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Abstract of Praxis

Reactive to Proactive
Using Outage Data and System Parameters to Predict URD Cable Failures

As Underground Residential Development (URD) cable systems approach the end
of expected service life, electric utilities face millions of dollars in operational and
maintenance costs and lower reliability performance. Early URD cable systems installed
prior to the mid-1980s typically incorporated direct-buried, unjacketed polyethylene
cable, which has been proven to experience significantly higher failures rates and
provides a shorter overall service life than updated modern installations. URD cable
system data was compiled, cleaned, and fit to discrete and zero-inflated probability
distributions to identify operational and environmental sources of cable faults, with the
zero-inflated negative binomial model providing the best overall fit in terms of Akaike
Information Criteria (AIC) and Bayesian Information Criteria (BIC). The covariates
identified as the most significant drivers for cable events were used to test manual
methods of failure prediction against machine learning algorithms. Artificial Neural
Network and Random Forest machine learning tools were found to be significantly more
accurate than all other manual and machine learning methods for forecasting the number

and impact of URD cable system failures in terms of common reliability metrics.
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Chapter 1—Introduction

Electrical power in the United States is produced in generation plants, transported
in bulk through high-voltage transmission infrastructure, and delivered to utility
customers through distribution systems, as illustrated in Figure 1-1 (U.S. Department of
Energy, 2015). Through all stages, distribution system performance has a dramatic effect
on the customer experience, accounting for 80% of all reliability issues and 40% of total
electrical delivery cost (Brown et al, 2001). Reliability is a key driver of customer
satisfaction, a primary metric considered by regulatory agencies when approving the rates
an electric utility may charge constituents, affecting overall company financial

performance (Nealon, 2009).

Transmission Lines : : Distribution :
765, 500, 345, 230 and 138 kV i Lines ¢
: : : Subtransmission

i [eeeee] Customer
26kV and 69kV

=== .
/ [ L5 { : )
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Step-Up Customer Step-Down g - 1%0\? arg/zzfgvomer
Transformer 138 kV or 230 kV Transformer C2n=e an
Generation M Transmission Distribution I Customers

Figure 1-1: The Electric Grid (U.S. Department of Energy, 2015)
One of the most common types of electrical distribution system in the United
States is the Underground Residential Development (URD) cable system. As the
infrastructure elements are installed subsurface, this service method reduces the visual
impact within housing subdivisions while providing additional protections from storm-
related vegetation outages (Settembrini, 1991; Campbell, 2012). This praxis research will

focus on historical installation practices for URD cable, reliability performance



throughout system service life, and predictive methods for identifying URD cable
systems at the highest risk of failure, primarily within the PECO service territory. PECO,
a subsidiary of Exelon, is the electric provider for the greater Philadelphia area, regulated
by the Pennsylvania Public Utilities Commission (PA PUC), serving approximately 1.6
million customers (PECO, 2015).

1.1 Background

URD cable systems became popular in the 1960s as an alternative to aerial
construction for suburban and urban residential areas (Lawson, 1988). In order to align
the costs of new URD cable systems with the less-expensive, more-common aerial
infrastructure, cable jacketing was removed, rubber insulation was replaced with
polyethylene, overall insulation thickness was reduced, and conduit systems were
replaced with the direct burial of cable in the ground (Cox, 2016; Lawson, 1988). This
method of underground cable installation proved to be popular with utilities; more than
300,000 miles of the polyethylene cable was installed in the United States by 1981
(Bahder, 1981). Overall, the installation of unjacketed, direct-buried polyethylene cable
became the standard for URD cable systems (Mackevich, 1988).

Despite the beneficial electrical properties, resistance to deterioration, and low
cost of installation, it was observed that unjacketed, direct-buried polyethylene cable
experienced higher rates of failure than predicted over the expected 30 to 40-year service
life (Mackevich, 1988). Testing revealed this type of cable degrades over time due to
chemical, electrical, mechanical, and thermal stress (Dalal, 2005). In addition to the
escalating outage frequency, URD cable outages are typically longer in duration

compared to those on aerial systems (Pansini, 2005), and can cause stray voltage, a



condition that occurs when small amount of electrical current flow through the cable
neutral, potentially contaminating the surrounding area (Sinkiewicz, 2005).
1.2 Research Motivation

Within the PECO electric distribution system, approximately 1,420 miles of
direct-buried URD cable was placed into service between 1960 and 1984 (PECO, 2015).
Pronounced increases in URD cable failures since 2006 have in part led PECO to develop
a five-year replacement program as part of the company’s PA PUC-approved Long Term
Infrastructure Improvement Plan (LTIIP) (PECO, 2015). This program involves a
targeted rebuild of the worst performing individual URD circuits in terms of outage
frequency and duration (PECO, 2015). During the life of the LTIIP program, more than
123 miles of cable will be replaced (approximately 9% of the pre-1984 URD cable)
(PECO, 2015).

The LTIIP program and similar URD maintenance and repair efforts at PECO
have primarily been reactive, focusing on the circuits with the greatest number and
duration of recent interruptions (PECO, 2015). In order to fully address the system-wide
URD reliability issues efficiently and improve the overall customer experience, capital
planning has to undergo a change from reactive to proactive replacement. While several
methods including Crow-AMSAA (Gil, 2011), Kaplan-Meier & Cox (Verweij, 2017),
and machine learning algorithms (Rudin, 2012) have been used to predict future failures
in electrical infrastructure and prioritize capital programs, no comparison of accuracy has
been completed to establish the most effective method or combination of methods.
Additionally, while several factors have been identified as leading indicators to URD

cable failure (Dalal, 2005), typically only age and outage history are used in predictive



metrics (Gil, 2011). A predictive model that combines age and outage history with other
system configuration and environmental factors could potentially form the basis of a
formal, multi-year URD cable replacement program, addressing failing cable before
events occur and improving overall reliability metrics and customer satisfaction.
1.3 Problem Statement

As direct-buried, unjacketed, polyethylene URD cable systems approach end of
expected service life, electric utilities face millions of dollars in operational and

maintenance costs and lower reliability performance.

Escalating failures within URD cable systems lead to frequent outages with
extended durations, driving down reliability performance metrics and customer
satisfaction. Three factors combine to aggravate aging polyethylene cable failures: direct
burial installation, unjacketed cable providing no cover for concentric neutral, and

“electrochemical treeing” in polyethylene cable.

1. Direct Burial Installation: as opposed to cable within conduit or a
concrete-encased ductbank, direct burial of cable provides no form of
protection to mechanical or environmental stressors. As per Lawson
(1988), this installation method “permits direct migration of moisture into
the insulation, potential corrosion of the concentric neutral wires, and

affords no protection against mechanical damage.”

2. Unjacketed Cable: without a protective outer jacket, bare concentric
neutral cable can deteriorate, leading to additional damage to the cable
insulation and can cause stray voltage (Sinkiewicz, 2005), as depicted in

Figure 1-2



3. Polyethylene Cable: exposure to moisture may lead to electrochemical
treeing in polyethylene cable insulation, where small voids form and
branch out along the surface in the presence of conductive liquids,

ultimately leading to degradation and failure (Bahder, 1981).
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Figure 1-2: Jacketed and Unjacketed Cable (Settembrini et al, 1991; Dudas, 1994)
1.4 Thesis Statement
Predictive models of cable failure based on URD cable system parameters,
loading, and environmental factors can be developed to predict future failures, optimize

infrastructure replacement programs, and improve system reliability.

An accurate modeling method for predicting future URD cable system failures
will allow a utility to proactively replace cable and upgrade infrastructure, targeting areas
of highest risk before outages occur. This method would utilize system parameters such
as cable length, number of customers, soil conditions, and loading to predict which
circuits are most likely to fail in the immediate future. A utility could use this information

to make informed decisions as to location, timing, and scope of replacement efforts,
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potentially avoiding outages, improving reliability metrics, and providing improved

service to customers.

1.5 Research Objectives

Electric utilities allocate millions of dollars annually to maintenance and repair
activities which reactively address escalating URD cable failure rates (PECO, 2015; Gil,
2011; Cox, 2016). The development of proactive replacement programs based on
predictive failure modeling and system risk will allow Engineering Management teams to
efficiently address URD cable system performance in areas with the highest potential of
future outages, improving reliability metrics and financial performance.

The objective of this praxis research is to develop a predictive model that utilizes
quantifiable measures of URD system parameters to predict which URD circuits are most
likely to fail in the near future. This information will be combined with an evaluation of
potential failure impact to form the basis of a long-term capital program focusing on
proactive URD cable replacement.

Independent, incremental research goals which form the framework of the study
are as follows:

1. Compile, organize, and evaluate all available data for PECO URD system

operational parameters, components, and reliability history

2. Analyze URD data to identify statistically significant drivers of and leading

indicators for cable failure

3. Test manual predictive methods of modeling future cable failures against

machine learning algorithms

1.6 Research Questions and Hypotheses



This research aims to identify the URD system parameters and factors
contributing most to escalating URD cable failure rates, then utilize these relationships to
test predictive modeling methods, answering the following research questions:

RQ1: How do URD cable system configuration (age, loading, cable length,

voltage), reliability history, and environmental factors (moisture, pH) affect

performance in terms of outage frequency?

RQ2: Do machine learning algorithms provide the same results for cable

reliability prediction as manual methods including Crow-AMSAA, yearly

averages, reactive planning, and regression modeling?

To formally and completely answer these research questions, the praxis will be
broken down into two phases. Phase one will focus primarily on identifying factors and
leading indicators of URD cable failure. Phase two incorporates the findings of phase one
into an analysis of predictive models and methods, which will be tested for overall
accuracy to recent system reliability performance. The following hypotheses will be
tested:

H1: Age, loading, system configuration, and environmental factors are significant

quantifiable predictors of URD cable failures

H2: Machine learning regression algorithms from among those considered in this

study will provide more accurate cable failure predictions than manual methods

H3: When incorporated into a simulated proactive URD cable replacement

program, the most accurate machine learning methods will provide better

reliability metric improvements than the highest-performing manual methods

1.7 Scope of Research



While URD cable systems have been installed throughout the United States for
over 50 years, this research will focus on the systems found within the PECO service
territory. Data provided by PECO Electric on the URD distribution systems includes
configuration, age, loading, location, and outage history. Environmental data for each
URD circuit section is drawn from the publicly available United States Department of
Agriculture (USDA) Web Soil Survey (WSS) database.

For the first phase of the praxis research, which focuses on identifying factors and
leading indicators for URD cable failure, reliability data for all PECO URD cable
systems will be utilized. This will allow for the most statistically significant covariates
and leading indicators for cable failure prediction to be identified. URD systems with
installation dates from 1965 to 1983 are utilized for the second phase of the praxis
research. Cable installed within this timeframe is generally understood to be direct-
buried, unjacketed polyethylene cable, which is the target for current PECO
programmatic replacement efforts (PECO, 2015).

1.8 Research Limitations

URD cable system data will be limited to information provided by PECO for
URD infrastructure within their service territory between 2013 and 2018. This window
represents the most accessible data for the PECO URD systems, and are the result of IT
developments that linked asset management and outage systems. Supplemental
environmental data is obtained from public databases maintained by the USDA, not
through direct testing of all URD cable sections, which would be cost prohibitive.

Finally, research will focus on outages specific to cable failure, which has been identified



as the most significant cause of URD events in the available literature; no other sources
of events will be included within this study.
1.9 Organization of Praxis

Chapter 2 of this praxis will provide an overview of available literature and
research pertaining to methods and models which can be used to predict URD cable
system failures. A detailed summary of URD cable system installation methods and
equipment will be followed by a history of the drivers for URD proliferation throughout
the United States. Next, common modes of URD failure will be investigated, along with
the most popular methods for predicting reliability events. Finally, the use of machine
learning tools for forecasting future failures and the applicability within utility space is
discussed.

Chapter 3 builds upon the predictive methodologies identified in Chapter 2,
presenting those utilized for this praxis research across two unique phases. Phase one will
illustrate the identification of URD cable system factors which are statistically significant
indicators of future failure using regression analysis. Comparison of predictive methods
including Crow-AMSAA and machine learning algorithms will be introduced in phase 2.

Chapter 4 will introduce the results of applying the methods from chapter 3 to the
PECO URD cable system data. Steps of investigation and outputs from all models will be
analyzed and described in detail. This will highlight URD cable system factors that
contribute most to failures, and which models and methods are most accurate for
prediction.

Chapter 5 will provide a summary and discussion of the findings from chapter 4,

and present overall praxis research conclusions. Contributions to the general body of



engineering and systems engineering body of knowledge will be highlighted, as well as

recommendations for avenues of future research.
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Chapter 2—Literature Review

2.1 Introduction

Electrical power delivery infrastructure has existed in the United States for over
130 years, when the first systems were brought online by notable scientists, engineers,
and industrialists such as Edison, Westinghouse, Tesla, and Thompson (Bouford and
Warren, 2007; Pansini, 2005). As these early systems developed into the modern,
contemporary electrical grids currently in use, regulatory efforts evolved to standardize
design elements and ensure access to reliable service for all residential, industrial, and
commercial utility customers (Bouford and Warren, 2007). Today, state and federal
regulators carefully consider customer feedback and system reliability when assessing a
publicly-filed utility rate case; this can have a dramatic impact on the price a utility can
charge customers for bulk power and the overall company financial performance (PECO
Notice, 2018; Nealon, 2009). URD cable systems are a critical segment of the electrical
distribution infrastructure, directly affecting customer satisfaction and reliability metrics,
making it a key target area for utility investment and operation. This review provides an
overview of URD systems and the role they fill in the greater electric infrastructure,
vectors of URD failure, and current methodologies used to address the increasing URD
outage rates electric utilities currently face.
2.2 Electric Delivery in the United States

The Quadrennial Energy Review (QER), a multi-departmental government task
force established by the White House to analyze the national energy infrastructure,
describes the United States electric grid as “an immensely complex system-of-systems,

comprising generation, transmission, and distribution subsystems and myriad institutions
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involved in its planning, operation, and oversight” (U.S. Department of Energy, 2017).
This interpretation highlights that bulk power delivery is not only the physical
components that transport electricity from the plant to the user, but an integrated system
incorporating demand, user experience, and several layers of regulation.

2.2.1 Divisions Within the Electric Delivery Systems

While there are many individual components that make up the United States
electrical grid, these typically fall within three overall asset areas: Generation,
Transmission, or Distribution infrastructure (U.S. Department of Energy, 2015; U.S.

Department of Energy, 2017, Pansini, 2005), as illustrated in Figure 2-1.
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Approximately 7,000 generation facilities produce the 4,062 terawatt-hours of
power required to serve the country’s 153 million customers (EEI, 2018; U.S.
Department of Energy, 2015). The primary methods of generation used to feed the
electric grid include combustion of fossil fuels (coal, natural gas, petroleum), harnessing
renewable sources of power (hydro, wind, solar, geothermal, biomass), nuclear reactors,
and the storage of electricity for utilization during peak times to offset load demand (U.S.
Department of Energy, 2017). Bulk power transitions from generation facilities through
step-up transformers, where voltage is increased to allow for long-distance transportation
(Pansini, 2005).

Transmission infrastructure, according to the U.S. Department of Energy, “is the
high-voltage transfer of electric power from generating plants to electrical substations
located near demand or load centers” (U.S. Department of Energy, 2015). This includes
close to 600,000 miles of transmission circuits and 21,500 substations operating at
voltages exceeding 69 kV (EEI, 2018; U.S. Department of Energy, 2017). In addition to
simply moving bulk power from point to point, the transmission infrastructure also acts to
connect independent regional power systems and operators to address emergency demand
(Pansini, 2005). This system is highly regulated by several overlapping layers of federal,
state, and local entities (U.S. Department of Energy, 2015).

Finally, bulk power from the transmission system is converted to a lower voltage
through step-down transformers and enters the 6.3 million miles of distribution
infrastructure (Pansini, 2005; U.S. Department of Energy, 2015). Comprised of primary
mains operating between 2.4 kV and 34 kV and secondary mains operating between 140

V and 240 V, distribution systems are the interface point with the final residential,
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industrial, institutional, and commercial customers (Bouford and Warren, 2007).
Regulatory and customer requirements generally determine the possible design and
configuration of a distribution system, including if the system is installed aerially or
underground, and if the distribution feeders are radial (single feeder with sub-feeder
spurs), looped (two or more feeders providing line sectionalization), or networked
(multiple feeders providing service in parallel) (Settembrini, 1991). URD cable systems
operate within and are a critical component of the underground distribution infrastructure,
with significant impact on both reliability metrics measured by regulatory agencies and
overall customer satisfaction (Pansini, 2005; Settembrini, 1991; Nealon, 2009).
2.2.2 Regulation of Electric Utilities
Regulation of electric utilities occurs at every level of government in the United
States: federal, state, and local (U.S. Department of Energy, 2017). The primary purpose
of this oversight, according to the QER (U.S. Department of Energy, 2017), is as follows:
e “Ensure that safe and adequate electricity service is provided at just and
reasonable rates
e Protect the public interest
e Enable the financial health of the system, such as ensuring that service providers
can attract the investments needed to continue providing this essential public
service
e Play a beneficial role in diminishing the impact of negative externalities, such as
ensuring that industry activities are not inadvertently causing hardship to

neighboring communities or the environment.”
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This approach leads to multiple organizations with “fragmented and overlapping

jurisdictions,” creating ambiguity and affects all levels of a utility’s organization and

operations (U.S. Department of Energy, 2015). An overview of the most significant

regulatory bodies is provided in Table 2-1.

Regulatory

Government

Jurisdiction and Activities = References
Agency Level
- Interstate transmission
Federal Energy and e}ectrlcal commerce _FERC, 2018
Regulatory - Anti-trust regulation
. Federal . . - U.S. Department of
Commission - Environmental oversight Enerev. 2017
(FERC) - Location and path of &Y,
transmission lines
North American - Grid risk reduction - NERC Long-Term
Electric Reliability Federal - Development and Strategy, 2019
Corporation enforcement of reliability - NERC Operating
(NERC) standards Plan, 2019
. - Regional coordination of
SO transmission activities
Transmission . - FERC, 1999
. - Market and price
Organizations / Federal/State . - U.S. Department of
regulation
Independent . Energy, 2015
- System evaluation and
System Operators . :
expansion planning
- Regulation of Investor
State Public Utility Owned Utilities (IOU) - EEL 2005
S State R S - U.S. Department of
Commissions - Distribution reliability,
Energy, 2017
cost, and performance
Local Local - Local zoning and siting - U.S. Department of
Governments - Environmental regulation ~ Energy, 2017
- Department of
Environmental Protection
- Nuclear Regulatory
Other Regulatory Multiple Commission - U.S. Department of
Bodies p - Occupational Safety and  Energy, 2017

Health Administration
- Department of the Interior
- Others
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As State Public Utility Commissions (PUCs) are responsible for both tracking and
addressing distribution reliability, as well as setting the cost for service and the rate of
return for an electric utility, these regulatory entities have oversight of URD performance
(Roberts and Davis, 2003; Nealon, 2009; PECO, 2015). For their part, electric utilities
spend millions of dollars a year to address aging URD cable systems, in turn improving
reliability, customer satisfaction, and financial performance (PECO, 2015; Gil, 2011,
Nealon, 2009). In many municipal and state jurisdictions, electric utilities are mandated
by law and through operating tariffs to utilize URD systems in new residential
subdivisions, including in Pennsylvania, where it is a statewide law (PECO, 2018;
Bouford and Warren, 2007).

