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Abstract

Water pipelines are critical infrastructure assets buried across the United States,
responsible for delivering safe drinking water at adequate pressures from source to cus-
tomers. A majority of these pipelines were installed in the mid-twentieth century without
adequate financial planning for future renewal, creating a growing renewal backlog under
tight budget and operational constraints. Decades of utility data and practice-based
knowledge, combined with advances in Artificial Intelligence (AI) and computational re-
sources, now make it possible to revisit how renewal decisions are made. A review of
current water pipeline renewal methods reveals major gaps, including weak integration of
risk with decision criteria, ad hoc selection of modeling algorithms without strategic fore-
sight, and limited, often internal-only, real-world validation.

This dissertation addresses these gaps by developing and testing an Al-enabled
framework for risk-based renewal prioritization of water pipelines. The work has four main
goals: (1) developing an Al model to predict the performance and Likelihood of Failure

(LOF) of any water pipeline segment on a 0-5 scale, (2) creating an Al model to predict



the Consequence of Failure (COF) of any segment on a 0-5 scale, spanning economic,
environmental, and social/service impacts, (3) building a multi-criteria optimization
model to generate prioritized renewal portfolios that incorporate risk, cost, equity, and
delivery constraints within budget limits, and (4) establishing experimental protocols to
evaluate, verify, and validate model results against field inspections, retrospective failures,
and expert judgement across multiple utilities. Applied to several U.S. utilities, the inte-
grated LOF, COF, and portfolio models outperform age-based and heuristic baselines on
predictive accuracy, calibration, and risk-reduction-per-dollar, while producing more spa-

tially coherent and operationally feasible renewal programs in retrospective tests.

Finally, this research evaluates whether the additional effort required for data col-
lection, model interpretation, and governance is justified relative to current utility prac-
tices, with tradeoffs assessed in terms of reduced emergency failures and costs, enhanced
transparency and accountability in decision-making, and improved public trust. In the
short term, the proposed framework supports more cost-effective and defensible capital
improvement planning; in the long term, it provides a template for shifting water utilities
from reactive, break-driven repairs to proactive, data-informed management of buried

pipeline infrastructure using explainable AT models with characterized uncertainties.
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General Audience Abstract

Water pipelines are the hidden backbone of modern life, carrying clean water from
treatment plants to homes and businesses. Many of these pipes in the United States were
installed more than 50 years ago and are now aging, often without sufficient planning for
their renewal. As these systems deteriorate, unexpected pipe breaks can flood streets,
disrupt traffic, waste treated water, and create costly emergencies that are difficult for

utilities and communities to absorb.

Advances in data, Artificial Intelligence (Al), and computing power now offer a
chance to help utilities make more proactive and informed decisions about which pipes to
renew and when. However, many current renewal practices still oversimplify risk, ignore
real-world construction and budget constraints, and rarely undergo rigorous testing
against observed failures and field inspections. This research develops and tests Al-based
tools that (1) estimate how likely each pipe is to fail, (2) estimate what would happen if

it fails, including economic, environmental, and social impacts, (3) create a decision model



that balances cost, risk, equity, and practical construction constraints within budget lim-
its, and (4) establish practical procedures to scientifically test these models against real
failures, inspection data, and expert assessments from multiple water utilities. When ap-
plied to several U.S. systems, these tools perform better than existing methods at identi-
fying which pipes should be renewed and assembling renewal plans that achieve greater
risk reduction for each dollar spent, with fewer construction conflicts and neighborhood

disruptions in planning scenarios.

The study also examines whether the added effort of using AI models is justified
by benefits such as fewer emergencies, reduced costs, and greater transparency for cus-
tomers, regulators, and decision-makers. In the short term, the methods support more
cost-effective and accountable planning; in the long term, they aim to help water utilities
move away from crisis-driven repairs toward proactive, data-driven management of the

buried infrastructure that supports everyday life.
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Chapter 1

Introduction

This chapter presents the problem, the evidence base, and the proposed solution
pathway for this research. It first frames urban drinking-water networks as Socio-Ecolog-
ical-Technical Systems (SETS) and summarizes why buried assets and institutional ar-
rangements complicate planning under uncertainty. It then presents a brief overview of
the current practice and literature to surface gaps in likelihood-of-failure, consequence-of-
failure, and decision integration. A short policy and financing context explains the man-
dates and funding channels that shape water pipeline infrastructure renewal planning.
The chapter then states the problem, motivation, goals, objectives, and hypotheses that
guide the research. It concludes with the specific contributions, the scope and a brief

discussion of the limitations of the proposed research.



