment Certified = Yes: Health {Quality=1, Health=7, Operation=2}
Province = BC
| Source Type = GUDI: Health {Quality=1, Health=4, Operation=0}
| Source Type = GW
| | 1st Operator Exists = No: Operation {Quality=1, Health=2, Operation=3}
| | 1st Operator Exists = Yes: Health {Quality=6, Health=111, Operation=13}
| Source Type = MTA
| | Season = Fall: Quality {Quality=23, Health=3, Operation=0}
| | Season = Spring: Quality {Quality=2, Health=0, Operation=1}
| | Season = Summer: Health {Quality=0, Health=7, Operation=0}
| | Season = Winter: Quality {Quality=9, Health=1, Operation=0}
| Source Type = SW
| | 2nd Op. Treatment Certified = NR: Health {Quality=0, Health=4, Operation=1}
| | 2nd Op. Treatment Certified = NRL: Health {Quality=0, Health=4, Operation=0}
| | 2nd Op. Treatment Certified = No: Operation {Quality=3, Health=5, Operation=8}
| | 2nd Op. Treatment Certified = No 2nd Op.: Health {Quality=0, Health=6, Operation=2}
| | 2nd Op. Treatment Certified = Yes: Health {Quality=2, Health=5, Operation=1}
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Province = Manitoba
| Distribution Class = Level I: Health {Quality=15, Health=33, Operation=4}
| Distribution Class = Level II: Health {Quality=1, Health=5, Operation=1}
| Distribution Class = NA: Quality {Quality=5, Health=1, Operation=0}
| Distribution Class = Small System: Quality {Quality=6, Health=4, Operation=1}
Province = Ontario
| Treatment Class = Level I
| | Max Daily Volume = ?: Health {Quality=1, Health=2, Operation=0}
| | Max Daily Volume > 44: Operation {Quality=12, Health=20, Operation=86}
| | Max Daily Volume ≤ 44: Health {Quality=1, Health=4, Operation=3}
| Treatment Class = Level II
| | System Age > 28: Quality {Quality=10, Health=2, Operation=2}
| | System Age ≤ 28: Operation {Quality=46, Health=42, Operation=119}
| Treatment Class = Level III
| | 1st Op. Distribution Certified = NRL: Health {Quality=1, Health=18, Operation=10}
| | 1st Op. Distribution Certified = No: Operation {Quality=0, Health=2, Operation=13}
| | 1st Op. Distribution Certified = No Op.: Operation {Quality=2, Health=0, Operation=7}
| | 1st Op. Distribution Certified = Yes: Operation {Quality=0, Health=4, Operation=8}
| Treatment Class = MTA: Operation {Quality=3, Health=2, Operation=15}
| Treatment Class = Small System: Health {Quality=0, Health=10, Operation=5}
Province = Quebec
| Pipe Length per Connection > 11: Health {Quality=5, Health=68, Operation=19}
| Pipe Length per Connection ≤ 11: Quality {Quality=3, Health=0, Operation=2}
Province = Saskatchewan
| Pipe Length = ?: Quality {Quality=2, Health=1, Operation=0}
| Pipe Length > 9213: Operation {Quality=35, Health=18, Operation=118}
| Pipe Length ≤ 9213: Operation {Quality=19, Health=10, Operation=133}
Table D.9 Classification matrix for causes of DWAs (3 categories)

126