2.2.3 Reliability

Issues leading to poor reliability are costly to the United States economy, with the
impact of outages on businesses anywhere between the Lawrence Berkley Laboratory’s
estimate of $26 billion and the Electric Power Research Institute’s estimate of $104
billion to $164 billion per year (Campbell, 2012). State PUCs recognize the importance
of reliability to their constituents, with many regulators having “passed reliability
reporting requirements, reliability performance targets, and performance based rates”
(EEL 2005). All but 12 states have some form of quality of service reporting, targets, or

PRB, as shown in Table 2-2 (EEI, 2005):
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Method of Performance
Regulation

No. of States

States

Return on equity based PBR 2 Mississippi, North Dakota
Quality of service PBR - 3 California, Massachusetts, Rhode Island
penalties and rewards
Quality of service PBR penalties 11 Colorado, Florida, Maine, Michigan, Minnesota, Ohio,
only Oregon, Texas, Utah, Vermont, Washington
Arkansas, lllinois, Indiana, lowa, Kansas, Louisiana,
Quality of service - targets 11 New Jersey, New York, Oklahoma, Pennsylvania,
Virginia
Alabama, Connecticut, Delaware, District of Columbia,
Quality of service — reporting 12 Georgia, Hawaii, Kentucky, Maryland, Missouri, New
Hampshire, Nevada, Wisconsin
Alaska, Arizona, Idaho, Montana, Nebraska, New
No reporting requirement 12 Mexico, North Carolina, South Carolina, South

Dakota, Tennessee, West Virginia, Wyoming

Table 2-2: State Performance Regulation (EEI, 2005)

While there are several reliability metrics used by both State PUCs and electric

utilities to track and evaluate performance, three can be considered the primary indicators

(PA PUC, 2018; EEI, 2005; U.S. Department of Energy, 2012):

e Customer Average Interruption Index (CAIDI): average restoration time for

every customer experiencing an interruption in a given year

CAIDI =

Customer Interruption Duration

Total Number of Customers Interrupted
System Average Interruption Frequency Index (SAIFI): frequency of

experiencing and outage for all utility customers served

Total Number of Customers Interrupted

SAIFI =
Total Number of Customers Served

System Average Interruption Duration Index (SAIDI): average outage

duration for all utility customers served

Customers Interruption Duration

SAIDI =
Total Number of Customer Served
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Most state regulators set reliability performance targets for electric utilities focusing on
CAIDI, SAIFI, and SAIDI; adherence is monitored, and progress reported to the public at
regular intervals (PA PUC, 2018; EEI, 2005).

While these three indices are by far the most common for benchmarking and
assessing reliability performance, they may not necessarily illustrate the true impact to all
customers (Roberts and Davis, 2003). Other reliability metrics including Customers
Experiencing Multiple Interruptions (CEMI), Momentary Average Interruption
Frequency Index (MAIFI), Customers Experiencing Longest Interruption Durations
(CELID), and Worst Performing Feeder (WPF) are “more focused on the individual
customer experience and less on SAIFI, SAIDI, and CAIDI” (EEI, 2005). When used in
combination, all metrics can be used to make informed decisions about potential
infrastructure improvement projects and programs, providing tangible benefits to both the
customer and reliability metrics (EEI, 2005; Nealon, 2009; PECO, 2015).

Underground infrastructure including URD cable systems provide a significant
benefit in terms of frequency-based reliability metrics (SAIFI) when compared to aerial
systems, which are more susceptible to storm/vegetation damage (Settembrini, 1991;
Shaw, 2010; Campbell, 2012). When failures do occur to underground systems under
normal operating conditions, however, it typically takes significantly longer to locate and
repair the damage, impacting duration-based reliability metrics like CAIDI (PECO, 2015;
Shaw, 2012; Settembrini, 1991). Damage to underground systems typically requires
significantly more construction and material resources to address than aerial systems,
resulting in higher repair costs (Campbell, 2012).

2.2.4 Reliability Programs
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As State PUCs focus more on customer impact and experience, improving
reliability becomes a major component of an electric utility’s business model (Nealon,
2009; EEI 2005; PECO, 2015). This has led many electric utilities to develop large,
PUC-approved programmatic efforts to address reliability performance (EEI, 2005;
PECO, 2015, Nealon, 2009; PA PUC 2018; Campbell, 2012). These programs typically
include enhanced vegetation management, storm hardening, undergrounding of aerial
facilities to provide outage frequency benefits, and replacement of infrastructure that is
aging, obsolete, and/or failing at escalating rates (PECO, 2015; Nealon, 2009; Campbell,
2012).

URD cable systems are common elements in electric utility reliability programs
(Gill et al, 2008; PECO, 2015; Nealon, 2009). These efforts can range substantially in
size from small cable testing and replacement programs targeting specific URD cable
stretches to wholesale replacement of URD cable systems based on age, vintage, and/or
reliability performance (Sinkiewicz and Hinkle, 2005; Gill, 2011; PECO, 2015).

2.3 URD Systems

Over 2 million miles of URD cable has been installed in the United States,
accounting for approximately 1/3 of the total distribution infrastructure by length (Dudas
and Fletcher, 2005; U.S. Department of Energy, 2015). This volume of cable continues to
grow at a rate of over 25 thousand miles per year across the largest utilities, as illustrated
in Table 2-3 (Dudas and Fletcher, 2005). It can be interpreted from the previous sections
that customer impact, reliability metrics, and regulatory oversight converge to impact
utility financial performance. To appropriately understand the exposure and liability

inherent to URD cable systems, the history, design, benefits, and risks are presented.
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Sixty of Largest Investor-Owned Utilities
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Table 2-3: URD Cable Installed Per Year by the Sixty Largest Utilities (Dudas and
Fletcher, 2005)

2.3.1 Historical Drivers Leading to URD System Development

During the expansion of early electric infrastructure in the United States,
customers were tolerant of highly visible aerial installation methods in order to get access
to a new commodity (Pansini, 2005). While subsurface methods of electrical
infrastructure were developed in the late 1800s and improved throughout the early 1900s,
aerial infrastructure was the dominant technology due to significantly lower cost and
relative ease of installation (Thue, 2012; Orton, 2013). Underground infrastructure was
primarily installed at lower distribution voltages in urban areas for street lighting and
where aerial facilities could not be installed and maintained (Bouford and Warren, 2007;
Thue, 2012; Orton, 2013).

This paradigm began to change during the Lyndon B. Johnson Great Society era
in the 1960s, when beautification efforts throughout the United States created a push for
undergrounding of aerial infrastructure (Bouford and Warren, 2007; Cox et al, 2016;

Lawson, 1988; Thue, 2012). The concept of invisible utilities was presented to citizens of
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the United States through organizations including the American Society of Planning
Officials and magazines like House and Home, Municipal World, and The American
City, illustrating idyllic images as seen in Figure 2-2 (Pickford, 1963). The resulting
civic, municipal, and regulatory directly led to the development of the modern URD

Cable system (Lawson, 1988).

Typical Residential Underground Wiring Distribution System
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Figure 2-2: Representation of a Typical Underground Wiring Distribution System as
Shown in House and Home Magazine, August 1959 (Pickford, 1963)
According to Thue (2012), three new technologies shaped the current URD
standard: the pad-mounted transformer, direct-buried polyethylene cable, and load-break
elbows. Lawson (1988) identifies the implementation of directly-buried, unjacketed

polyethylene cable in place of more complex cable-in-conduit systems as what allowed
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the cost for URD to be brought more in line with aerial installation. These new cable
technologies were largely untested, and drastically underperformed the projected service
life, as will be discussed in detail in section 2.4 (Mackevich, 1989; Thue, 2012).
2.3.2 URD System Composition and Parameters
URD systems are typically simple, comprised of primary cable operating at
distribution voltages from 34kV to 2.4kV, transformers which step down the voltage to a
residential/consumer 120V/240V level, and secondary cables that deliver power to the

final customer (Pansini, 2005). A typical URD system layout is illustrated in Figure 2-3.
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Figure 2-3: URD Cable System Layout (Long Island Lighting Co. via Pansini, 2005)

URD Arrangement and Layout
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e Radial: primary cable extends into a development from a single main stem feeder
circuit as per (regulators are common on aerial installations, and not typically
included in URD cable systems) Figure 2-4 (Settembrini et al, 1991; Pansini,

2005)
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Figure 2-4: Radial System Configuration (Settembrini et al, 1991)
e Looped: development is fed from two or more locations as per Figure 2-5,
allowing cable sections to be isolated during system faults and reducing the

impact of an outage (Settembrini et al, 1991; Pansini, 2005)
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Figure 2-5: Looped System Configuration (Settembrini et al, 1991)
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URD Cable Composition

e Conductor material: copper or aluminum (Dudas, 1994)

e Cable insulation: polyethylene (PE), crosslinked polyethylene (XLPE), tree-
resistant crosslinked polyethylene (TR-XLPE), ethylene propylene rubber (EPR),
or high molecular weight polyethylene (HMWPE), which can be found in older
URD systems (Lawson, 1988)

e Jacketing: jacketed or unjacketed, as illustrated in Figure 1-2 (Settembrini et al,
1991; Dudas, 1994)

URD Installation Method

e Conduit/Duct: cable installed in a protective conduit or ductbank system (Lawson,
1988)

e Direct-buried: subsurface installation of cable in soil at a specified depth
(Lawson, 1998)

URD Transformers

e Padmount: transformer installed above ground, providing direct access
(Settembrini et al, 1991)
e Underground: submersible transformers installed partially or fully below the
surface to reduce visual impact (Settembrini et al, 1991)
2.3.3 URD System Strengths and Weaknesses
URD cable systems provide benefits in areas including interruption frequency
reliability metrics and aesthetics, while creating additional interruption duration and
financial/cost risk (Hall, 2012; PECO, 2015):

URD Strengths
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e Reduces visual impact to the utility customers in residential areas by reducing the
aerial infrastructure and congestion (Hall, 2012; Settembrini et al, 1991)

e Underground systems are more resilient to storm and vegetation-related outages
than aerial systems, which are more exposed (Hall, 2012; Campbell, 2012)

e In general, better public safety as damaged infrastructure is less likely to be fully
exposed as with pole damage/fallen aerial conductor (Hall, 2012)

e Lower or completed cost for vegetation management (Shaw, 2010; Hall, 2012)

URD Weaknesses

e Outage duration is substantially greater than aerial outages due to difficulty
locating and repairing faults (Pansini, 2005; Settembrini et al, 1991; PECO, 2015)
e Installation cost is significantly greater for underground systems; for example, it
is estimated that converting Washington, DC to a fully underground system would
cost approximately $5.8 billion (Shaw, 2010; Campbell, 2012)
e Increased occurrence of stray voltage (Hall, 2012)
e Inspection activities are significantly more difficult than with aerial facilities
(Hall, 2012)
e Early URD installations from the 1960s through the mid-1980s incorporated
materials and methods more prone to early failure than anticipated, negating many
of the benefits, as discussed in section 2.4 (Lawson, 1998; Orton, 2013)
2.4 URD Failures
By the early 1970s, it had become apparent that the polyethylene cable installed
the decade prior was beginning to fail significantly short of the anticipated service life

(Vahlstrom, 1971). This led to a significant amount of research into the causes, effects,
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and potential remedies for rapidly accelerating cable event rates (Steennis and Kreuger,
1990). Over the next three to four decades, primary failure drivers with URD Cable
methods and materials were identified, and changes made to standards and best practices
implemented to improve URD system reliability and performance (Lawson, 1988; Dudas
and Fletcher, 2005).

2.4.1 Identification of Higher-Than-Anticipated Failure Rates

Vahlstrom and Lawson are generally credited with initially identifying issues with
polyethylene cable and communicating concerns to the electrical utility industry (Bahder
et al, 1981; Kirkland et al 1982; Naybour, 1990). Along with Lanctoe and McVey, they
determined through a three-part study (1971; 1972; 1979) that PE and XLPE cables were
susceptible to water and/or electrochemical “treeing,” deterioration in the insulation
structure which can lead to premature cable failure. The most common formations of
electrochemical trees in PE and XLPE cable were classified by Bahder et al in 1973,
proving that there exist definitive patters depending on where in the cable trees
developed. The problem was so widespread and presented such a potential impact to
electric utilities world-wide, close to 200 laboratory studies, reviews, and surveys were
performed to truly assess the problem, understand the exposure and risk, establish
accurate testing methods, and derive actionable solutions (Steennis and Kreuger, 1990).

2.4.2 Failure Mode Identification, Testing, and Rate Drivers

Bahder et al (1973) and Fournie et al (1978) confirmed trees formed in PE and
XLPE were electrochemical in nature, and formation was typically (but not always)
caused by the presence of water or some other liquid within or around the cable.

Additionally, Lanctoe et al (1979) determined common PE and XLPE cables of the time
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contained inherent design flaws that led to tree propagation, and due to the widespread
adoption of these materials, all URD cable of this vintage would eventually contain
weaknesses that could lead to early failure. These design flaws included certain
antioxidants within the insulation of PE cable that developed into large “bow tie” trees
even without the presence of liquids (Thue and Lyle, 1983). Similarly, lightning strikes
were found to accelerate the development of additional trees, as determined by
Hopkinson (1984). Overall, effective cable service life was found to be more a function
of service conditions and tree density than cable electrical properties (Kirkland et al,
1982).

While treeing is “the major cause of failure of polyethylene insulated cables”
(Lawson, 1988), there are other significant factors leading to increased URD events as
well. Mintz (1984) found that imperfections and internal defects led to nearly as many
polyethylene cable failures as treeing. Corrosion of exposed neutral cable on unjacketed
URD cable can lead to system operational difficulties and cable failures (Mackevich,
1989; Lawson, 1988). It is not uncommon to have evidence of multiple modes of failure
present in a single cable stretch; these factors can work together in unison to accelerate
cable degradation, and are often aggravated by similar environmental issues like the
presence of moisture (Mintz, 1984; Laswon, 1988).

Once the primary causes of URD cable failure were identified, tests were
developed to establish relationships between cable condition, operational parameters, and
remaining service life. Martin and Hartlein (1980) were among the first to establish an
accelerated treeing test protocol, which was used to “evaluate the relative resistance of

cables to electrochemical treeing and to determine effective cable life.” Another method
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of accelerated age testing was devised by Lyle and Kirkland (1981), focusing on service
life of PE and XLPE cables as a function of moisture and operating temperature. Neybour
(1990) found that monitoring cable discharges during breakdown tests could identify
treeing in cables. Similarly, Bialek and Gryzbowski (2000) utilized breakdown tests to
model HMWPE and XLPE cables; however, there was significant difficulty fitting results
to established distribution functions, so conservative testing method were established that
utilized distributions for the oldest cable available. Finally, gravity convection ovens
were used by Dalal et al (2005) to age XLPE insulation, providing statistically significant
similarity to field-aged cable, and useful for comparison studies and prioritization of
cable replacement.

Lawson’s review of historical URD practices (1988) identified a number of
factors that lead to cable failure for the early URD cable systems: direct burial of cable in
the ground, cable installed without a protective jacket, and the type of cable insulation.
These drivers are confirmed both in the smaller analysis performed by Mintz (1984), as
well as surveys performed later detailing the changes in standards and practices utilities
implemented to improve URD performance (Dedman and Bowles, 1990; Dudas, 1994;
Miner and Beaty, 1994; Dudas and Cochran, 1999; Dudas and Rodgers, 1999; Dudas and
Fletcher, 2005). Results from the “1983-1985 AEIC Cable Report” referenced by Lawson
(1988) and illustrating URD performance differences between jacketed and unjacketed,

direct-buried and conduit installation, and XLPE and HMWPE can be found in Table 2-4.
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1983-1985 AEIC CABLE REPORT

XLPE CABLE
NUMBER NUMBER FAILURES
CATEGORY FAILURES TOTAL MILES UTILITIES PER 100 MILES
1083 [1984]1985] 19 1984 | 1965 |1983]1084]1085]1983]198411985
DUCT [<40VM | © 0 14,940 | 17,095 | 19,920 | 4 5 5| 0.00 | 0.00 | 0.0
JACKETED >40VM | 8 5 5.1 6,367 g § | 9 | 11 [0.16]0.10]0.10
DB |<40VM | 0 0 | 0 225 304 408 2 2 10.000.00 | 0.00 |
>40V/M | 74 | 26 | 40 | 4,304 | 5303 | 6,644 | 5 € [1.70 | 0.50 | 0.60
DUCT [<40VM | 8 | 10 | 11 | 3,197 | 3,266 | 3, 2 | 0.30 | 0.30 | 0.30
UNJACKETED >40 VM | 13 15_ 3 030 0 ) 4 1.30 | 0.60 | 1.40
DB [<40VM| 0 222 260 | 273 i i 1_|0. 00 | 2.60_
>40 V/M | 261 | 333 | 298 | 9,895 | 10,920 | 11,658 | 171 | 11 | 11 | 2.60 | 3.00 | 2.60
HMWPE
DU <40V, 3 0 0 80 80 80 T 1 1 7 [3.80 [ 0.00 | 0.00
JACKETED >40VM | 0 0 ['3 0 0 0 0 [ 0 0 - - .
DB [<40VM| 0 0 0 0 0 0 0 0 0 -
>40VM | 0 0 0 0 0 0 0 0 0 - - -
DUCT | <40 V/M | 133 | 118 | 109 | 13,335 | 13,341 | 13,328 | 4 | 4 | 4 |1.000.90 | 0.80
UNJACKETED >40V/M | 30 | 31 | 165 | 3,774 | a,779 | 3,778 | 2 2 2 | 0.80 | 0.80 | 4,40
DB [ <40 VM | 262 | 294 | 251 | 7,02 7,090 | 7,027 | 7 7 7 13.70 | 4.10 | 3.50
>40V/M | 719 | 812 | 763 | 5.2 5,200 | 5298 | 3 3 3 |13.60]15.30]14.40
1983-1985 AEIC 5-35 KV CABLE REPORT
5 THREE YEAR AVERAGE FOR XLPE AND HMWPE
1
S 71| (W XLPE
> 121 1| |B HMWPE
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Data accumuiated by AEIC Cable Engineering Section

Table 2-4: 1983-1985 AIC Cable Report for URD Performance (Lawson, 1988)

2.4.2.1 Direct Burial of Cable

Direct burial of cable is a significant driver for cable failure, as it provided no
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protection against environmental or mechanical damage (Lawson, 1988; Mintz, 1984).
This method of URD construction became very popular due to the ease of installation and
low associated cost (Thue 2012; Lawson, 1988). A survey of rural electrical systems
berformed by Dedman and Bowles (1990) found that from 85% to near 100% of the

URD cable installed through 1988 had been direct buried, as illustrated in Figure 2-6.