1.1 Water Infrastructure System-of-Systems (SoS)

Urban drinking-water networks are large, spatially distributed SETS in which re-
liable service emerges from coupled interactions among engineered assets, institutions and
human behavior, and biophysical processes. As complex adaptive systems, they exhibit
nonlinearity, feedback, path dependence, and threshold effects, such that small perturba-
tions can propagate across infrastructures and institutions (Ostrom, 2009; Meadows, 2008;
Rinaldi et al., 2001; Chester & Allenby, 2019; Scheffer et al., 2009). These interactions

are illustrated in Figure 1-1.
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Figure 1-1: Water infrastructure System-of-Systems (SOS) perform under complex interactions

between the natural, built and social systems



Since most assets are buried and designed to be unobtrusive, the system is largely
invisible to the customers, which creates planning and accountability challenges. Sustain-
ing such an invisible system requires a substantial institutional apparatus. A workforce of
more than 1.7 million professionals across utilities, engineering firms, contractors, suppli-
ers, and regulators plan, operate, renew, finance, and oversee source protection, treatment,
transmission, distribution, and appurtenances such as hydrants, valves, storage tanks,
reservoirs, and pumps (Tomer & Kane, 2018). Figure 1-2 provides a typical schematic

showing the arrangements of these components along the source-to-consumer chain.
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Figure 1-2: Drinking water service is made possible by complex chain of interactions between
components across the natural, built and social systems

Within these SETS, buried pipelines transmission and distribution mains are the

dominant and least observable asset class, and they are where support for renewal



decisions can reap the maximum benefit. At the national scale, the drinking water pipeline
inventory exceeds two million miles, with renewal needs on the order of hundreds of
billions of dollars over the next two decades (ASCE, 2025; USEPA, 2021). Utilities con-
sistently rank aging infrastructure and financing among their top concerns; these pressures
are compounded by intensifying hydrometeorological hazards like heat, drought, flooding
that stress hydraulics and soils and raise disruption costs in densifying urban areas
(AWWA, 2025; Bordreau et. al., 2022). Although sensing and data systems are improving,
coverage and quality remain uneven across materials, geologies, vintages, and utilities,
complicating benchmarking and model transferability (Sinha, 2021). Planning under un-

certainty is therefore the norm, not the exception.

1.2 Policy Landscape

Building on these realities, U.S. renewal planning is shaped by a federal policy
architecture that sets enforceable water-quality standards, mandates risk-informed resili-
ence planning and directs substantial capital toward distribution-system upgrades. Under
the Safe Drinking Water Act (SDWA), EPA promulgates and enforces National Primary

Drinking Water Regulations for public water systems, anchoring compliance and
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investment decisions. America’s Water Infrastructure Act of 2018 amended SDWA §1433
to require community water systems serving >3,300 people to complete risk-and-resilience
assessments and emergency response plans, explicitly tying asset condition, hazard expo-
sure, and continuity of operations to capital planning. The 2024 National Security Mem-
orandum on Critical Infrastructure Security and Resilience (NSM-22) further elevates
risk-informed, consequence-mitigation planning across sectors and affirms EPA’s water-
sector risk-management role, reinforcing expectations for auditable, resilience-focused in-

vestments.