This is consistent with practices in the PECO system, where approximately all URD



cable prior to 1984 was direct buried (PECO, 2015). Additionally, unlike conduit
systems, direct buried cable cannot simply be replaced during events by pulling out failed

cable and installing new; time-consuming excavation is required (Hopkinson, 1984).
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Figure 2-6: Cable Installation in Rural Utilities Through 1988 (Dedman and Bowles,
1990)

The practice of direct burial of URD cable has improved over time in two ways,
however. First, the ratio of cable buried vs. installed in duct is trending towards conduit
methods for both the largest investor owned utilities (over half) and rural electric systems
(up to 45%) according to surveys performed by Dudas and Rodgers (1999) and Dudas
and Fletcher (2005). The use of flexible HDPE conduit allows for a low cost, water-tight
system (Lawson, 1988). Second, similar to conduit, and as will be discussed in Section
2.4.2.2, both types of utilities now use jacketed cable for almost all underground systems
(Dudas and Rodgers, 1999; Dudas and Fletcher, 2005).

2.4.2.2 Unjacketed Cable
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Kong et al (1992) found that “unjacketed cables which clearly have been
subjected to moisture have suffered varying, but significant reductions in dielectric
strength.” Additionally, corrosion of the bare concentric neutral around the outside of the
insulation provided a strong indication that moisture had infiltrated the entire cable (Kong
et al, 1992). These conclusions match those determined by Mackevich (1989), Mintz
(1984), and Lawson (1988).

Another concern for unjacketed cable is stray voltage. This situation occurs when
corrosion of the bare concentric neutral causes neutral current to flow into the
surrounding earth, potentially being picked up and transported by other utilities (Yeasell,
2006). This can create significant safety issues for a utility when electrical current travels
through a water system, potentially electrocuting customers, as reported by both Yeasell
(2006) and Sinkiewicz and Hinkle (2005).

The simplest solution for the issues created by unjacketed cable going forward is
to switch to cable with a protective outer jacket, as proposed by Mackevich (1989). This
provides protection from both moisture and neutral corrosion (Mackevich, 1989; Lawson,
1988; Mintz, 1984). As per Section 2.4.2.1, the switch to jacketed cable by electric
utilities of all sizes became near-universally accepted between the late 1990s and early
2000s (Dudas and Rodgers, 1999; Dudas and Fletcher, 2005).

2.4.2.3 Cable Insulation Type

The type of insulation used in URD cable systems and its impact on reliability has
been studied at length since the systems were first determined to have higher rates of
failure (Steennis and Kreuger, 1990). Both forms of polyethylene cable, HMWPE and

XLPE (which was developed to address issues of the former), were found to fall
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significantly short of the estimated service life via drivers discussed at length in Section
2.4.2. This has created a need for electric utilities to develop programmatic cable
replacement, repair, and rejuvenation efforts to reduce repeat and prolonged URD cable
system outages for infrastructure installed prior to the mid-1980s (Dudas and Fletcher,
2005; EEL 2005; PECO, 2015, Nealon, 2009).

Utilities have addressed the poor performance of HMWPE and XLPE by moving
to other insulation materials, including EPR and TR-XLPE (Dudas, 1999). Cox et al
(2016), Brown (1988), and Hayes (2005) report improved reliability and cable
performance by using EPR-insulated cables for underground applications within their
respective systems. Similarly, Katz and Walker (1998) found TR-XLPE to develop
significantly less treeing than standard XLPE and have better aging properties.

2.5 Electrical System Analysis and Prediction Methods

Electric utilities strive to move beyond reactive methods that target the oldest and
most-recently failed URD cables for replacement, as these methods are inefficient from a
financial and resource standpoint (Sinkiewicz and Hinkle, 2005; PECO, 2015; Gil, 2011;
Verwuij et al, 2017). Methods currently used to test, analyze, and predict future failures
allow for intelligent structuring of repair, replacement, and rejuvenation programs, and
include Failure Modeling, Survival Analysis, Crow-AMSAA, and Machine Learning.

2.5.1 Failure and Risk Modeling

One way to move beyond reactive methods is to model failures. Brown and Willis
(2004) developed a method for failure modeling of electrical power delivery systems by
converting normalized inspection condition data into failure probabilities. This

information was then used to model reliability for a test system, which could be used to
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identify areas at risk and allocate resources to address issues before failures occur (Brown
and Willis, 2004). Similarly, Zhang et al (2007) examined mechanical and electrical
system stressors, outage data, and equipment aging to assess and predict service life and
reliability of electrical system components including aerial and underground conductors,
transformers, and circuit breakers. To assist with financial risk and decision making, and
specific to underground distribution reliability, Bertini (2002) combined cable diagnostic
testing methods with deferral economics and net present value (NPV) calculations to
strategically assess whether it is most economically prudent to “test, treat, or replace”
cable systems.

Traditional risk-based approaches have also been used to prioritize system
components for proactive replacement or repair. Johnson et al (2012) utilized a five-step
process to assess system risk for the Office of the Gas and Electricity Markets (OFGEM)
in the UK:

1. “Asset data collection
2. Risk quantification
3. Asset condition prediction using Semi-Markov modelling for asset degradation
modelling
4. Compile and aggregate risk profiles
5. Optimisation of asset risk and investment to identify which assets should be
replaced for the greatest impact on the risk profile.”
A similar approach was established for use in the North American petrochemical industry
by Cayanan et al (2013). Risk of failure was calculated as a function of component life

expectancy, loading, testing results, and physical condition (Cayanan et al, 2013), while
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the risk consequences were based off of planning and scheduling impacts. This resulted
in a standard risk matrix, which would be used to prioritize equipment replacement and
repair.

2.5.2 Survival Analysis and Kaplan-Meier / Cox

Expanding on standard failure and risk modeling, paper insulated lead cable
(PILC) replacement for the Stedin Netbeheer electrical system was prioritized using an
analysis that combined the Kaplan-Meier survival function with the Cox proportional
hazard model (Verwuij et al, 2017). Kaplan-Meier estimators are non-parametric
calculations that approximate the probability of survival as a function of time and can
compare the times to failure between multiple sets or groups (Kartsonaki, 2016). The Cox
proportional hazard model can predict the risk of failure based on the relationships
between multiple covariates (Lin and Halabi, 2013).

The combination of both methods assessed the impact of predictor variables like
cable age and length on the overall probability of failure for each section of PILC
(Verweij et al, 2017). When compared with impact factors including outage duration,
financial loss, and repair costs, Verwuij et al (2017) were able to develop a Geographic
Information System (GIS)-based risk map of the entire Stedin system, as illustrated in
Figure 2-7, highlighting pockets of greatest system liability and allowing for

prioritization of replacement activities based on proximity.
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Figure 2-7: PILC Risk Map of the Stedin Electrical System (Verwuij et al, 2017)

2.5.3 Crow-AMSAA

Crow (1975) developed the Crow-AMSAA method of reliability analysis for the
United States Army to predict future failures of repairable systems. For this reason,
Crow-AMSAA has become popular for organizational reliability forecasting (Gil, 2011).
In practice, the log-log relationship of cumulative failures to cumulative time for a system
is used to estimate Mean Time Between Failures (MTBF) and approximate the time of
the next reliability event (Muhammad et at, 2016).

Within the electric utilities, the Salt River Project (SRP) is one of the leaders in
applying Crow-AMSAA to asset management, and specifically URD cable systems (Gil
et al, 2008). SRP evaluates the 21 million feet of URD cable by vintage (cable type and
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age) using this method as seen in Table 2-5, then develops comparisons based on various
levels of cable replacement as illustrated in Figure 2-8 (Gil, 2011). This information is
then used in the SRP Long-Range Fault and Reliability Model to identify the optimal
cable replacement efforts as a function of cost, reliability, and time, as per Figure 2-9 (Gil
et al, 2008; Gil, 2011).

Detailed information regarding the Crow-AMSAA methods can be found in

section 3.3.1.

Cable Type #2 Data Analysis
Vintage 1977 From 2004
To 2008

Calendar Y'l Cumulative Time (Yr) ICumuIative Faults/100 cable mile Parameters A 8 R? SEy/x
2004 1 75 Regression 75.8239 [1.0739(0.9993| 1.0212
2005 2 164
2006 3 243 Parameters A 8 %2 |SL(0.05)
2007 4 340 MLE 76.7164 (1.0607(2.3254| OK
2008 5 423

Table 2-5: SRP Analysis of URD Reliability Using Crow-AMSAA (Gil, 2011)
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Figure 2-8: SRP URD Reliability Forecast Crow-AMSAA Output (Gil, 2011)
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Primary Underground Cable Faults and Cost
Replacement allocations: 40% 500 Kcmil, 20% 4/0 and 40% URD
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Figure 2-9: SRP Long-Range Fault and Reliability Model (Gil et al, 2008)

2.5.4 Machine Learning

As per Lantz (2015), “machine learning, at its core, is concerned with the
algorithms that transform information into actionable intelligence.” Within the electric
utility space, machine learning algorithms have been used for a variety of applications,
from Zareipous et al (2011) predicting market prices, to Tripathi (2016) locating faults in
transmission lines. One of the earliest uses of machine learning specific to underground
distribution systems similar to URD cable systems involved development of the Puget
Sound Power and Light Co.’s Automated Primary Router (APR) system, which utilized
GIS information and URD planning algorithms to determine the best route of primary

conductor through a development (Yeh et al, 1994). Chen et al (2009) expanded upon this
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concept, incorporating spatial data mining and decision tree capabilities to augment GIS
and achieve true route optimization for distribution feeders

Consolidated Edison (ConEd) of New York began using machine learning
methods in 2008 to rank primary feeder cable susceptibility throughout the city (Gross et
al, 2009). A comparison of a pairwise ranker (RankBoost), Support Vector Machines
(SVM), and a sorting-based ranker (Martingale Boosting) by Gross et al (2009)
determined that for the NYC grid, SVM and RankBoost performed better than Martingale
Boosting, and prediction accuracy was better for shorter durations (7 days vs. 15 days).
Rudin et al (2012) built upon this for ConEd in NYC, developing a substantially more
complex system that utilized real time system data to evaluate proactive maintenance
tasks, rank vulnerability in several forms of distribution infrastructure (feeder cable,
transformers, manholes, etc...), and model MTBF. The work of Gross et al (2009) and
Rudin et al (2012) highlight what electric utilities can achieve by incorporating machine
learning algorithms into existing evaluation processes using data that is typically readily
available.

More information about machine learning methods and algorithms is available in

Section 3.5.3
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Chapter 3—Methodology

3.1 Introduction

The primary goal for this research is to identify a data modelling technique that
can accurately predict URD cable system failures. This will allow an electric utility to
proactively replace cable and equipment before an event occurs, improving both
customer experience and reliability performance. Ultimately, the selected model will
form the basis of a scalable asset management program, guiding capital investment
towards the URD cable systems at most risk of failure.

Evaluation of potential forecasting models is executed as a two-phased approach
which correspond directly with the research hypotheses from Chapter 1:

H1: Age, loading, system configuration, and environmental factors are significant

quantifiable predictors of URD cable failures

H2: Machine learning regression algorithms from among those considered in this

study will provide more accurate cable failure predictions than manual methods

H3: When incorporated into a simulated proactive URD cable replacement

program, the most accurate machine learning methods will provide better

reliability metric improvements than the highest-performing manual methods
Phase 1, which addresses H1, includes an analysis of all available system data to
determine which variables are most significant for predicting future failures through
regression analysis. Next, in Phase 2, associated with H2 and H3, the significant variables
identified in Phase 1 are utilized to test the forecasting capabilities of both manual
methods currently employed by electric utilities and selected machine learning

algorithms.
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3.2 Phase 1: Determining Significant Factors for Forecasting Cable Failures

Phase 1 of this study aims to prove that specific URD cable system operational
and environmental parameters are drivers of, and therefore predictors for, cable failure.
This will be achieved by identifying statistically significant variables through regression
analysis. Outage data from the five-year period between 2014 and 2018 will be fit to an
appropriate probability distribution, and the resulting regression models compared using
goodness-of-fit tests. The significant variables identified in Phase 1 of the study will be
used to test failure prediction methods in Phase 2. Machine learning algorithms and
manual methods will utilize system data from 2013 through 2017 to forecast 2018 URD
cable system events. These results will be compared to actual outage 2018 outage records
to assess method accuracy.

3.2.1 Distribution Fitting for URD Outage Data

Outage data for reliability systems is inherently “count data” which can only take
the form of non-negative integers zero and greater. Additionally, while there have been
over 1,300 outages annually in URD cable systems across the PECO service territory,
this is approximately 0.1 outage per URD circuit section every year. The event count for
about 90% of these sections will be zero; it is anticipated that the outage distribution
across the URD population could potentially be zero-inflated.

Zero-inflated count models, as described by Hoffman (2016), “are actually two
probability distributions: a binomial distribution that dictates whether there are any
events (vs. no events) and another distribution (perhaps Poisson) that dictates the
frequency of events occurring.” Zero counts within the model can be from two groups

(Yang et al, 2017):
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e “structural zeros (or true zeros) from a non-susceptible group”

e “random zeros (or false zeros) for those from a susceptible group”
In the case of URD cable failure forecasting, the combination of probability distributions
utilized within a zero-inflated model could potentially provide an accurate prediction of
both systems that should experience zero failures, whether structural (cable with no
drivers for failure) or random (cable that hasn’t failed yet, despite conditions), and
systems that will fail.

Using the pscl package (Jackman, 2017), MASS package (Venables and Ripley,

2002), and stats packages (R Core Team, 2019) within R, both zero-inflated models and
the associated discrete probability models will be fit to the URD cable system data,
providing estimates of all coefficients tested, as well as standard error and covariant
significance. Models will be run in multiple iterations similar to a stepwise regression,
removing the least significant variables until only those with a p<0.05 remain. These
covariates are not exclusive to one part of the model, as detailed in Xu et al (2015), and
may influence the zero-inflation model, discrete model, or both aspects of the regression
simultaneously. Selection of the best model will determine which variables have the most
impact on URD system reliability, and those factors will be used to test prediction
methods in Phase 2. In addition to the zero-inflated Poisson (ZIP) and zero-inflated
negative binomial (ZINB), the standard Poisson, standard negative binomial, and hurdle
models of the ZIP and ZINB (ZAP and ZANB, respectively) will be evaluated. All
models are described in subsections 3.2.2, 3.2.3, and 3.2.4.

3.2.2 Poisson and Zero-inflated Poisson
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Zeileis et al (2008) describe the Poisson distribution as “the simplest distribution
used for modeling count data.” This discrete model provides the probability of achieving
a count of specified events over a unit of time, and assumes the variance and mean are
equal (Alfo and Maruotti, 2010). The assumption does not account for higher variances,
at times leading to overdispersion and inaccurate models (Yang et al, 2010). The
probability density function of the Poisson distribution is as follows (Loeys et al, 2012):

e~ Huf
k!

Pr(Y; = k) =

The ZIP model attempts to model substantially larger amounts of zero counts by
utilizing a two-part model as described above. The probability function for the ZIP

combines a zero-prediction model (top) with the Poisson distribution as follows (Loeys et

al, 2012):
pit+t (@ —plet, k=0
Pr(Y;=k) = e Hyuk
=0 1- Pi)THl, k>0

Using R, the g/m function of the stats package (R Core Team, 2019) will be used
to model the Poisson distribution, while the zeroinfl function of the pscl package
(Jackman, 2017) will be used to model the ZIP distribution.

3.2.3 Negative Binomial and Zero-inflated Negative Binomial

The negative binomial distribution utilizes a dispersion parameter 6 to improve
upon the Poisson distribution’s inability to account for overdispersion (Yang et al, 2008).
The probability density function of the negative binomial distribution is as follows
(Loeys et al, 2012):

rk+6) (ol
PR = Tkt G+
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ZINB accounts for both overdispersion and large volume of zero counts by
combining the binomial model to address zero inflation (top) with the negative binomial
distribution (bottom). The probability density function of the ZINB distribution is as

follows (Loeys et al, 2012):
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Using R, the glm.nb function of the MASS package (Venables and Ripley, 2002)
will be used to model the negative binomial distribution, while the zeroinfl function of
the pscl package (Jackman, 2017) will be used to model the ZINB distribution.

3.2.4 Hurdle Models

Hurdle models ZAP and ZANB are similar to their ZIP and ZINB counterparts in
that they are all used to model excess zero counts; however, there is a critical difference
between the two. As discussed in Xu et al (2015), whereas ZIP/ZINB account for
structural zeros in the binomial model and random zeros in the count model, ZAP and
ZANB make no distinction between them. This model incorporates a truncated version of
the associated generalized linear model (Poisson for ZAP, negative binomial for ZANB)
for all counts greater than zero, while all zeros are addressed through the hurdle model
(Yang et al, 2017). The probability density function of the ZAP distribution is as follows,
with p;” identifying the hurdle portion of the model (Loeys et al, 2012):

pi, k=0

Pr(Y; = k) = e M k('HDV
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The probability density function of the ZANP distribution is as follows, also with
pi" identifying the hurdle portion of the model (Loeys et al, 2012):

pi, k=0

Pr(Y; = k) = T'(k+6 kg 1
r(Y; = k) 1 -p) ( )>< (*m) y : , k>0

Using R, the zeroinfl function of the pscl R package (Jackman, 2017) will be used
to model the ZAP and ZANB distribution.

3.2.5 Model Comparison and Selection Criteria

Several studies have compared results of Poisson, negative binomial, ZIP, ZAP,
ZINB, and ZANB modeling, often utilizing many of the same criteria for evaluation.
Three of these metrics will be used to select the ideal model in this study: the Likelihood
Ratio Test, the Akaike Information Criterion (AIC), and the Bayesian Information
Criterion (BIC). An additional validation step will involve a comparison with results
from the importance algorithm in the randomForest R package (Liaw and Wiener, 2002).

As outlined in Long and Freese (2001), Engle (1984), and Xu et al (2015), the
Likelihood Ratio Test is used to establish the significance of predictor variables for a
model when compared to a null model where all covariates are set to zero save the
intercept. This takes the form of a Chi-squared test where the test statistic, G2, is
calculated using the log likelihoods of the predictor variable model and the null model as
follows (Long and Freese, 2001):

G? = 2(In Lpyy moder — 0 Lvuy modet)

Within R, a null, intercept-only version of the test model is created using the update
function and setting all variables in the model to zero. Next, a Chi-squared test is run

using the pchisq function, with degrees of freedom equal to the number of parameters in
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the test model. The resulting p-value will determine if the test model fits the data better or
worse than the null model.

While the Likelihood Ratio Test can establish significance of the variables within
the model, AIC and BIC can be used as a model-selection method to compare both nested
and non-nested distribution fits to one another, as described in Zamani and Noriszura
(2013), Xu et al (2015), Loeys et al (2012), and Yang et al (2017). These criteria are
calculated using the equations below, with K being the total number of parameters in the
model, and n the sample size (Posada and Buckley, 2004):

AIC = =21In Lpyy moder + 2K

BIC = —=21n Lpyy; moder + Klogn
Both AIC and BIC are used to assess goodness-of-fit while penalizing model complexity
through the incorporation of the K parameter, with smaller values of these criterion
indicating a better overall fit when models are compared (Yang et al, 2017; Long and
Freese, 2001). AIC has been used in the electric industry to assess the value and
applicability of covariates for cable failure modeling, as illustrated by Verweij et al
(2017). Once a model is fit to a distribution, values of AIC and BIC are calculated within
R using the A/C and BIC functions within the stats package, and these values will
determine the best fitting model to the URD cable system data.