Although these programs set clear mandates and channels, only a subset directly
funds the core problem of distribution-main renewal and prioritization. The DWSRF gen-
eral supplemental ($11.7 B, FY2022-2026) can finance main replacement /rehab and plan-
ning/design, and states may use DWSRF set-asides for capacity development, asset man-
agement, and pre-construction support; however, set-asides rarely fund O&M activities
like renewal (repair, rehabilitation or replacement) or condition assessment and are usu-
ally spent on new constructions. By contrast, the $15 B Lead Service Line Replacement
(LSLR) and $4 B Emerging Contaminants streams are targeted (lead services and con-

taminant wmitigation) rather than mains. AWIA §1433 requires risk-and-resilience



assessments and emergency response plans but does not appropriate new implementation
dollars, and NSM-22 is a policy directive without funding. Against need, EPA’s 7th
Drinking Water Infrastructure Needs Survey and Assessment (DWINSA) estimates $625
B over 20 years, including $420.8 B (67%) for distribution/transmission. Even counting
the full $30.7 B Bipartisan Infrastructure Law (BIL) appropriations to DWSRF, that is
~5% of total need, and the flexible portion for mains ($11.7 B) is ~3% of the distribu-
tion/transmission need are ample evidence of a persistent funding gap that heightens the
value of better pipe renewal decision support methods. Finally, the Fifth National Climate
Assessment documents intensifying hydrometeorological stressors on water infrastructure,
underscoring the need for transparent, evidence-based renewal portfolios. In this policy
context, the following section formulates the renewal portfolio problem that relates to
selecting which pipelines to renew and when under regulatory, budgetary, and construc-
tability constraints and motivates the explainable risk based portfolio framework devel-

oped in this research.



1.3 Problem Statement

Within this context, this dissertation addresses the pipeline renewal portfolio prob-
lem: determining which pipeline assets to renew and when, under budgetary, regulatory,
and constructability constraints, and demonstrating using field and operational evidence
that the recommended projects are warranted. The relevance of this problem is well es-
tablished. Studies show that credibility and adoption depend on aligning renewal recom-
mendations with asset-management principles and making them auditable against inde-
pendent evidence; model fit alone is insufficient for real-world uptake (ISO 55000, 2014;
Oreskes et al., 1994). To make the renewal portfolio problem concrete, we adopt standard
asset-management units and terms (AWWA M28, 2014; AWWA M77, 2018; ISO 55000,

2014). These are listed in Appendix A.

1.4 Motivation

Armed with the common terminologies, we can map the methodological landscape
more fully. Literature on pipeline risk and renewal fall into 5 major categories: (1) de-

scriptive/heuristic and expert-rule approaches (e.g., break-rate indicators, age rules); (2)



statistical reliability /deterioration models count and point-process, survival /renewal, spa-
tio-temporal and hierarchical Bayesian formulations; (3) mechanistic/physics-based mod-
els of corrosion, remaining strength, and transient loading; (4) machine-learning/Al and
physics-informed hybrids (tree ensembles, boosting, neural nets) typically coupled with
explainability; and (5) decision analytics and prescriptive optimization, which combine
valuation frameworks (MCDA, benefit—cost) with integer/multi-objective, stochastic/ro-
bust portfolio design for clustering and scheduling under budgets, moratoria, and resource
constraints. Across these categories, four gaps occur. First, LOF, COF and decision crite-
ria are often characterized in an oversimplified way. Second, LOF, COF and delivery
constraints are usually studied by different research groups and their integration under a
common modeling framework has been explored in limited ways. Third, modeling studies
are often subject to insufficient ground truth validation in operational settings and limited
explainability of the results, which impedes real world adoption and continuous improve-
ment (Kleiner & Rajani, 2001; Le Gat, 2008; Sinha, 2021; Belton & Stewart, 2012;
Nemhauser & Wolsey, 1988; Deb, 2001; Birge & Louveaux, 2011; Breiman, 2001; Doshi-
Velez & Kim, 2017). Chapter 2 elaborates these categories and gaps further and provides
specific evidence for the proposed integrated modeling framework and validation proto-

cols.



In practice, we see many gaps that necessitate this research. Many water utilities
have limited in-house analytics capacity, so COF scoring is often heuristic and manually
applied (e.g., “large diameter near a major road”) during the manual project selection
process, while LOF models frequently default to age/material proxies despite a richer
scientific literature, largely because parameterization and curation of external covariates
(soils, hydrology, land use) are time-consuming. Multi-criteria decision methods and port-
folio selection are commonly outsourced to private vendors. These tools are proprietary
and water utilities cannot audit how weights, trade-offs, or constraints produced a recom-
mendation, which conflicts with best practice for decision transparency (Belton & Stewart,
2002; ISO 55000, 2014) and with the engineering expectation of explainability (Doshi-
Velez & Kim, 2017). Interest in machine learning has surged, but single-utility datasets
are typically small, sparse, and biased by local practices. Models trained on such data risk
overfitting and weak transfer across systems unless supported by representative data,
uncertainty quantification, and field validation (Domingos, 2012; Hastie, Tibshirani &
Friedman, 2009; Oreskes, Shrader-Frechette & Belitz, 1994). In short, today’s practice
often under-specifies COF, over-weights simple LOF surrogates, and relies on opaque de-
cision criteria. These conditions motivate the comprehensive, explainable, constraint-

aware and field validated methods developed in this dissertation.
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These gaps persist for several reasons. Buried-condition data are sparse, and time-
resolved observations are rarer still. Historical records are biased across materials and
installation vintages. Governance is siloed where multiple departments within a water
utility work on different pieces of the puzzle. For example, in a typical water utility, asset
management, operations, I'T/data science, and design/planning department often work
with limited sharing of preferences and decision rationales. Budgetary allocations are in-
fluenced by leadership preferences and short political terms. An aging workforce amplifies
risk aversion, so visible short-term fixes are favored over novel but potentially better
methods. Finally, model opacity further hinders adoption. Utilities need explainable meth-
ods with quantified uncertainty to build trust in capital improvement planning (Doshi-

Velez & Kim, 2017; Ribeiro, Singh & Guestrin, 2016).

Against this backdrop, the outstanding need is a validated, explainable, and con-
straint-aware renewal portfolio framework that integrates LOF, COF, and renewal deci-
sion constraints, quantifies and communicates uncertainty and demonstrates performance
against independent field and operational evidence. The timing is favorable as sensing and
utility data for condition and context are expanding (e.g., standardized condition assess-

ment and external covariates) (AWWA M77, 2018); modern optimization readily encodes
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budgets, clustering, moratoria, and resource limits; and explainable machine learning of-
fers tools to render recommendations auditable to engineers and managers (Doshi-Velez
& Kim, 2017; Ribeiro, Singh & Guestrin, 2016). Anchoring such a framework in asset-
management principles strengthens institutional fit and governance (ISO 55000, 2014). If
successful, the proposed approach advances both scholarship and practice. It provides a
mathematically structured basis for risk characterization and portfolio design, increases
risk reduced per dollar while lowering avoidable disruption, supports public safety and
continuity of economic activities in a service area, improves transparency and trust in
CIP and yields repeatable methods that can generalize to other linear infrastructure sys-

tems.

1.5 Goals, Objectives and Hypotheses

Building on the identified gap, this study pursues an overall goal to develop robust
risk models capable of accurately categorizing water pipeline segments into risk zones for
accurate proactive renewal prioritization decision support. The goals and objectives out-

lined in this section will guide this research to identify, synthesize and configure
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measurable risk signals into explainable and scalable computational models for water

pipeline infrastructure systems.

Goal 1: Development of an Al model that predicts the performance for Cast Iron (CI),
Ductile Iron (DI), Steel (ST, Prestressed Concrete Cylinder (PCC), Reinforced Concrete
Cylinder (RCC), Bar Wrapped (BW), Polyvinyl Chloride (PVC), High Density Polyeth-
ylene (HDPE) and Asbestos Cement (AC) pipe material types based on structural and

functional factors on a 0-5 scale.

e Objective 1: Develop a verified list of all parameters required to model pipe per-
formance for pipe node segments in a geodatabase.

e Objective 2: Create an interpretable knowledgebase mapping input parameters
to output performance index.

e Objective 3: Perform robust evaluation, verification and validation of the model

based on artificial data, secondary data from utilities and ground truth data.

Goal 2: Development of an Al COF index prediction model for mixed criticality water

pipeline systems.

e Objective 1: Develop a verified list of all parameters required to predict the im-

pacts of any water pipeline failure.
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e Objective 2: Create an interpretable knowledgebase mapping input parameters

to output COF index.

e Objective 3: Perform robust evaluation, verification and validation of the model

based on artificial data, secondary data from utilities and ground truth data.