One metric that will be purposefully avoided is the controversial Vuong test.
Developed as a formal comparison statistic for goodness-of-fit of nested, non-nested, and
overlapping models, this test is referenced prominently throughout the literature (Vuong,
1989; Xu et al, 2015; Yang et al, 2017; Desmaris and Harden, 2013). As identified by

Wilson (2015), however, many of the strict conditions defined by Vuong (1989) for the
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test are violated when applying to zero-inflated models. Additionally, Xu et al (2015)
determined the Vuong test was not as powerful as AIC when selecting the best fit for a
model. With this understanding, the popular Vuong test will not be utilized in this
research.

The final evaluation within Phase 1 will include a comparison of the significant
variables as determined by the model determined to have the best overall fit with the
variables identified as most significant using the randomForest package in R (Liaw and
Wiener, 2002). The full set of data analyzed in the Phase 1 will be processed using the
randomForest algorithm. Variables are evaluated using the importance function, which
estimates changes in the mean squared error for the model as variables are included and
excluded from the multiple iterations of the random forest. Both the results of the
regression analysis and random forest will be compared to identify similarities and
differences in overall ranking of significant, important predictions factors.

3.3 Phase 2: Outage Prediction

In Phase 1, the critical parameters driving cable failures within URD systems are
identified. That information is incorporated into Phase 2 as part of a protocol for
predicting future cable failure events and the potential impact of outages. First, the
dataset to be used for evaluating different prediction methods will be established. Once
the test parameters are set, five manual methods of predicting reliability will be tested
against nine machine learning algorithms. Results will be analyzed using common
measures of prediction, with the best performing models selected to be used within a
program planning simulation evaluating reliability metric and customer impact

improvements.
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The key reliability measures that are used to evaluate utility performance and
presented in Section 2.2.3 rely on the frequency of outages for calculation. In order to
improve these metrics, failure models that can provide outage predictions will be selected
over survival models. While the Cox proportional hazard proved useful in quantifying the
risk of experiencing a single failure in Verweij et al (2017), it can only be used to predict
the probability of a single event, and Cox extensions which account for multiple events
are limited to understanding the state of the system, not the events themselves (Li et al,
2006). For these reasons, all Cox models are excluded from Phase 2.

3.3.1 Manual Prediction Methods

Like other electric utilities, PECO typically plans capital projects and programs
on a five-year cycle (Verweij et al, 2017; PECO, 2015; Gil, 2011). For those efforts
focusing on distribution system reliability improvements, being able to accurately spot
trends and predict outages is a key component. One of the simplest tools for planning are
S-year weighted and straight averages of outage events. As seen in the distribution of
reliability data, since cable failures are only occurring within approximately 10% of URD
circuit sections, this can drive observed accuracy for these types of models. Through
Phase 2 of this study, the following two average methods will be utilized as prediction

tools for comparison:

, 1 2 3 4 5
5 —Yr Weighted Average = EYRl + EYRZ + EYRS + EYRLL + EYRS

YR1+YR2+YR3 +YR4 + YRS
5

5 —Yr Straight Average =

Emergent prediction methods, where the total number of outages occurring in the

preceding year drives the priorities for the current year, are also common. While this may
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seem on the surface to be a simple method, underlying drivers like regulatory or civic
pressure, emerging markets, or unrelated outages within close geographic proximity may
require immediate attention.
1 —Yr Emergent = Total Events for the Preceding Year
Potentially more sophisticated mathematically than the previous modeling
methods, the Crow-AMSAA was developed in 1975 by Dr. Larry Crow for the US Army
as a tool to measure and predict reliability of repairable systems (Crow, 1975). The
primary equation for this model is (Gil, 2011):
n(t) = AP
n(t) = cumulative failures
t = cumulative time
A = scale parameter
B = failure rate

A and B can be calculated using the following estimates (Crow, 1975; Muhammad et al,

2016):
n
B= nlnTTotal — 3% InT;
1=
TB

The estimates for A and  can be inserted into the first equation, allowing for predictions
to be made for the test year. This model has been successfully implemented for the Salt
River Project to predict outages for entire vintages of cable on a yearly basis (Gill, 2011);
here the method will be utilized in a significantly more granular approach, forecasting

outages at the circuit section level.
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Finally, the Cramer-von Mises test can be utilized to establish statistical
significance for the Crow model, with the test statistic determined using the method

below (Crow, 1975):

Cia = 12M+Z[ 21_1]

Where

M= { N if the test is time terminated }
~ N — 1if the test is failure terminated

The final standard method will be the selected regression model from Phase 1.
Prediction will involve using the Poisson, negative binomial, ZIP, ZINB, ZAP, or ZANB
identified as having the best overall fit to generate a full set of forecasted outages for the
test set of URD cable sections. This method will be retrained to utilize the same training
data set all methods of prediction use.

3.3.2 Machine Learning Methods

Nine machine learning regression algorithms identified in the literature were
selected for this study based on prevalence, applicability, performance, and suitability to
the type of data being tested, and are listed in Table 3-1. Regression algorithms, which
provide numerical responses, were selected over classification algorithms used to classify
data into groups or categories, as the target dependent variable is the predicted number of

outages.
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Machine Caret
Learning R Package Training Caret Training Parameters
Algorithm Method
Regression Tree rpart rpart cp (Complexity Parameter)
pruned (Pruned)
Model Tree RWeka M5 smoothed (Smoothed)
rules (Rules)
Random Forest randomForest rf mtry'(#Randomly Selected
Predictors)
Bagging ipred, plyr, 1071  treebag none
kmax (Max. #Neighbors)
k-NN Regression kknn kknn distance (Distance)
kernel (Kernel)
Cubist Cubist Cubist commlttees (#Committees)
neighbors (#Instances)
n.trees (# Boosting Iterations)
Stochastic interaction.depth (Max Tree Depth)
Gradient gbm, plyr gbm shrinkage (Shrinkage)
Boosting n.minobsinnode (Min. Terminal
Node Size)
nrounds (# Boosting Iterations)
max_depth (Max Tree Depth)
eta (Shrinkage)
eXtreme Gradient gamma (Minimum Loss Reductlor})
. xgboost xgbTree colsample bytree (Subsample Ratio
Boosting
of Columns)
min_child weight (Minimum Sum of
Instance Weight)
subsample (Subsample Percentage)
Artifical Neural layerl (#H¥dden Umts in Layer 1)
Network neuralnet neuralnet layer2 (#Hidden Units in Layer 2)

layer3 (#Hidden Units in Layer 3)

Table 3-1: Machine Learning Algorithms Used to Predict URD Cable Failures

Lantz (2015) describes decision trees as “a model much like a flowchart in which

decision nodes, leaf nodes, and branches define a series of decisions that are used to
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classify examples.” A Classification and Regression Tree (CART) works by splitting data
in a “hierarchal tree-like partition of the input space” through a series of decision nodes
where data is evaluated, eventually leading to terminal leaves, which are the final values
of the algorithm (Ahmed et al, 2010). Regression trees develop predictions through
analysis of average values for data at each terminal leaf, incorporate automatic feature
selection to focus on the most significant variables, and in some cases provide better data
fitting than linear regressions (Lantz, 2015). Model trees are similar to regression trees in
that they provide numerical predictions; however, at each leaf, a multiple linear
regression model is built and incorporated from the data that reaches the node (Lantz,
2019). A cubist model resembels a model tree; however, the structure is simplified to a
series of rules used to allocate data, with a unique linear model applied to develop a
prediction (Yang et al, 2019).

Bootstrap aggregating (Bagging) is an ensemble method that uses the average
results of models built on random sampling of the training dataset for prediction (Lantz,
2015). Similarly, a Random Forest is an ensemble of CARTs, where predictors and data
splitting points are developed as a function of node impurity (Nitsche et al, 2014). Each
of the individual CARTSs generated within the Random Forest model use only a small
subset of randomly selected independent variables and are grown to completion without
additional pruning of the leaf nodes (Yahya et al, 2016). Predictions developed through
this algorithm rely on the “forest” of trees to provide a combined response, which reduces
the overfitting of the dataset that can occur within one unpruned CART (Yahya et al,

2016).
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Gomez-Rios (2017) defines Boosting as “a well-known supervised learning
algorithm, based on the reiterated use of a weak classifier” in which the weak classifier
“only has to perform slightly better than a random classifier.” Gradient boosting
algorithms like GBM and XGBoost resample data to develop complementary learners,
which are weighted based on performance to provide combined predictions (Lantz,
2015). Both machine learning tools utilize similar methods for developing an ensemble of
regression trees; however, XGBoost incorporates additional parameters within the model
to reduce the chance of overfitting (Gomez-Rios, 2017).

The k-NN algorithm uses the “k” closest datapoints (nearest neighbors) to assign
a classification to a sample based on similar attributes, where k is the number of
surrounding data options to select (Lantz, 2015). A k-NN regression expands upon this
method by for numerical data by returning the mean of the required response variable
(Kiang and Tian, 2015). This simple algorithm is common in machine learning, typically
unbiased, but highly dependent on determining an optimal version of k (Lantz, 2015).

Artificial Neural Networks are a “black box™ algorithm, meaning the complex
calculations used in data analysis are hidden; the detailed path from input to output is not
clearly defined or easy to identify (Lantz, 2015). These models “can deduce potentially
nonlinear patterns in the data after executing the process of learning,” and are made up
“of three neuronal layers: an input layer contains neurons which correspond to the
number of input features; a hidden layer provides a relationship or pattern between the
input and output; and an output layer contains an output neuron” (Yahya et al, 2016). The

overall process is modeled from biological brain input/response, and while Neural
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Networks are among the best performing algorithms for complex pattern recognition,

they require powerful processing capabilities and may tend to overfit data (Lantz, 2015).

3.3.3 Machine Learning Test Process

Once the training and test datasets are imported into R, the caret package (Kuhn,
2019) is installed to optimize the prediction modelling capabilities of all algorithms to be
evaluated. The full title of the caret package (Kuhn, 2019) is “Classification and
Regression Training,” and as per the package documentation, the #rain function operates
as follows:

“train can be used to tune models by picking the complexity parameters that are

associated with the optimal resampling statistics. For particular model, a grid of

parameters (if any) is created and the model is trained on slightly different data

for each candidate combination of tuning parameters. Across each data set, the

performance of held-out samples is calculated and the mean and standard

deviation is summarized for each combination. The combination with the optimal

resampling statistic is chosen as the final model and the entire training set is used

to fit a final model.”
Each model is tuned automatically through the caret ¢rain function by adjusting the
training parameters listed in Table 3-1 until the optimal Root Mean Squared Error
(RMSE), the standard deviation to the residual prediction error, is established.

The caret package (Kuhn, 2019) also incorporates validation into model tuning.
K-fold cross-validation (k-fold CV), as per Lantz (2015), “randomly divides the data into
k to completely separate random partitions called folds™ and is the most accepted method

of validation. Testing of the machine learning algorithms with utilize “repeatedcv”
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through the caret trainControl function, set to ten folds ten times. In practice, this is a 10-
fold CV, creating a 10% validation set within the training dataset, with the model running
a full ten times to improve optimization (Lantz, 2015).

Once the train function is complete, the optimized parameters for each of the
machine learning algorithms are saved within R and used with the standard predict
function to forecast the number of expected outages in the test year. Failure forecasts will
be generated with both the limited set of covariates determined as most significant in
Phase 1 and the full set of covariates as a supplementary accuracy check for the
regression model. The results are exported to a standard “.csv” file, then imported into
the overall research dataset for evaluation.

3.3.4 Event Prediction Evaluation

Outage predictions generated through both manual and machine learning methods
for the URD circuit sections in the test set are merged into one database for analysis.
Model evaluation occurs in three stages:

1. To assess the ability of a model to forecast which URD circuit sections will
experience outages during the test year and which will not, standard prediction
metrics including Mean Absolute Error (MAE), RMSE, F1 Scores, and Kappa
Statistics are used to assess overall accuracy.

2. The manual and machine learning models providing the best accuracy based
on F1 Score and Kappa Statistics are measured on ability to prioritize URD
circuit sections experiencing outages. The predicted number of cable failures

for each section will be used to calculate a circuit section SAIFI measurement,
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which will form the basis of comparison to the sections within the test set
experiencing an actual event in the test year.

3. Last, a simulated URD Cable Replacement Program is run with the best
manual methods and machine learning tools. This will focus on the ability of
each model to provide real-world metric improvements by developing overall
cable replacement priorities based on predicted SAIFI and SAIDI, and
comparing these rankings to the actual SAIFI and SAIDI impacts from
outages experienced during the test year.

3.3.5 Testing Model Accuracy

To understand a model’s ability to correctly predict which URD circuit sections

will experience outages, standard accuracy metrics are used, including MAE, RMSE, F1
Scores, and Kappa Statistics. MAE and RMSE provide an understanding of the total
variances between predicted and actual outages for each model, with lower values

implying a better overall fit.

n
1
MAE = EZ|Predictedj - Actual]-|
j=1

1 . 2
RMSE = EZ(Predicted]- —Actual]-)
j=1

Confusion Matrices are used to develop F1 Scores and Kappa Statistics. As
explained by Lantz (2015), these matrices quantify the prediction ability of a model by
determining the number of True Positives (TN), True Negatives (TN), False Positives
(PF), and False Negatives (FN). For this evaluation, the number of outages predicted

were rounded to the nearest whole number and classified as follows:
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e TP — at least one outage predicted on a circuit section that experienced an
outage in the test year
e TN - no outages predicted on a circuit section that did not experience an
outage in the test year
e FP (Type I Error) - at least one outage predicted on a circuit section that
did not experience an outage in the test year
e FN (Type II Error) - no outages predicted on a circuit section that
experienced an outage in the test year
The information within the Confusion Matrix is used to calculate the Overall Prediction
Accuracy, Error Rate, Sensitivity (“true positive rate”), Specificity (“true negative rate”),
Precision (“portion of positive examples that are truly positive”), and Recall (“measure of

how complete the results are”) (Lantz, 2015).

TP+TN
TP+TN+ FP+FN

Overall Prediction Accuracy =

Specificity = TN
pecificity = TN T FP
S itivity = P
ensitivity = ———u
Precision — TP
recision = o5——p
Recall = e
T TP Y FN

Neither Precision nor Recall incorporate True Negatives as part of the calculation, instead
focusing on the relationship between True Positives and False Positives (Precision, Type

I Error) and False Negatives (Recall, Type II Error). As such, the F1 Score, which is a
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function of both factors using the harmonic mean, provides a strong insight into the

accuracy of predictions for zero-inflated distributions (Lantz, 2015):

2 X Precision X Recall
F1 Score =

Recall + Precision
Finally, the Kappa Statistic provides a modified accuracy considering the probability that
True Positive and True Negative predictions may have occurred randomly (Lantz, 2015).
“Proportion of actual agreement” [Pr(a)] and proportion of “expected agreement” [Pr(e)]
are used in the calculation as presented by Lantz (2015):

K Statisti _ Pr(a) — Pr(e)
appa Statistic = 1= Pr(e)
Where

Total Observations =TO = TP+ TN + FP + FN

TP+TN

Pr(a) = Overall Prediction Accuracy = o

TP+ FP TP+ FN FN+TN FP+TN
Pr(e) = X [ X
TO TO TO TO

In general, higher F1 Scores and Kappa Statistics imply a model provides more accurate
predictions compared to a model with lower values of these metrics (Lantz, 2015). This is
used as an elimination metric for the models as they are selected to undergo testing to
assess ability to prioritize the predicted number of outages compared to the test year.

3.3.6 Model Prioritization of Outage Impact

The most accurate manual and machine learning methods of predicting cable
failures based on F1 Score and Kappa Statistics will be selected for further evaluation
according to the following criteria:

e Manual models with F1 Scores and Kappa Statistics greater than average
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e Machine learning algorithms with F1 Scores and Kappa Statistics +10%
greater than average
As explained in section 2.2.3, the standard reliability metrics used by regulators to
assess utility performance rely primarily on two factors: outage events and customers
affected. SAIFI, in particular, uses these exact variables for calculation:

SAIF] = Total Number of Customers Interrupted Y. Outages X Customers

Total Number of Customers Served Total Customers
Rankings based on highest circuit SAIFI will provide the true metric reliability impact for
each URD circuit section, with more granularity than methods just focusing on the
number of outages. For example, under the strict failure count approach, a section with
four events and 20 customers would rate higher than a section with three events and 200
customers, despite the latter having a greater impact on overall system SAIFI and SAIDI.

The set of URD circuit sections from the test set with outages in the test year is
used to evaluate the ability of the remaining manual and machine learning methods to
forecast the reliability impact of cable failures. Predicted circuit SAIFI based on
forecasted outages is calculated for each URD circuit section within this subset and
ranked numerically from worst to best based on highest to lowest SAFI scores. These
rankings are compared to the actual test year circuit SAIFI impact rankings to calculate to
Spearman’s Rho and Kendall’s Tau rank correlation coefficients. Spearman’s Rho uses
the difference in paired rankings and the total number of items ranked.

6 Y. distance between paired rankings?
n(n? —1)

n=1—
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To determine Kendall’s Tau, the number of concordant and discordant pairs for each
ranked URD circuit section are tabulated, with the total sum of concordant and discordant
pairs used to find the value of Tau as follows:

Y Concordant — ), Discorant
T =
Y. Concordant + ), Discordant

Spearman’s Rho and Kendall’s Tau are then used to test if the rankings of the
machine learning algorithms are significantly better (higher, and therefore closer to the
actual SAIFI rankings) than the manual methods of predicting outages. These rank
correlation coefficients are converted to Pearson correlation coefficients and transformed

using Fisher’s Z-transformation (Meyers and Sirois, 2006; Walker, 2003):
T
Spearman — Pearson Conversion: rp = 2 X sin (‘rs E)

Kendall — Pearson Conversion: rp = sin(0.5 X © X 1)

1+71p
Z, =0.51n1

—7p
Fisher’s Z values are used to calculate the Z-test statistic for establishing statistical
significance using a single-tail Z test of the null hypothesis that the rankings of both
compared models are essentially the same:

Z4—Z
Z — test statistic = i T2

n—3
Hy: Rank of Machine Learning Model = Rank of Standard Method
Hy:Rank of Machine Learning Model # Rank of Standard Method
3.3.7 Program Management Simulation
Finally, to illustrate the ability of the prediction models to improve reliability
metrics for the entire URD test set population, a program management simulation is
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performed.

The most accurate manual methods and machine learning algorithms as

determined through the testing protocols above are evaluated using the following

procedure:

1.

Each predication method is used to develop forecasts of total cable failures for

each URD circuit section in the test set for the test year

. The actual number of outages in the test year and total customer counts are

incorporated into baseline SAIFI and SAIDI metrics for the test set system
(system CAIDI, and by extension average restoration time, is maintained at a

constant 150 minutes, the average for cable faults in the test window)

. The predicted number of outages and customer counts for each URD cable

section are used to develop predicted circuit SAIFI measurements

. Each section is ranked from highest replacement priority to lowest

replacement priority based on highest predicted circuit SAIFI to lowest
predicted circuit SAIFI for each manual and machine learning method
To simulate programmatic cable replacement prioritized by estimated SAIFI
impact, the highest priority cable sections as close to but not less than 32
miles are identified

a. 32 miles is the current URD program cable target for the PECO LTIIP

plan (PECO, 2015)

These sections are considered the replacement program for the test year, and
the assumption is made that the cable in these sections is addressed in a

manner that mitigates the effect of any actual outages in the test year
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7. The improved system SAIFI and SAIDI are recorded for comparisons to the
baseline, and the procedure repeated for cable replacement efforts at 50 miles,
75 miles, 100 miles, 125 miles, and 150 miles to represent potential program
expansions
Paired comparisons of SAIFI and SAIDI are developed for all manual and
machine learning methods across all length iterations. The single-tailed Wilcoxon Signed
Rank Test, nonparametric statistical evaluation similar to the t-test, is performed on the
SAIFI and SAIDI results to test if machine learning reliability metrics are significantly
lower, and therefore better, than the manual methods, confirming an overall improvement
(Whitley and Ball, 2002).
H,y: The two methods follow the same distribution

H;: The second method improves SAIFI signifiantly better than the first
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Chapter 4 - Results

4.1 Introduction

Building upon the methods introduced in Chapter 3, data for the analysis will be
compiled and cleaned for ease of use and applicability. Phase 1 will attempt to fit an
appropriate distribution to the URD system data in order to identify significant factors
driving cable failures. Phase 2 will assess the ability of several manual methods and
machine learning algorithms to predict outages through a series of tests. Chapter 4
culminates in a simulated program designed to evaluate the most accurate method’s
impact on system reliability.
4.2 Data

Data utilized in the Phase 1 and Phase 2 analysis will include measurable URD
cable system and local environmental factors identified as drivers of outage events in
previous studies (Steennis and Kreuger, 1990; Verweij, 2017). Sources both internal to
PECO and external of the company will be used to develop an overall picture of the
operational parameters found to accelerate cable failures. All URD system data is
combined into one formal spreadsheet, arranged and sorted for efficient analysis, and
cleaned to remove extraneous details and repeat information.

4.2.1 Data to be Included in Analysis

As discussed in Chapter 2, a substantial number of studies have identified
electrochemical treeing as the primary vector of failure for direct-buried, unjacketed,
polyethylene URD cable, which served as the primary method of residential electric
infrastructure construction in the United States between the 1960s and mid-1980s

(Steennis and Kreuger, 1990). Additionally, other operational and environmental factors
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were found to accelerate and compound the effects of treeing (Lawson, 1988; Lanctoe et

al, 1979). To develop the most accurate model of URD cable failures possible, the

following data will be included in the analysis as variables for study:

Dependent Variable

URD Cable Failures: number of outage events within a URD system
limited to those specifically determined to be caused by an issue with

cable integrity or continuity

Independent Variables

Cable Age: number of years a URD cable system has been in service as
determined by energization premise date

Length of Cable: total installed length of URD cable in miles

Number of Customers Served: total number of customers served from the
URD cable system

System Voltage: operational voltage of the URD cable system (2.4kV,
4kV, 13kV, or 34kV)

Peak Loading: highest seasonal load demand for a URD cable section in
volt-amperes

Depth to Water Table: total distance below grade to the water table in
centimeters

Available Water Supply (AWS) to 150cm: total available water in
centimeters available within the first 150cm below grade

Soil Reaction pH: acid/base reactivity of the soil on the pH scale

4.2.2 Data Sources
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Data for URD systems was obtained via two primary sources: PECO Electric and
the USDA. Within PECO, system installation and operational parameters including cable
age, length, customer count, voltage, location, and loading data for all URD systems are
pulled directly from internal asset management systems. Outage history is queried via the
PECO Outage Management System (OMS), which records detailed information on event
date, time, duration, failed equipment, and crew notes pertaining to the repairs required.
Towards the end of 2012, PECO electronically linked the internal asset management
systems with OMS, allowing for system operational parameter and outage data to be
combined into a single dataset based on the unique alphanumeric URD fuse ID number,
which acts as designators for each URD cable section. Verweij et al (2017) identify this
asset management / OMS link as an uncommon practice for electric utilities, eliminating
the need merge the two systems through GIS or some similar method.

The WSS is an online access point for the Soil Survey Geographic Database
(SSURGO), compiled and maintained by the USDA Natural Resources Conservation
Service (NRCS), acting ““as the single authoritative source of soil survey information” for
the United States (USDA, 2019). Soil and environmental data collected through survey
and laboratory analysis is available to the public for planning purposes (USDA, 2019).
Maps and databases specific to each county within the PECO service territory were
downloaded from the USGS WSS, version 3.3, in May of 2019, and compiled using the
ArcGIS ArcMAP application, version 10.7 (ESRI, 2019). The locations of all 11,700
URD circuit sections were imported into this map and aligned using latitude and
longitude specific to each location, as illustrated in Figure 4-1. When both the USDA

environmental and PECO URD location files were merged using a “spatial joint” within
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GIS, soil data for each individual URD section could be collected and compiled for use in

this analysis.

PECO SEVICE TERRITORY
Philadelphia and Surrounding Counties

Pennsylvania

Figure 4-1: PECO Service Territory URD Circuit Section Locations Aligned with the
USDA WSS SSURGO Database

The USDA WSS SSURGO database provided near-universal data coverage for
the population of URD circuit sections without the need for independent outside testing,
which was determined to be cost and schedule-prohibitive. The dataset was not fully
complete, however; pH data for approximately 4,000 of the URD locations was
unavailable and addressed using multivariate imputation by chained equations (MICE).
The MICE method based on random forest calculations outlined by Shah et. al. (2014)
was found to provide unbiased, accurate results in that study, and utilized within this
research to impute missing values. As per Kang (2013):

“Multiple imputation has been shown to produce valid statistical inference that

reflects the uncertainty associated with the estimation of the missing data.

Furthermore, multiple imputation turns out to be robust to the violation of the

normality assumptions and produces appropriate results even in the presence of a

small sample size or a high number of missing data.”
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The mice package for R Software version 3.6.0 was used to approximate missing values
with existing location data for the total set of URD circuit sections (van Buuren and
Groothuis-Oudshoorn, 2011; R Core Team, 2019).

Environmental and soil data obtained from the USDA WSS SSURGO included
the following:
e Depth to Water Table: distance below grade in cm to the water-saturated
layer of soil (USDA, 2019)
e AWS to 150 cm: volume of water in cm available for vegetation in the
layer of soil between grade and 150 cm (approximately 5ft), accounting
for impermeable rock (Haberle & Svoboda, 2015; USDA, 2019)

o As soil moisture is a known factor contributing to URD cable
failures (Steennis and Kreuger, 1990), and most URD is installed
within 5ft. of grade, it is theorized that water available to plants
will also be available to infiltrate direct-buried cable, correlating to
higher levels of observed outage events as described in H1

e Soil Reaction (pH): measure of the soil acidity/alkalinity based on the pH
scale, with all soils falling within an acidic range of 6.8 to 4.0 (USDA,
2019)
4.2.3 Combining, Sorting, and Cleaning Data
All location and operational parameter data obtained through internal PECO asset
management systems was compiled into one central spreadsheet using Microsoft Excel
through Microsoft Office 365 (version 16.0.11727.20230). The unique URD circuit

section alphanumeric fuse ID number was used as the primary identifier; the mainstem
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circuit the URD cable section is fed from is used as the secondary identifier. Next,
information retrieved from the USGS WSS SSURGO database was next added and tied
to the specific fuse ID. Finally, the PECO OMS was queried for outages associated with
each individual URD circuit section. This resulted in a full dataset of 11,729 URD circuit
sections with detailed information broken down into four categories: (1) Location Data,
(2) Operational Parameters, (3), Environmental Factors, and (4), Outage History.

For the six-year period running from 2013 through 2018, PECO experienced
10,135 URD cable system outage events within the utility service territory for several
reasons, some of which are cannot be addressed through proactive cable system upgrades
as are the target of PECO’s URD Programs (PECO, 2015). As described in detail in
Chapter 2, the primary historical driver for outages within any typical URD system is
cable failure, and the focus of this research is reducing the frequency and impact of these
events. The first step in identifying outages associated specifically with cable was to sort
and arrange all outages by type/source. Nineteen (19) categories of events were
developed, as detailed in Table 4-1. This used key equipment and causation tags within
the system used to identify and track outages. The second step involved text searches for
key terms within field comments that could be used to identify and categorize an outage
tagged as “unknown.” Search terms included but were not limited to cable failure, cable
fault, between elbows, cable replacement, temporary cable, or instances where the outage
was handed over to any contractor on the PECO system that specifically replaces or

repairs underground cable.
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Number

Type of URD Outage Event of URD Examples

Outages
Underground Equipment - Other 55 Failed underground splice
Aerial Transformer 76 Failed aerial transformer
Pole/Crossarm 77 Broken terminal pole feeding URD
Human Performance 92 Human error leading to outage
Customer Equipment 123 Failed meter connection equipment
Loadbreak Elbow 138 Failed elbow on padmount transformer
Ok on Arrival 141 False alarm
Aerial Cable/Wire 147 Aerial cable feeding URD fails
Lightning 191 Lightning damage to URD
Unknown 195 No apparent cause
Public Damage 245 Contractor excavating hit cable
Aerial Equipment - Other 255 Failed aerial splice
Wildlife 376 Animal contact
Weather 393 Storm damage
Vegetation 447 Falling tree contact with aerial facilities
Aerial Switch/Fuse/Cutout 519 Failed aerial fuse
Intentional 576 Emergency shutdown for switching
Underground Transformer 720 Failed submersible transformer
Underground Cable 3825  Failed cable
Grand Total 8591

Table 4-1: URD Failure Categories and Examples
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Primary Drivers of URD Outage Events, 2013 Through 2018
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Figure 4-2: Number of URD Events, 2013 Through 2018, by Category

As anticipated, underground cable failures were the single largest source of URD
system outages by a wide margin, accounting for just under 40% of all events as
illustrated in Figure 4-2. This is over five times larger than the next most prevalent outage
vector, underground transformer failures. As this research primarily focuses on prediction
of cable failures, only the 3825 cable-related events will be included in the analysis.
Future research could investigate the effect of other outage vectors on the performance of
URD cable systems.

4.2.4 Final Research Dataset

The resultant dataset for use in this research is a comprehensive history of URD

cable performance from the beginning of 2013 through end of 2018. Every individual
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URD cable section includes locational, operational, environmental, and failure data for
analysis. For each phase of the study, data will be allocated in five-year timespans:

e Phase 1 will use data for the five-year period between 2014 and 2018 to
identify the measured variables that are statistically significant predictors
of cable failure

e Phase 2 will use data from the five-year period between 2013 and 2017 to
test prediction outcomes of several forecasting methods against actual
2018 outage data

Analyzing data across a five-year period is standard practice both at PECO and other
electric utilities (PECO, 2015; Verweij et al, 2017). Gil (2011), for example, states the
intention of this timeframe is to model and understand cable degradation as a function of
time, and not the effect of design and operational changes that could affect failure rates:
“analyzing only the most recent data captures the current state of the cable.” A sample of
the full URD raw dataset is included in Appendix A.
4.3 Phase 1 Analysis of Data to Determine Significant Regressors

Identification of significant regressors leading to an increased number of URD
cable failures requires first understanding the composition and shape of the outage data.
Once an adequate picture of the cable event data is established, it is fit to multiple
distribution models. Using the Log Likelihood Ratio test, AIC, and BIC, the best model is
identified. The most significant predictors within the selected model will be considered
the primary drivers for URD cable failure. As a final confirmation check, the results of
the model will be compared to the variables found to be most important when analyzed

using a random forest (Liaw and Wiener, 2002) through R.
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4.3.1 Composition and Shape of the URD Outage Data

Using the XLSTAT (version 21.1.58328) extension for Microsoft Excel, a
histogram of URD cable failures was developed, as illustrated in Figure 4-3. With the
heavy density of zeros within the data, the diagram suggests that standard probability
distributions like the Normal Distribution will not be optimal for analysis, as was
anticipated in Chapter 3. To confirm this, outage information was subjected to a
distribution fit test, again using XLSTAT. Per Table 4-2, results indicate a negative
binomial regression as the best fit; this is the only distribution returning a p-value greater
than zero. Additionally, Johnson and Box-Cox transformations through Minitab (version

18.1.0.0) to normalize the data were unsuccessful.
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Figure 4-2: Histogram of URD Cable Events, 2013 Through 2018
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Distribution p-value

Beta4 0.000
Negative binomial (1) 0.000
Negative binomial (2) 0.397
Exponential 0.000
Fisher-Tippett (1) 0.000
Gumbel 0.000
Logistic 0.000
Normal 0.000
Normal (Standard) 0.000
Poisson 0.000
Student 0.000

The distribution that fits best the data for the goodness of fit test

is the Negative binomial (2) distribution.

Table 4-2: XLSTAT Distribution Fit for URD Cable Events, 2013 Through 2018
Next, dispersion of the failure data was tested using the methods presented by
Dormann (2016), utilizing the R Software AER package (Kleiber and Zeileis, 2008).
Outage information was fit to a Poisson model using the g/m function of the stats package

(R Core Team, 2019) and run through the dispersiontest algorithm, as shown below in

Table 4-4:

72



Call:
glm(formula =

EVENTS ~ VOLTAGE + PEAK + AGE + CUSTOMERS + LENGTH

WATER TABLE + AWS5150 + PH, family = poisson, data = URD)

Deviance Residuals:

+

Min 1Q Median 3Q Max
-8.1298 -0.6840 -0.4591 -0.2876 9.7145
Coefficients:

Estimate Std. Error z value Pr(>|z])

(Intercept) -4.85le+00 2.780e-01 -17.449 g 2e=-16 **%
VOLTAGE 2.399e-02 1.6149e-03 14.867 [ 28-16 **x
PERK 1.110e-03 4.219%e-05 26.306 . 2e=16 **n
AGE 8.023e-02 1.786e-03 44.510 ! 2e=-15 **%
CUSTCMERS 1.615e-03 1.953e-04 B.274 ! 26-16 ***
LENGTH 7.12%e-02 2.136e-02 3.337 0.000846 ***
WATER TABLE 2.988e-04 2.356e-04 1.268 0.204802
AWS150 4,257e-03 2.576e-03 1.652 0.098488
PH -5.297e-02 4.152e-02 -1.276 0.201985
Signif. codes: O ‘“¥**r g Q01 “**f Q.01 “*f 0.05 *." 0.1 ' 1

(Dispersion parameter for poisson family taken to be 1)

Null deviance: 16135 on 11728 degrees of freedom
Residual deviance: 11042 on 11720 degrees of freedom
ATC: 14680

Number of Fisher Scoring iterations: 7

> dispersiontest (URDP)
Overdispersion test

data: URDP
10.421,
alternative hypothesis:
sample estimates:
dispersion

2.324558

z = p-value < 2.2e-16

true dispersion is greater than 1

Figure 4-4: Dispersion Test for URD Failure Data Using R Software
The test indicates overdispersion, which occurs when there is greater variability in a
count dataset than anticipated, with the variance exceeding the mean (Hoffman, 2016;
Dormann, 2016). Along with a substantial number of zero counts, the overdispersion of
the data suggests the distribution may be zero-inflated and within the negative binomial
family (Martin and Hall, 2017).

4.3.2 Distribution Model Fitting
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The standard Poisson, standard negative binomial, ZIP, ZINB, ZAP, and ZANB
models were fit to the data using the R Software MASS and pscl packages (Venables and
Ripley, 2002; Jackman, 2017). Additionally, Log Likelihood Ratio tests, AIC, and BIC
were calculated to assess the goodness-of-fit for each distribution. Results of the Poisson
and negative binomial regressions are presented in Table 4-3, ZIP and ZINB in Table 4-4,
and ZAP and ZANB in Table 4-5. The “Count Model” is the discrete distribtution part of
the model that determines the number of outages, while the “Zero-Inflation Model”

calculates whether the URD circuit section is susceptible to outages (if the count is “0”).
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Poisson Negative Binomial
Count Model Count Model
Estimate SE Estimate SE
(Intercept) -4 . 9E+00*** 2.8E-01 -3.7E+00*** 4.8E-01
VOLTAGE 2.4E-0Q2%** 1.6E-03 1.3E-02%*** 2.9E-03
PEAK 1.1E-Q3%** 4.2E-05 3.8E-Q3#** 2.0E-04
AGE 8.0E-02%** 1.8E-03 8.3E-02%** 3.0E-03
CUSTOMERS 1.6E-03%** 2.0E-04 1.1E-03 6.9E-04
LENGTH 7.1E-Q2%** 2.1E-02 -2.8E-Q1#** 5.8E-02
WATER _TABLE 3.0E-04 2.4E-04 -8.7E-05 4.2E-04
AWSI150 4.3E-03 2.6E-03 -1.7E-03 4.6E-03
PH -5.3E-02 4.2E-02 -2.9E-0Q] *** 7.2E-02
LOG(THETA) -- — - -
Zero-Inflation Model Zero-Inflation Model

(Intercept) -- - -- --
VOLTAGE - — — -
PEAK -- -- - -
AGE -- -- — -
CUSTOMERS -- -- - -
LENGTH -- -- — —
WATER TABLE - -- - -
AWSI150 -- -- — —
PH -- -- -- --

Log-likelihood

~7331.147 (df=9)

-5684.587 (df=10)

AIC 14680 11389
BIC 14747 11463
LL-Ratio Test 0.0000%*** 0.0000%***
Significance: 0 “***>  (0.001 “*** 0.01 “*’

Table 4-3: Regression Analysis for the Poisson and Negative Binomial Distributions
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Zero-Inflated Poisson

Zero-Inflated Negative

Binomial
Count Model Count Model
Estimate SE Estimate SE
(Intercept) -1.9E+00*** 3.9E-01 -3.4E+00%** 4.9E-01
VOLTAGE 1.8E-03 2.7E-03 -2.6E-(2%%* 3.3E-03
PEAK 1.0E-Q3%#** 1.1E-04 2. 7TE-03%%* 2.0E-04
AGE 3.0E-Q2%*** 3.4E-03 8.8E-02*** 3.6E-03
CUSTOMERS -6.6E-04 4.2E-04 -7.4E-04 6.4E-04
LENGTH -4.2E-02 5.4E-02 -1.4E-01* 5.6E-02
WATER _TABLE 2.5E-04 2.8E-04 3.1E-05 4.3E-04
AWS150 1.3E-Q27%** 3.1E-03 5.1E-03 4.7E-03
PH 1.2E-01%* 5.9E-02 -1.4E-01* 7.7E-02
LOG(THETA) — — -6.6E-01*** 6.3E-02
Zero-Inflation Model Zero-Inflation Model
(Intercept) 2. 2E+00*** 5.9E-01 2.5E+00%** 1.3E+00
VOLTAGE -1.4E-Q2%*** 3.5E-03 -3.2E-01%%** 2.2E-02
PEAK -3.2E-Q3*** 3.3E-04 -1.0E-02*%*%* 2.1E-03
AGE -6.7E-Q2%*** 4.3E-03 3.6E-02%** 9.6E-03
CUSTOMERS -3.5E-03%*%* 1.3E-03 -2.1E-03 4.3E-03
LENGTH 3.1E-Q1*** 8.7E-02 -5.6E-01 3.5E-01
WATER TABLE 5.2E-04 4.9E-04 -1.3E-03 1.1E-03
AWSI150 1.8E-02%* 5.4E-03 3.4E-02%* 1.3E-02
PH 3.9E-Q1*** 8.9E-02 -4.1E-02 2.0E-01
Log-likelihood -5785.467 (df=18) -5369.339 (df=19)
AIC 11607 10777
BIC 11740 10917
LL-Ratio Test 0.0000%*** 0.0000%**
Significance: 0 “***>  (0.001 “*** 0.01 “*’ A ¢* when model reduced

Table 4-4: Regression Analysis for the ZIP and ZINB Distributions
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Zero-Hurdle Poisson

Zero-Hurdle Negative

Binomial
Count Model Count Model
Estimate SE Estimate SE
(Intercept) -1.8E+00*** 3.6E-01 -2 . 5E+00*** 6.3E-01
VOLTAGE 3.3E-03 2.2E-03 4.2E-03 4.3E-03
PEAK 9.6E-04*** 5.8E-05 1.6E-Q3%** 2.0E-04
AGE 2.8E-02%** 2.7E-03 3.5E-Q2%** 5.1E-03
CUSTOMERS -4.4E-04 2.7E-04 -3.7E-04 6.6E-04
LENGTH -2.9E-02 3.1E-02 -8.8E-02 6.8E-02
WATER _TABLE 3.3E-04 2.8E-04 4 9E-04 5.4E-04
AWS150 1.3E-02%*** 3.0E-03 1.7E-02%* 5.9E-03
PH 1.2E-01%* 5.3E-02 1.7E-02 9.6E-02
LOG(THETA) — — -4.3E-01* 2.0E-01
Zero-Inflation Model Zero-Inflation Model
(Intercept) -3.8E+00*** 4.9E-01 -3.8E+00*** 4. 9E-01
VOLTAGE 1.5E-02%*** 3.0E-03 1.5E-Q2%** 3.0E-03
PEAK 3.4E-Q3*** 2.7E-04 3.4E-Q3*** 2.7E-04
AGE 8.1E-Q2%*** 3.1E-03 8.1E-02%*** 3.1E-03
CUSTOMERS 2.3E-03** 8.2E-04 2.3E-03** 8.2E-04
LENGTH -3.0E-Q *** 6.5E-02 -3.0E-Q *** 6.5E-02
WATER TABLE 4.3E-04 4.3E-04 -4.3E-04 4.3E-04
AWSI150 -1.0E-02* 4.7E-03 -1.0E-02* 4.7E-03
PH -3.0E-Q1*** 7.5E-02 -3.0E-Q1*** 7.5E-02

Log-likelihood

-5792.578 (df=18)

-5563.628 (df=19)

AIC 11621 11165
BIC 11754 11305
LL-Ratio Test 0.0000%*** 0.0000%***
Significance: 0 “***>  (0.001 “*** 0.01 “*’

Table 4-5: Regression Analysis for the ZAP and ZANB Distributions
Of all the distribution models tested, the ZINB is the best fit for the URD cable
fault data based on AIC and BIC. As illustrated in Figure 4-5, all three negative binomial-
based regressions fit better than the Poisson-based regressions, which is likely due to the
dispersion factors offsetting the overdispersion identified above. Additionally, the dataset

can also be confirmed as truly zero-inflated, since the zero-inflated and hurdle models
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perform better than the standard models, especially regarding the Poisson distribution.
All models are better fits than the intercept-only null models, as indicated by the near-
zero values of the Log Likelihood Ratio tests. Full results of all models are available in
Appendix B, including the raw R output and stepwise regressions, where the least
significant factors were iteratively removed between tests.

Goodness-of-Fit Comparison of AIC and BIC
(Smaller Values are Indication of Better Fit)

15000
14000
13000
12000
11000
10000
ZINB ZANB Negative ZIP ZAP Poisson
Binomial
mAIC 10777 11165 11389 11607 11621 14680
mBIC 10917 11305 11463 11740 11754 14747

Figure 4-5: Comparison of AIC and BIC Results
Within the ZINB, most of the results are intuitive. Voltage and age are
consistently significant regressors across both the count and zero-inflation portions of the
model. As voltage for a URD circuit section increases, the number of outages decreases;
this is accurate, since the highest voltage cable used in URD on the PECO system, 34kV,
accounts for over half the cable length, but less than 35% of the outages. Similarly, it is
known that as a cable ages, nearing its useful service life, the likelihood of experiencing

and outage increase, which is also consistent with the results of the ZINB. Standard error
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for both parameters is also relatively low compared to the value of the regressors, which
should provide stability.

Average Water Supply to 150cm was also significant within the zero-inflation
calculation, which is corresponds directly with the available research identifying the role
moisture plays in electrochemical treeing, and ultimately, the risk of whether a cable will
fail or not. Length exhibits some significance for determining the number of outages; if a
cable is at risk for failure, when there is physically more of it installed, there is more of it
that can potentially fail. Upon completion of the stepwise regression on the ZINB model,
pH is also significant. Lower values of pH indicate more acidic, reactive soil conditions,
which could affect the integrity of the cable, increasing the tendency to fault. Standard
error for these regressors is higher than for voltage or age, indicating less stability in the
model for these parameters.

Peak loading is also a highly significant variable across both portions of the
model; however, the sign changes between. This indicates that cable sections with higher
loading have a lower overall probability of experiencing a fault, but once faults do occur,
there are potentially more failures for higher-loaded systems. The condition is exclusive
to the ZINB and ZIP models; ZAP and ZANB hurdle models are consistent in that higher
loading is associated with higher outage probability and frequency. There is no
immediate explanation in the literature as well, with Lanctoe et al (1979) finding that
lower electrical stress leads to longer service life. Future research, including laboratory
simulation studies, may be able to determine a reason for this inverse relationship.

The ZINB regression was next compared to the results of a random forest (Liaw

and Wiener, 2002) model run through R. The most significant variables in the random
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forest were identified using the importance function, with the results shown in Figure 4-
6. Additional categorical variables for location (Region and County) were added to
understand their importance relative to the established continuous and count variables.
Age, voltage, and peak loading, the most significant variables in the ZINB model, are
also the most significant in the Random Forest model in terms of MSE. Length and
Average Water Supply to 150cm fall in the middle of the importance range for the
machine learning algorithm, and less significant than the primary variables in the zero-
inflated model. pH, while somewhat influential in the ZINB, is towards the bottom of the
MSE importance scale, along with County, Region, and Water Table depth. Finally,
customers, while not significant in the regression, is somewhat important in the random
forest. This is interesting, as customer count is a key component of all key reliability
metrics, as described in Section 2.2.3. During Phase 2, random forest models will be
investigated to determine their ability to predict outages, and accounting for total

customers by extension accounts for overall reliability performance.
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Figure 4-6: The Most Significant Variables for Predicting Cable Failures as Identified by
a Random Forest
Through Hypothesis 1, this study intended to prove that age, loading, system
configuration, and environmental factors are significant contributors to URD cable
failure. By fitting a zero-inflated negative binomial distribution to the outage data, these
factors were found to be significant regressors for predicting cable events. Age, peak

loading, voltage, length, AWS150, and pH will be used in Phase 2 to determine the best
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method to predict URD cable system outages and evaluate the overall reliability impact
of incorporating these models into program planning.
4.4 Phase 2 Evaluation of Machine Learning Algorithms

Phase 2 begins with a sorting the data into test and train sets which will be used
for the evaluation of prediction methods. Manual methods of outage forecasting will be
evaluated against machine learning algorithms, with the goal of identifying the best
strategy in terms of accuracy and reliability impact. Finally, Phase 2 closes with a
simulated program exercise designed to illustrate the power of the strongest method to

improve key reliability metrics.

4.4.1 Data Set Preparation

The primary focus for URD program planning at PECO centers around
maximizing the replacement of cable installed prior to 1984 (PECO, 2015). It is generally
understood that these older URD systems are almost exclusively unjacketed, direct-
buried polyethylene cable, which was shown through the latter half of Chapter 2 to
experience higher cable failure frequencies and reduced service life. In order match the
research as closely as possible to existing operational and program management
parameters, data for cable that was installed since 1984 is removed from the data
population and will not be included in Phase 2. The resulting subset of 4220 cable
sections will comprise the training and test data used to evaluate prediction methods.

As illustrated in Section 4.3, cable failure data is weighted heavily towards a zero
count and was confirmed as zero-inflated in the Section 4.3.2. If the dataset was simply
split using a typical 70% train / 30% test breakdown without accounting for this

distribution, the training set, testing set, or potentially both could be heavily skewed. To
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address this, the raw data for Phase 2 is partitioned into separate bins: URD circuit
sections that have experienced outages, and those that have not. These sets are then
further split 70% / 30% and recombined into individual 70% training and 30% test sets,

ensuring an approximately even distribution of outages, as shown in Figure 4-7.

‘ Full Dataset of Pre-1984

URD Cable Systems
Pre-1984 URD Pre-1984 URD
Cable Systems [« » Cable Systems

With Outages Without Outages
.| 30% With | 30% Without |
Outage Test Outage Test
30% Final
! Test Set I

70% With | 70% Without
Outage Train | Qutage Train

| 70% Final L

Training Set

Figure 4-7: Data Splitting to Ensure Even Outage Distribution

4.4.2 Testing Prediction Method Accuracy

To begin Phase 2, the selected machine learning algorithms were trained using the
caret package (Kuhn, 2019) #rain function in R and the 70% training set. All training was
run twice, using either the significant variables identified in Phase 1 (“PH1”) or all
available data (“All”). The notable exception were the Neural Networks, which had to be
trained manually to incorporate 1, 2, and 3 hidden neurons using only the Phase 1 data to
avoid convergence errors. Once the machine learning algorithms were trained within R,
predictions were developed for all methods, machine learning and manual, and imported
into the URD circuit section database for evaluation. Select results can be seen in Table

4-6; full results are available in Appendix C.
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Overall

Model Prediction Sensitivity Specificity Precision Recall Sfolre Kappa
Accuracy

f{feizzelghted 89.42% 0.363 0.958 0.505  0.363 0422 0.366
5-YR Average 89.42% 0.356 0.958 0.505 0356 0417 0361
1-YR Reactive  88.24% 0.341 0.947 0434 0341 0382 0318
Crow-AMSAA  89.42% 0.304 0.965 0.506 0304 0380 0.326
ZINB 69.46% 0.126 0.762 0059  0.126 0.081 -0.075
I;;}gigjftwork 89.74% 0.452 0.951 0521 0452 0484 0.427
T;Eﬁigftwork 89.27% 0.444 0.946 0496 0444 0469 0.409
i‘i‘lndomF orest 29199 0.437 0.946 0492  0.437 0.463 0403
i‘flgresmﬂree 86.98% 0.474 0.917 0405 0474 0437 0364
gﬁglress“’”ree 86.98% 0.474 0.917 0405 0474 0437 0364
ﬁf_‘lnldomForeSt 88.71% 0.422 0.943 0467 0422 0444 0381
I;;}Eﬁigftwork 88.24% 0.393 0.941 0442 0393 0416 0351
KNN PHI 87.29% 0378 0.932 0398 0378 0388 0317
Cubist PH1 88.56% 0.370 0.947 0455 0370 0.408 0.346
GMB All 89.27% 0.363 0.956 0495 0363 0419 0361
XGBoost All 89.74% 0.348 0.963 0528 0348 0420 0.366
XGBoost PH1 89.42% 0.348 0.959 0505 0348 0412 0356
Cubist All 88.56% 0.341 0.951 0451 0341 0388 0326
M5P All 89.58% 0.333 0.963 0517 0333 0405 0351
Bag All 89.42% 0.326 0.962 0506 0326 0396 0.341
KNN All 87.21% 0.319 0.938 0381 0319 0347 0277
Bag PHI 89.58% 0.304 0.966 0519 0304 0383 0331
M5P PHI 89.34% 0.274 0.967 0.500 0274 0354 0301
GMB PH1 83.03% 0.044 0.924 0.065  0.044 0.053 -0.037
Average

(Z%%“;T(‘lgGBM 88.8% 0.371 0.950 0474 0371 0412 0352

PH1 Outliers)

Table 4-6: Results of Accuracy Testing for the Prediction Models

For the manual methods, the 5-Yr Weighted Average, 5-Yr Straight Average, and

Crow AMSAA provided the highest Overall Prediction Accuracy at 89.4%. Both average
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methods exhibited the lowest MAE and RMSE, as well as the highest Kappa Statistic and
F1 Scores. The 1-Yr Reactive accuracy metrics fell just below average for manual and
machine learning methods (excluding ZINB and GBM PH1, which were low outliers).
The ZINB provided the second lowest accuracy scores overall for all methods tested.
This may be due to outliers within the outage predictions ranging from approximately -16
to over 60; the resulting in MAE and RMSE were approximately four times higher than

the average, and F1 Scores and Kappa Statistics substantially lower.

Crow-AMSAA provided very interesting results, primary due to the calculation
method detailed in Section 3.3.1. Prediction accuracy drops dramatically when the total
number of outages for a circuit section is less than three. If there are only two points to
consider, the time between failures can drive the B and A variables to extremes, leading to
incalculably high forecasts for the number of events. While no formal minimum limit for
outages appears in the literature, ReliaSoft, a developer for Crow-AMSAA-based
reliability software not used in this research, claims at least three unique failures are
required for an accurate model (ReliaSoft, 2017). To account for this, only URD circuit
sections with three or more events were tested, and the remaining URD circuit sections
assigned a “0” outage prediction. This drove the Overall Prediction Accuracy and
Specificity for Crow-AMSAA to among the highest of all methods; however, the
Sensitivity, Recall, Kappa Statistics, and F1 Scores were lower than both the Weighted
and Straight Averages due to a substantial number of False Negatives (Type II error). For
UDR cable replacement forecasting, Type II error represents missed outages that have a

direct impact on system reliability.

85



For the machine learning algorithms, Neural Networks, Regression Trees, and
Random Forest were the top performers. The Neural Networks with One and Two
Hidden Neurons fared better than model with Three Hidden Neurons. The latter Three-
Neuron method provided a larger number of False Negative and False Positive results
when compared to the more accurate Neural Networks, which could suggest overfitting
as described by Lantz (2015). The Neural Network with Two Hidden provided the
highest Overall Prediction Accuracy, Kappa Statistic, and F1 Scores of all methods

tested, with the single Hidden Neuron model following very close thereafter.

Both the Random Forest model using all variables and the version limited to the
variables identified in Phase 1 provided higher than average prediction accuracy
performance, as well Kappa Statistic and F1 Scores. Most interesting, however, is how
close these two models are overall. This may be due to the feature selection and
prioritization inherent within the Random Forest package. The model utilizing all the
available data may have an edge, as it is actively incorporating the Customers metric into
the forecast. From Phase 1, this covariant was identified through the Random Forest
importance function (Liaw and Wiener, 2002) as a key variable, as visualized in Figure

4-6.

Regression Trees provided the highest Sensitivity, which is a direct measure of
True Positive prediction performance, at 0.474 (47.4%). This is offset, however, by the
highest False Positive (Type I error) total of all machine learning algorithms, which
drives down Precision, the F1 Score, and the Overall Prediction Accuracy metrics. Type I
errors for URD prediction represent cable sections identified as at risk of outages within

the test year that do not ultimately experience an event. Additionally, like Random
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Forest, the feature selection within the Regression Trees is very powerful; there are only
fractional differences between the predictions using all available data and the most

significant variables from Phase 1.

The zero inflation for URD circuit sections established on Phase 1 drove Overall
Prediction Accuracy for all methods to near 90%. These results can be misleading,
however, as a null model that would predict zero outages for all systems would be correct
89.3% of the time. This highlights the importance of evaluating models on Sensitivity,
Specificity, Precision, Recall, F1 Score, and Kappa Statistic as part of a complete

understanding of outage forecasting ability.

Overall, the top performing machine learning algorithms (Neural Networks,
Random Forest, Regression Trees) were able to more accurately predict which URD
cable sections experienced a failure in terms of Sensitivity (True Positive rate) when
compared to manual methods. Conversely, manual methods exhibited higher Specificity
(True Negative rate). This difference is primarily driven by the ability of machine
learning algorithms to forecast events using system parameters beyond the number of
outages in the previous five years. False Positives (Type I error) tend to be higher for
these methods, while False Negatives (Type Il error) are lower. In practice, a stronger
machine learning method forecast will be less likely to miss URD circuit sections
experiencing events but may predict outages that do not occur in the target timeframe.
When True Negative rate is mitigated using F1 Score, the highest preforming machine

learning algorithms outpace the best manual methods.

The remaining machine learning algorithms did not provide accuracy results that

would directly compete with the manual methods beyond Neural Networks, Random
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Forests, or Regression Trees. This was especially surprising for XGBoost and GBM,
which provided strong results in the literature (Gomez-Rios, 2017). These algorithms
provided average results, apart from the GMB PH1, which returned a Sensitivity (True
Positive accuracy) less than 5% (0.044). Future research could focus on investigating the
low-to-average performance of these algorithms, potentially identifying methods that
could be used to optimize results, targeting accuracy in line with the more successful

machine learning tools.

4.4.3 Testing Outage Impact Ranking

Both the 5-Yr Weighted Average and the 5-Yr Straight Average returned better
accuracy results than the 1-Yr Reactive, Crow-AMSAA, and ZINB manual models, and
were the only two that performed above the average in terms of F1 Score and Kappa
Statistic. These two methods were used as the basis of evaluation for the selected Neural
Network 2, Neural Network 1, and Random Forest All algorithms for ranking the impact
of outages. The Regression Tree PH1, Regression Tree All, and Random Forest PH1
were down-selected for outage impact testing as they did not provide average F1 Scores
and Kappa Statistics +10% greater than average. The test set was reduced for the analysis
to the subset of 135 URD circuit sections experiencing a cable failure in the test year.
This smaller set was utilized to mitigate the effect of zero inflation on the ranking,
focusing on the ability of the model to identify and quantify cable failures with the
greatest impact to standard reliability metrics. To achieve this, circuit SAIFI was
calculated for each section based on predicted outages and customer counts as presented

in Chapters 2 & 3.
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The 135 URD circuit sections were then ranked in order of descending circuit
SAIFI and compared to the actual circuit SAIFI rankings determined using the outage
count for each section in 2018. The Spearman’s Rho and Kendall’s Tau Rank Correlation
Coefficients were calculated for each model, converted to Pearson Correlation
Coefficients, and transformed using Fisher’s Z-transformation. This provided a direct
method to statistically test the rankings of the manual methods against the machine

learning algorithms via the Z test statistic.

Results of this comparison are found in Table 4-7. The low p-values established
through the test indicate the machine learning algorithms rank the severity of URD
outage events significantly better than the manual methods. This is a key finding for the
research, as it highlights the ability of Neural Networks and Random Forest models to not
only predict events more accurately than manual calculation but to provide an avenue for
reducing the overall impact of outages on customers as well. If these machine learning
algorithms are incorporated into a programmatic approach for targeted cable replacement
based on accurate prediction, future outages can be avoided more quickly than with
manual methods, which improves key reliability metrics like SAIFI and SAIDI and

provides an overall better experience for utility customers.
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5-YR 5-YR Neural Neural Random

Model Weighted  Straight | Network Network  Forest

Average  Average 2 1 All
Number of Observations 135 135 135 135 135
Spearman's Rho 0.6810 0.6810 0.8968 0.8952 0.8773
Pearson's Conversion 0.6981  0.6981 | 0.9050 09035 0.8984
(Spearman)
Fisher Z Transformation 0.8636 0.8636 1.4989 1.4912 1.5073
Average
p-value vs. 5-Yr Straight 0.0000 0.0000  0.0000
Average
Number of Observations 135 135 135 135 135
Kendall's Tau 0.5166 0.5219 0.7165 0.7210 0.7322
Pearson's Conversion 07253 07311 | 09025 09055 09128
(Kendall)
Fisher Z Transformation 0.9188 0.9310 1.4855 1.5017 1.5443
Average
p-value vs. 5-Yr Straight 0.0000  0.0000  0.0000

Average

Table 4-7: Statistical Comparison of Circuit SAIFI Rankings

4.4.4 Simulated Program Testing Failure Prediction Methods

The final evaluation within Phase 2 involved revisiting the full test set of 1,267

URD circuit sections, 550 miles of pre-1984 URD cable, and approximately 50,000

customers. Neural Networks with 2 and 1 Hidden Neurons and a Random Forest model

incorporating all available system data were evaluated against 5-Yr Weighted and

Straight Averages in a multilevel program simulation. Each method was used to develop

outage predictions and SAIFI estimates for all URD circuit sections within the test set,

which were then ranked from least to most reliable. As detailed in section 3.3.7, outages

were then removed from each model starting with the highest SAIFI to replicate
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mitigation of cable failures that would be theoretically achieved by replacing the cable
ahead of the event. This was performed in iterations to simulate the effects of
programmatic efforts between 32 miles and 150 miles per year.

For example, for a 32 mile program, the worst predicted URD cable sections in
terms of estimated SAIFI performance totaling approximately 32 miles were considered
to be replaced in a way that failures associated with those sections never happen: the
program has successfully mitigated the outages that would have occurred otherwise. The
reliability improvements to overall system SAIFI and SAIDI realized by negating these
outages are calculated. System CAIDI, the average restoration time per outage, is held
constant for all URD circuit sections at the 5-year average of 150 minutes. Results of the
program simulation are presented in Table 4-8, with statistical evaluation using the

Wilcoxon Sign Test in Table 4-9.

91



5-YR 5-YR Neural Neural

Reliability Metric Weighted Straight Network 2 Network 1 Random
Average Average Neurons Neurons Forest All

Baseline System SAIFI 0.4317 0.4317 0.4317 0.4317 0.4317
Baseline System SAIDI 1.0793 1.0793 1.0793 1.0793 1.0793
Baseline System CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000
32 Mile Target 32.8 32.7 32.8 322 33.8
32 Mile SAIFI 0.2924 0.2921 0.2297 0.2718 0.2297
32 Mile SAIDI 0.7310 0.7304 0.5743 0.6795 0.5743
32 Mile CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000
50 Mile Target 51.3 51.2 50.5 51.9 50.6
50 Mile SAIFI 0.2563 0.2540 0.2156 0.2492 0.2047
50 Mile SAIDI 0.6407 0.6351 0.5390 0.6230 0.5117
50 Mile CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000
75 Mile Target 75.9 76.0 76.1 75.6 76.3
75 Mile SAIFI 0.2129 0.2159 0.1712 0.2122 0.1663
75 Mile SAIDI 0.5322 0.5397 0.4280 0.5305 0.4157
75 Mile CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000
100 Mile Target 102.1 100.1 100.3 101.8 100.3
100 Mile SAIFI 0.1847 0.1913 0.1431 0.1564 0.1345
100 Mile SAIDI 0.4617 0.4783 0.3578 0.3910 0.3363
100 Mile CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000
125 Mile Target 125.1 125.1 128.6 125.5 125.7
125 Mile SAIFI 0.1637 0.1566 0.1044 0.1418 0.1040
125 Mile SAIDI 0.4092 0.3916 0.2611 0.3544 0.2600
125 Mile CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000
150 Mile Target 150.4 151.1 153.3 150.4 150.7
150 Mile SAIFI 0.1397 0.1323 0.0894 0.1170 0.0918
150 Mile SAIDI 0.3492 0.3309 0.2236 0.2926 0.2296
150 Mile CAIDI 2.5000 2.5000 2.5000 2.5000 2.5000

System CAIDI constant at 5-year system average of 150 minutes per customer outage (2.5 hours)

Table 4-8: Program Simulation Results
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Wilcoxon

) Neural Network  Neural Network  Random Forest
Signed Rank

2 Neurons 1 Neurons All
Test p-value
5-YR Weighted 0016 0.016 0.016
Average
5-YR Straight 0.016 0.016 0.016
Average

p-value for 5-YR Weighted Average vs. 5-YR Straight Average: 0.281

Table 4-9: Wilcoxon Signed-Rank Test of SAIFI Improvements

Both One and Two Hidden Neuron Neural Networks and the Random Forest
models improved SAIFI and SAIDI through all ranges of cable replacement significantly
better than the manual methods. Random Forest provided the best overall results with a
20% to 35% improvement in reliability scores over the two 5-Year Averages depending
on mileage; the Two-Hidden Neuron Neural Network was very close behind at 15% to
36% improvements. The One-Neuron Neural Network showed a marginal improvement
between 32 and 75 miles but increased substantially from 100 miles to 150 miles. This
illustrates that machine learning algorithms are not only able to successfully predict
outages but appear to be able to assess and address the total impact as well. Additionally,
the reliability metric improvements show that these tools are able to identify zero counts
better for more efficient cable replacement planning.

For the Random Forest model utilizing all of the available data, and knowing that
customers are identified as a significant regressor within its core structure per Figure 4-6,
it seems a logic step to assume SAIFI, a function of both customers and outages, is
addressed. The model is simply using the metrics it determines the most important to
predict the target variable. What is more difficult to answer is how the prioritization of

URD cable sections efficiently addresses SAIFI within a Neural Network when the model
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was not trained on the number of customers. The training set used within the program
simulation utilized the factors identified in Phase 1 for training and prediction, as seen in

Figure 4-9.

VOLTAGE

LENGTH

AWS150

Error: 369.762561 Steps: 9417

Figure 4-9: Neural Network Used in the Program Simulation
Understanding this “black box™ algorithm is possibly obscured from users on purpose due
to the underlying complexity of the model, it may be functioning exactly as intended:
making inferences and developing conclusions similar to a biological brain (Lantz, 2015).
In lieu of customer count, the Neural Network may be using potentially related variables
like length and peak loading to draw some conclusion leading to the same outcome.
While the answer may be difficult to grasp, the results are clear; this machine learning
algorithm is an accurate, intuitive predictor that can be used successfully model URD

cable failures.
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Chapter 5—Discussion and Conclusions
5.1 Discussion

In a sense, URD cable systems came into being as a way for electric utilities to
improve the customer experience by removing unsightly infrastructure from the field of
view, installing it in a location where it would be safe from many of issues that affect
aerial facilities. Finding less expensive methods for implementation, including direct-
buried, unjacketed polyethylene cable with an anticipated service life of over half a
century could be viewed as customer-focused as well, since builders and utility providers
could avoid passing on the cost of more expensive underground construction methods.
Now, several decades later, the customer remains the priority; however, the primary
driver is improving the reliability of aging systems that are coming to the end of their
useful life.

The ability to accurately forecast and prioritize cable system failures and address
these events before they occur is key to improving reliability metrics, meeting regulatory
requirements, keeping customers satisfied, and ultimately increasing financial
performance. The primary focus of this praxis was to do just that: identify and test
methods for accurate prediction of cable events. This was accomplished in a two-part
approach guided by the following research hypotheses:

H1: Age, loading, system configuration, and environmental factors are significant

quantifiable predictors of URD cable failures

H2: Machine learning regression algorithms from among those considered in this

study will provide more accurate cable failure predictions than manual methods
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H3: When incorporated into a simulated proactive URD cable replacement
program, the most accurate machine learning methods will provide better
reliability metric improvements than the highest-performing manual methods

The body of existing literature is very clear on the primary drivers for URD cable
system failures, especially the electrochemical treeing of older polyethylene insulation
when in the presence of moisture, but not necessarily on how or to what extent these
factors interact. Research completed in the process of proving hypothesis 1 provides a
framework not only for quantifying significant regressors tied to URD cable failures, but
for determining a proper distribution model and fit for the data. Popular in other
industries including healthcare and finance, zero-inflated distributions were applied to
systems within the electric utility space. Beyond URD cable systems, these regression
models can be used to gain better understanding of failure modes for all parts of the
rapidly aging infrastructure as many forms of aerial and underground facilities reach the
end of their useful service life.

For hypothesis 2 and hypothesis 3, machine learning algorithms were tested
against manual methods of predicting failure events. The three-part approach first
evaluated the models on accuracy using common metrics like Sensitivity, Specificity,
Accuracy, Precision, Recall, Kappa Statistics, and F1 scores. The most accurate methods
were tested on their ability to successfully rank cable systems based on potential SAIFI, a
common reliability metric relating outage events with customer count to quantify impact.
Kendall’s Tau and Spearman’s Rho correlation coefficients were used to establish the
statistical significance of the ranks in comparison with other prediction methods. Finally,

the remaining three machine learning tools and two common manual methods of
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prediction were subjected to a program management simulation designed to test their
ability to accurately forecast the number and impact of outage events. All three
algorithms outperformed the manual methods, displaying marked improvements in
theoretical system SAIFI and SAIDI.

5.2 Conclusions

While popular in healthcare and finance, zero-inflated models are not widely
utilized in the utility space. This research illustrates how these methods can be applied for
the identification of key system predictor covariates and for the forecasting of count data,
most notably failure events. In this instance, the zero-inflated negative binomial
distribution was able to address both zero-inflation and overdispersion when compared to
other models.

Many common methods of evaluating and predicting reliability events depend
solely on one primary variable: failures. Crow-AMSAA and forecasting systems based on
historical reliability can be very accurate; however, they cannot be used to predict failures
in systems yet to experience an outage. Machine learning algorithms utilizing several key
system parameters and variables outperformed those relying on events alone in measures
of accuracy and the ranking of infrastructure at risk of failure. While manual methods
were bested, however, it is an interesting parallel confirmation of zero-inflation that these
methods were still able improve SAIFI and SAIDI in the program management
simulation by simply ignoring all URD circuit sections with zero outages.

Machine learning algorithms are powerful tools for classification and forecasting.
These can take several forms, from simple regression analysis, to complex, multistage

ensemble methods, to black box neural networks modeled to work like a biological brain.
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When trained and implemented correctly, they can provide the predictive backbone for

optimizing program planning. In this case, these methods were used for evaluating a

simulated cable replacement program, in which the machine learning tools outperformed

simple manual methods of prioritization by as much as 27% in terms of reliability metric

improvements. For actual non-simulated program planning, an ensemble of methods

could be implemented, looking for agreement between multiple high-performing models

to set priorities. As in Verweij et al (2017), the cable sections identified as having the

most potential impact could be color-coded and mapped using GIS, with the results

highlighting entire areas of URD cable at risk.

5.3 Contributions to Body of Knowledge

1.

Zero inflated models have application within utility space for identification
and forecasting of reliability issues. As a significant portion of the
infrastructure installed throughout the 20" century reaches the end of useful
service life, these distributions may become more and more viable, as
illustrated within this praxis specifically for, but not limited to, modeling
cable failure data and identifying key predictor variables.

Machine learning algorithms are powerful tools that can be used within the
utility space to prioritize reliability programs. Through the simulated program
performed as part of this praxis, they were proven to be accurate at a level of
granularity that allowed for individual circuit sections to be evaluated and
ranked in order of greatest reliability risk. This level of granularity and
estimation of total impact is beyond the planning methods used in previous

research, including Gill (2011) and Verweij et al (2017).
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3. While many of the drivers of URD failure are well documented, unified
models of failure that incorporate many disparate, seemingly unrelated
variables are very rare. This research illustrated methods to identify, test, and
select a proper model for URD systems that accounts for more system
information beyond outage data. These zero-inflated methods are popular in
healthcare, finance, and other industries; however, they are still novel within
the utility space. Planning models drawing on all significant covariates were
found to be more accurate and provide better reliability metric improvements
overall when compared to methods limited to outage count.

5.4 Recommendations for Future Research

Zero-inflated distribution models use a two-stage approach to first classify
whether a count is either equal to zero or to a number greater than zero, then estimate the
total count of items within the non-zero set. This general model could be used in a similar
manner by combining machine learning algorithms for zero-inflated data sets. The dual
approach would first utilize a classification tool to determine whether or not the item has
a count greater than zero (a “yes” or “no” for example), then use a regression tool to
determine the count for all non-zero values. Future research could test this method

against single regression and ensemble algorithms to determine the optimal approach.

This research focused on URD cable; however, there are several other types of
utility infrastructure rapidly approaching the end of useful service life. The methods
identified in this praxis could be used to evaluate the key failure drivers for systems

across all utilities, with a focus on developing reliability programs targeting
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improvements in key metrics. Key to this will be the use of machine learning tools to

identify and prioritize equipment most at risk of imminent failure.

During data analysis, it was determined the population of URD system events
being used to predict cable failures include a significant portion of non-cable-related
outages; outages for vegetation, wildlife, aerial equipment and other drivers unrelated to
cable failure were used to develop cable replacement programs. The data cleaning
required to correct this was substantial and time-consuming. Future research could focus
on analysis of outage data to classify into applicable categories, which would allow for

research and program planning efforts to utilize only the correct datasets for evaluation.

Demand for the undergrounding of aerial electrical infrastructure is increasing
(Shaw, 2010); however, the same limitations of high cost and difficult installation relative
to pole line methods remain. Considering the issues with URD cable failures, primarily
due to cost saving materials and methods for installation introduced in the 1960s, future
research may be conducted to identify and apply critical lessons learned from the original
push to underground cable in residential developments. These guidelines could be
evaluated for an understanding of potential impact and applicability to significant

undergrounding efforts.

Finally, this research classified URD cable sections as repairable systems. Extent
of repair was not a covariate included in the analysis, however. An additional phase of
study could investigate whether, a quick field repair was made, if one section of cable
was replaced, or if the entire URD cable system was rebuilt, and if this designation is a
critical factor in identifying future outages. Findings could be used to dictate the method

of repair required for failed URD systems.
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Appendix A: Sample of Raw URD Cable System Data

URD Circuit Section

Operational Parameters

Environmental Factors

Outage History

Available
Water Water

Table | Supply at Total Average

System Peak Age LENGTH | LENGTH | Depth 150cm pH | Event Outage | Outage

URD_SECTION Voltage | Loading | YEAR | (Years) | CUSTOMER_COUNT | (FT) (MILES) | (cm) (cm) Surf | Total | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | Duration | Duration
2358_32D8G8 4 325.66 | 2007 12 10 190 0.04 8 241 6.1 0 0 0 0 0 0 0

431 33D1G7 4 46.22 2002 17 3 408 0.08 201 10.2 6.1 1 0 0 0 1 0 0 504 504
_33C1H26725 4 57.04 | 1965 54 11 147 0.03 201 10.5 6.3 0 0 0 0 0 0 0
33732D_33E1A8 4 39.91 2004 15 5 644 0.12 201 3.6 5.9 0 0 0 0 0 0 0
87567_33D1B86406 4 74.56 | 1965 54 6 383 0.07 201 10.2 6.1 0 0 0 0 0 0 0
B23 33D1A58566 4 47.61 1989 30 2 700 0.13 201 24.1 6.3 0 0 0 0 0 0 0
B49 33D1A58067 4 32.52 | 2000 19 2 320 0.06 201 24.1 6.3 0 0 0 0 0 0 0
_32E8B82380 4 95.15 1965 54 18 63 0.01 201 20.4 6.1 0 0 0 0 0 0 0
_33D1E11111 4 88.94 | 1991 28 24 182 0.03 8 241 5.4 0 0 0 0 0 0 0
_31D5D6 4 69.73 2006 13 22 514 0.10 201 4.1 6.1 0 0 0 0 0 0 0
_31D5F8 4 31.25 | 2008 11 10 196 0.04 201 14.9 6.1 0 0 0 0 0 0 0
33594 31D5D7 4 65.35 2008 11 11 261 0.05 201 4.1 6.1 0 0 0 0 0 0 0
71623_31D5D74586 4 27.4 1974 45 10 175 0.03 201 4.1 6.1 0 0 0 0 0 0 0

1109_31D5G30606 4 164.51 | 1965 54 62 221 0.04 201 4.1 6.1 1 0 0 0 1 0 0 353 353
1464_31D5F8 13 42.64 | 1986 33 25 2998 0.57 201 4.1 6.1 0 0 0 0 0 0 0
1465_31D6F14967 13 106.25 | 1987 32 61 478 0.09 53 8.6 6.1 0 0 0 0 0 0 0

1466_31D6E1 13 82.94 | 1993 26 52 2220 0.42 53 8.6 5.4 4 0 0 3 1 0 0 459 115
1468 31D6E13918 13 42.35 1972 47 23 210 0.04 53 8.6 6.1 0 0 0 0 0 0 0
1469_31D6E12347 13 55.55 | 1992 27 23 136 0.03 53 8.6 5.3 0 0 0 0 0 0 0
1616_31D5D72284 13 48.65 1974 45 13 102 0.02 201 4.1 6.1 0 0 0 0 0 0 0
B13_31C5G59702 13 59.25 | 1990 29 27 203 0.04 201 14.9 6.1 0 0 0 0 0 0 0

59903 _30E8H76614 4 118.1 1965 54 10 11426 2.16 53 18.2 6.1 5 2 2 0 1 0 0 2808 936
1276_60F6H2 4 158.92 | 2004 15 13 1286 0.24 8 18.6 5.4 0 0 0 0 0 0 0
137_24F3A11729 4 213.71 | 1990 29 27 3678 0.70 201 17.9 6.1 0 0 0 0 0 0 0
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Appendix B: Results of Distribution Fitting for URD Circuit Sections

All Covariates

Poisson Negative Binomial Zero-Inflated Poisson Zero-Inflated Negative Binomial Zero-Hurdle Poisson Zero-Hurdle Negative Binomial
Count Model Count Model Count Model Count Model Count Model Count Model

Estimate Std Error z value Pr(>]z]) Estimate Std Error z value Pr(>]z]) Estimate Std Error z value Pr(>]z]) Estimate Std Error zvalue Pr(>]z]) Estimate Std Error z value Pr (>]z]) Estimate Std Error z value Pr (>|z])
(Intercept) -4.85E+00 2.78E-01 -17.449 <2e-16 *** -3.74E+00 4.76E-01 -7.853 4.08e-15 *** | -1.8750056 0.3895222 -4.814 1.48e-06 *** -3.36E+00 4.93E-01 -6.824 8.83e-12 *** -1.83E+00 3.56E-01 -5.139 2.76e-07 *** | -2.5048416 0.6308522 -3.971 7.17e-05 ***
VOLTAGE 2.40E-02 1.61E-03 14.867 < 2e-16 *** 1.33E-02 2.86E-03 4.655 3.24e-06 *** 0.0018439 0.0026523 0.695 0.4869 -2.61E-02 3.34E-03 -7.817 5.40e-15 *** 3.34E-03 2.25E-03 1.484 0.1377 0.0041566 0.0042555 0.977 0.32869
PEAK 1.11E-03 4.22E-05 26.306 <2e-16 *** 3.75E-03 1.98E-04 18.954 < 2e-16 *** 0.0010211 0.0001089 9.38 < 2e-16 *¥** 2.71E-03 1.96E-04 13.786 < 2e-16 *** 9.62E-04 5.77E-05 16.67 < 2e-16 *** 0.0016293 0.0002019 8.07 7.00e-16 ***
AGE 8.02E-02 1.79E-03 44.91 < 2e-16 *** 8.34E-02 2.99E-03 27.876 < 2e-16 *** 0.0300875 0.0034467 8.729 < 2e-16 *¥** 8.84E-02 3.61E-03 24.483 < 2e-16 *** 2.79E-02 2.73E-03 10.212 < 2e-16 *** 0.0354929 0.0051351 6.912 4.,79e-12 *¥**
CUSTOMERS 1.62E-03 1.95E-04 8.274 < 2e-16 *** 1.09E-03 6.91E-04 1.58 0.114 -0.0006612 0.0004229 -1.563 0.118 -7.42E-04 6.38E-04 -1.162 0.2452 -4.37E-04 2.71E-04 -1.613 0.1068 -0.000368 0.0006624 -0.556 0.57847
LENGTH 7.13E-02 2.14E-02 3.337 0.000846 *** -2.76E-01 5.76E-02 -4.798 1.60e-06 *** | -0.0420011 0.0541644 -0.775 0.4381 -1.35E-01 5.56E-02 -2.431 0.0151 * -2.94E-02 3.07E-02 -0.957 0.3387 -0.0883477 0.0677523 -1.304 0.19224
WATER_TABLE 2.99E-04 2.36E-04 1.268 0.204802 -8.67E-05 4.18E-04 -0.207 0.836 0.0002545 0.0002791 0.912 0.3619 3.12E-05 4.29E-04 0.073 0.9421 3.26E-04 2.80E-04 1.166 0.2438 0.0004862 0.0005424 0.896 0.36999
AWS150 4.26E-03 2.58E-03 1.652 0.098488 -1.68E-03 4.60E-03 -0.365 0.715 0.0125224 0.0030745 4.073 4.64e-05 *** 5.06E-03 4.70E-03 1.075 0.2823 1.33E-02 3.01E-03 4.432 9.36e-06 *** | 0.0174954 0.0058772 2.977 0.00291 **
PH -5.30E-02 4.15E-02 -1.276 0.201985 -2.90E-01 7.21E-02 -4.026 5.67e-05 *** 0.1190639 0.05876 2.026 0.0427 * -1.44E-01 7.70E-02 -1.873 0.0610 . 1.18E-01 5.35E-02 2.203 0.0276 * 0.0174484 0.095717 0.182 0.85535
LOG(THETA) - - - - - - - - - - - - -6.65E-01 6.32E-02 -10.525 < 2e-16 *** - - - - -0.4275112 0.198317 -2.156 0.03111 *

Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model

Estimate Std Error z value Pr(>]z]) Estimate Std Error zvalue Pr(>]z]) Estimate Std Error z value Pr(>]z]) Estimate Std Error zvalue Pr (>|z]) Estimate Std Error z value Pr (>]z]) Estimate Std Error z value Pr(>]z])
(Intercept) - - -- -- -- -- -- -- 2.220193 0.5879281 3.776 0.000159 *** 2.524059 1.279107 1.973 0.048462 * -3.7805765 0.4928554 -7.671 1.71e-14 *** | -3.7805765 0.4928554 -7.671 1.71e-14 ***
VOLTAGE - - - - - - - - -0.0140856 0.0035376 -3.982 6.84e-05 *** -0.320417 0.022101 -14.498 < 2e-16 *** 0.0149823 0.0029983 4.997 5.82e-07 *** | 0.0149823 0.0029983 4.997 5.82e-07 ***
PEAK - - - - - - - - -0.0031799 0.0003319 -9.58 < 2e-16 *¥** -0.009984 0.002077 -4.807 1.53e-06 *** | 0.0034376 0.0002705 12.707 < 2e-16 *** 0.0034376 0.0002705 12.707 < 2e-16 ***
AGE -- -- -- - -- -- -- -- -0.0673995 0.0042582 -15.828 < 2e-16 *** 0.036342 0.009649 3.766 0.000166 *** | 0.0808222 0.0031408 25.733 < 2e-16 *** 0.0808222 0.0031408 25.733 < 2e-16 ***
CUSTOMERS - - - - - - - - -0.0034586 0.0012903 -2.68 0.007354 ** -0.002122 0.004324 -0.491 0.623636 0.0022523 0.0008185 2.752 0.00593 ** 0.0022523 0.0008185 2.752 0.00593 **
LENGTH -- -- -- -- - -- -- -- 0.3091985 0.0865789 3.571 0.000355 *** -0.55978 0.353482 -1.584 0.113281 -0.3012787 0.0645641 -4.666 3.07e-06 *** | -0.3012787 0.0645641 -4.666 3.07e-06 ***
WATER_TABLE - - - - - - - - 0.0005212 0.0004877 1.069 0.285228 -0.001336 0.001148 -1.163 0.244868 0.000426 0.0004331 -0.984 0.32528 -0.000426 0.0004331 -0.984 0.32528
AWS150 - - -- -- -- -- -- -- 0.0176957 0.0053988 3.278 0.001047 ** 0.033625 0.01286 2.615 0.008930 ** -0.0100994 0.0047323 -2.134 0.03283 * -0.0100994 0.0047323 -2.134 0.03283 *
PH - - - - - - - - 0.3916531 0.0893629 4.383 1.17e-05 *** -0.040613 0.195807 -0.207 0.835688 -0.2969996 0.0747674 -3.972 7.12e-05 *** | -0.2969996 0.0747674 -3.972 7.12e-05 ***
Log-likelihood -7331.147 (df=9) -5684.587 (df=10) -5785.467 (df=18) -5369.339 (df=19) -5792.578 (df=18) -5563.628 (df=19)
AIC 14680.29 11389.17 11606.93 10776.68 11621.16 11165.26
BIC 14746.62 11462.87 11739.59 10916.7 11753.81 11305.28
Log Likelihood-Ratio Test [0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Stepwise Regression
Poisson Negative Binomial Zero-Inflated Poisson Zero-Inflated Negative Binomial Zero-Hurdle Poisson Zero-Hurdle Negative Binomial
Count Model Count Model Count Model Count Model Count Model Count Model

Estimate Std Error z value Pr(>]z]) Estimate Std Error z value Pr(>]z]) Estimate Std Error z value Pr(>]z]) Estimate Std Error zvalue Pr(>]z]) Estimate Std Error z value Pr (>]z]) Estimate Std Error z value Pr (>|z])
(Intercept) -5.04E+00 8.88E-02 -56.811 <2e-16 *** -3.8024639 0.4225637 -8.999 < 2e-16 *** -1.69E+00 3.40E-01 -4.971 6.65e-07 *** | -3.2410996 0.4214864 -7.69 1.47e-14 *** -1.57E+00 3.31E-01 -4.748 2.06e-06 *** -2.21623 0.2619075 -8.462 <2e-16 ***
VOLTAGE 2.37E-02 1.61E-03 14.743 < 2e-16 *** 0.0129981 0.002855 4.553 5.30e-06 *** -- -- -- -- -0.0259083 0.0032719 -7.918 2.41e-15 *** - - - - - -- -- --
PEAK 1.11E-03 4.16E-05 26.617 <2e-16 *** 0.003991 0.0001583 25.214 < 2e-16 *** 9.70E-04 4.14E-05 23.417 < 2e-16 *¥** 0.0025212 0.0001561 16.151 < 2e-16 *** 8.69E-04 2.47E-05 35.205 < 2e-16 *** 0.0014407 0.0001131 12.739 < 2e-16 ***
AGE 8.03E-02 1.79E-03 44.946 < 2e-16 *** 0.083488 0.0029861 27.959 < 2e-16 *** 2.94E-02 3.02E-03 9.735 < 2e-16 *¥** 0.0885523 0.0036111 24.522 < 2e-16 *** 2.62E-02 2.53E-03 10.343 < 2e-16 *** 0.0339872 0.0049948 6.805 1.0le-11 ***
CUSTOMERS 1.61E-03 1.95E-04 8.238 < 2e-16 *** -- -- -- - -6.85E-04 3.07E-04 -2.23 0.0257 * -- -- -- -- - - -- -- -- -- -- --
LENGTH 7.13E-02 2.13E-02 3.353 0.000799 *** | -0.2823125 0.057303 -4.927 8.36e-07 *** - - - - -0.1152281 0.054194 -2.126 0.0335 * - - - - - - - -
WATER_TABLE -- -- -- - -- -- -- -- -- -- -- -- -- -- -- -- - - - - - -- -- --
AWS150 - - - - - - - - 1.18E-02 2.88E-03 4.086 4.39e-05 *** - - - - 1.24E-02 2.88E-03 4.287 1.81e-05 *** | 0.0160043 0.0055274 2.895 0.00379 **
PH - - -- -- -0.28499 0.0696404 -4.092 4.27e-05 *** 1.04E-01 5.20E-02 1.997 0.0458 * -0.1532093 0.0691926 -2.214 0.0268 * 1.02E-01 5.09E-02 2 0.0455 * - - - --
LOG(THETA) - - - - - - - - - - - - -0.6684458 0.0628064 -10.643 < 2e-16 *** - - - - -0.4425201 0.1987252 -2.227 0.02596 *

Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model Zero-Inflation Model

Estimate Std Error z value Pr(>]z]) Estimate Std Error zvalue Pr(>]z]) Estimate Std Error z value Pr(>]z]) Estimate Std Error zvalue Pr (>|z]) Estimate Std Error z value Pr (>]z]) Estimate Std Error z value Pr (>]z])
(Intercept) - - -- -- -- -- -- -- 2.483807 0.543289 4.572 4.84e-06 *** 2.068715 0.438731 4.715 2.41e-06 *** | -4.2409562 0.4387109 -9.667 < 2e-16 *** -4.2409562 0.4387109 -9.667 < 2e-16 ***
VOLTAGE - - - - - - - - -0.015223 0.003222 -4.725 2.30e-06 *** -0.310343 0.02118 -14.652 < 2e-16 *** 0.0150418 0.0029972 5.019 5.20e-07 *** | 0.0150418 0.0029972 5.019 5.20e-07 ***
PEAK - - - - - - - - -0.003235 0.000324 -9.986 < 2e-16 *¥** -0.011758 0.00132 -8.908 < 2e-16 *** 0.0034526 0.0002702 12.776 < 2e-16 *** 0.0034526 0.0002702 12.776 < 2e-16 ***
AGE -- -- -- -- - -- -- -- -0.067877 0.00398 -17.054 < 2e-16 *** 0.03506 0.009597 3.653 0.000259 *** | 0.0807907 0.0031392 25.736 < 2e-16 *** 0.0807907 0.0031392 25.736 < 2e-16 ***
CUSTOMERS - - - - - - - - -0.003444 0.001073 -3.209 0.00133 ** - - - - 0.002303 0.000819 2.812 0.004923 ** 0.002303 0.000819 2.812 0.004923 **
LENGTH -- -- -- -- -- -- -- -- 0.341941 0.072953 4.687 2.77e-06 *** -- -- -- -- -0.3078146 0.0644218 -4.778 1.77e-06 *** | -0.3078146 0.0644218 -4.778 1.77e-06 ***
WATER_TABLE - - - - - - - - - - - - - - - - - - - - - - - -
AWS150 - - -- -- -- -- -- -- 0.016057 0.005117 3.138 0.00170 ** 0.031722 0.011304 2.806 0.005012 ** - - - - - -- -- --
PH - - - - - - - - 0.368744 0.085024 4.337 1.44e-05 *** - - - - -0.2566497 0.0720928 -3.56 0.000371 *** | -0.2566497 0.0720928 -3.56 0.000371 ***
Log-likelihood -7334.432 (df=6) -5685.616 (df=7) -5787.505 (df=14) -5372.683 (df=12) -5798.967 (df=12) -5567.779 (df=12)
AIC 14680.86 11385.23 11603.01 10769.37 11621.93 11159.56
BIC 14725.08 11436.82 11706.19 10857.8 11710.37 11247.99
Log Likelihood-Ratio Test [0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
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Appendix C: Results of Accuracy Testing

5-YR Neural Neural . L. Random | Neural .
Model Weighted A5'YR YR Crows | o twork | Network | andom | Decision | Decision | o o eork kNN pHT | CUPISt | gyig ap | XGBOOSt | XGBoost| o it ai| MsP ANl | Bag All | KNN Al | Bag PH1 [M5P PH1|  ZINB |GMB PH1
Average verage | Reactive | AMSAA 2 1 Forest All [ Tree PH1 | Tree All PH1 Al 3 PH1 All PH1
Number of Observations 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267 1267
Standard Deviation 0.51 0.51 0.58 0.63 0.56 0.49 0.48 0.53 0.53 0.51 0.59 0.55 0.52 0.51 0.49 0.50 0.53 0.50 0.51 0.56 0.51 0.53 2.34 0.63
@ Average Delta -0.07 -0.08 -0.04 -0.04 -0.03 -0.06 -0.06 -0.04 -0.04 -0.06 -0.03 -0.05 -0.07 -0.08 -0.09 -0.08 -0.07 -0.09 -0.09 -0.06 -0.10 -0.09 0.26 -0.09
2 Mean Absolute Error 0.16 0.17 0.19 0.19 0.18 0.16 0.16 0.19 0.19 0.17 0.19 0.19 0.17 0.16 0.16 0.16 0.17 0.16 0.16 0.19 0.16 0.17 0.55 0.23
& Root Mean Squared Error 0.52 0.51 0.59 0.63 0.56 0.49 0.48 0.53 0.53 0.51 0.59 0.55 0.53 0.51 0.50 0.50 0.53 0.50 0.52 0.56 0.51 0.54 2.36 0.63
° True Positive 49 48 46 41 61 60 59 64 64 57 53 51 50 49 47 47 46 45 44 43 41 37 17 6
: True Negative 1084 1085 1072 1092 1076 1071 1071 1038 1038 1067 1065 1055 1072 1082 1090 1086 1076 1090 1089 1062 1094 1095 863 1046
b False Positive 48 47 60 40 56 61 61 94 94 65 67 77 60 50 42 46 56 42 43 70 38 37 269 86
g False Negative 86 87 89 94 74 75 76 71 71 78 82 84 85 86 88 88 89 90 91 92 94 98 118 129
© Overall Prediction Accuracy 89.4% 89.4% 88.2% 89.4% 89.7% 89.3% 89.2% 87.0% | 86.98% | 88.71% | 88.2% 87.3% 88.6% 89.3% 89.7% 89.4% 88.6% 89.6% 89.4% 87.2% 89.6% 89.3% 69.5% 83.0%
g Sensitivity 0.363 0.356 0.341 0.304 0.452 0.444 0.437 0.474 0.474 0.422 0.393 0.378 0.370 0.363 0.348 0.348 0.341 0.333 0.326 0.319 0.304 0.274 0.126 0.044
° Specificity 0.958 0.958 0.947 0.965 0.951 0.946 0.946 0.917 0.917 0.943 0.941 0.932 0.947 0.956 0.963 0.959 0.951 0.963 0.962 0.938 0.966 0.967 0.762 0.924
B Precision 0.505 0.505 0.434 0.506 0.521 0.496 0.492 0.405 0.405 0.467 0.442 0.40 0.45 0.49 0.53 0.51 0.45 0.52 0.51 0.38 0.52 0.50 0.059 0.07
= Recall 0.363 0.356 0.341 0.304 0.452 0.444 0.437 0.474 0.474 0.422 0.393 0.378 0.370 0.363 0.348 0.348 0.341 0.333 0.326 0.319 0.304 0.274 0.126 0.044
F1 Score 0.422 0.417 0.382 0.380 0.484 0.469 0.463 0.437 0.437 0.444 0.416 0.388 0.408 0.419 0.420 0.412 0.388 0.405 0.396 0.347 0.383 0.354 0.081 0.053
Kappa 0.366 0.361 0.318 0.326 0.427 0.409 0.403 0.364 0.364 0.381 0.351 0.317 0.346 0.361 0.366 0.356 0.326 0.351 0.341 0.277 0.331 0.301 -0.075 -0.037
§ Number of Observations 135 135 135 135 135 135 135
5 « |Spearman’s Rho 0.68 0.68 0.68 0.74 0.90 0.90 0.90
'% g Pearson's Conversion (Spearman) 0.70 0.70 0.70 0.76 0.90 0.90 0.91
E’ & Fisher Z Transformation 0.86 0.86 0.87 0.99 1.50 1.49 1.51
8= Standard Error 0.09 0.09 0.09 0.09 0.09 0.09 0.09
~ 3 |Critical Z-Score 1.960 1.960 1.960 1.960 1.960 1.960 1.960
é % Z-Test Statistic vs. 5-Yr Weighted Average 7.299 7.210 7.396
o g [P-value vs. Reactive 1.07E-12 | 2.05E-12 | 5.30E-13
& ¢ |Z-Test Statistic vs. 5-Yr Straight Average 7.299 7.210 7.396
L= p-value vs. Weighted Average 1.07E-12 | 2.05E-12 | 5.30E-13
© O |Z-Test Statistic vs. Straight Average 7.233 7.143 7.329
g O  |p-value vs. 1-Yr Reactive 1.74E-12 | 3.31E-12 | 8.67E-13
L Z-Test Statistic vs. Crow 5.855 5.766 5.951
® p-value vs. Crow 1.44E-08 | 2.41E-08 | 8.15E-09
5 Number of Observations 135 135 135 135 135 135 135
ps » |Kendalls Tau 0.52 0.52 0.52 0.56 0.72 0.72 0.73
@ € |Pearson's Conversion (Kendall) 0.73 0.73 0.73 0.77 0.90 0.91 0.91
g :>j Fisher Z Transformation 0.92 0.93 0.93 1.02 1.49 1.50 1.54
€ ¢ |Standard Error 0.09 0.09 0.09 0.09 0.09 0.09 0.09
8 % |[Critical Z-Score 1.960 1.960 1.960 1.960 1.960 1.960 1.960
£ & |Z-Test Statistic vs. 5-Yr Weighted Average 6.510 6.697 7.186
Q‘E -% p-value vs. Reactive 2.49E-10| 7.27E-11| 2.44E-12
3 H |LTest Statistic vs. 5-Yr Straight Average 6.371 6.557 7.046
: = p-value vs. Weighted Average 6.14E-10 | 1.84E-10 | 6.60E-12
T 2 |ZTest Statistic vs. Straight Average 6.423 6.610 7.099
T O  |p-value vs. 1-Yr Reactive 4.38E-10 | 1.30E-10 | 4.55E-12
2 Z-Test Statistic vs. Crow 5.324 5.511 6.000
p-value vs. Crow 2.79E-07 | 1.01E-07 | 6.09E-09
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