Goal 3: Development of a risk model that can accurately prioritize water pipe candidates

for renewal based on the optimization of multiple renewal decision criteria.

e Objective 1: Create a risk matrix screening tool with iso-risk-contours to catego-

rize all water pipe node assets in any geodatabase into different risk zones for

different types of risk management decisions.

e Objective 2: Develop a multicriteria decision support algorithm considering gen-

eralizable and practical criteria to create the most efficient priority list of water

pipeline renewal projects under a given budget constraint

e Objective 3: Perform robust evaluation, verification and validation of the model

based on artificial data, secondary data from utilities and ground truth data.

Achieving these goals requires formulation of specific questions and hypotheses that will

guide the data collection and analyses. These are presented in detail in Chapter 3.
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1.6 Approach Overview

This research presents an integrated approach to renewal prioritization that com-
bines mechanism-aware LOF, modular COF with quantified uncertainty, and delivery
constraints (budget, crew capacity, work-zone proximity, moratoria, outage windows) in
a unified risk formulation optimized across segment — project — portfolio scales (ISO
55000, 2014; Rajani & Kleiner, 2001). Triple-bottom-line (TBL) consequences (social, eco-
nomic, environmental) are incorporated alongside utility operational practices and re-
newal-action complexity to support short-, medium-, and long-term planning. A hybrid
of possibilistic and probabilistic methods maps inputs to outputs: a fuzzy-logic teacher
encodes expert rules to yield interpretable input—output relations, and an artificial-neural-
network student is distilled on these relations to improve generalization while preserving
traceable explanations (Doshi-Velez & Kim, 2017; Hinton et al., 2015). At recommenda-
tion time, the system provides explainability-in-use through an interpretable rule base,
feature attributions via sensitivity or perturbation analysis, and concise rule-path sum-
maries for operator review. The Evaluation, Verification and Validation section provides
a multi-layered framework with detailed inspection and condition concordance tests and

asset sampling methods. Results are supported with supplementary information like
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quantification of trade-offs using risk-reduction-per-$1M, customer-hours avoided, reduc-
tions in work-zone conflicts, and budget utilization, with sensitivity and ablation studies
for robustness. Reusable protocols standardize parameterization and outcome metrics;
pattern-stratified synthetic datasets and utility datasets follow schemas that enforce units,
ranges, and provenance, with fixed seeds and logs for reproducibility. In real-world tests
with representative datasets, the model ranks and selects pipelines for inclusion in 5-year
Capital Improvement Plans, reduces reactive renewals, and improves cost recovery by

mitigating failure-impact costs through proactive planning.

1.7 Contributions

This research proposed 3 novel contributions to the body of knowledge of water main

renewal prioritization:

e (Generalizable protocols for input parameterization and outcome-metric selection

that transfer across utilities and materials.
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e A teacher—student Al methodology in which a fuzzy-logic expert system replaces
opaque deep-learning teachers, enabling interpretable mappings for training, eval-
uation, and verification.

e A multi-layer validation protocol that advances risk-model assessment from single-
metric accuracy to decision-relevant evidence aligned with field conditions and ex-

pert judgment.

1.8 Scope, Assumptions and Limitations

This study addresses a critical-infrastructure domain where water utilities must
balance risk, resilience, and confidentiality under established standards and policy (ISO
31000:2018; PPD-21/CISA; EPA AWIA 2018). The geographic and asset scope is potable
water distribution pipelines across representative U.S. utilities. The modeling and analyses
cover common materials and diameter classes where data sufficiency permits. The work
focuses on Operation and Maintenance (O&M) phase of the water pipeline lifecycle in-
cluding the renewal decisions (repair, rehabilitation, replacement) rather than new con-
struction, and excludes water-quality mixing dynamics, treatment-plant processes, and

wastewater networks. Results depend on the fidelity and completeness of utility records,
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audit quality, and local governance constraints; to mitigate over-generalization we use
scenario and sensitivity analyses and align data hygiene with established water-audit

practice (AWWA M36).

Additionally, ethical safeguards in this research are followed to reflect the sector’s
public-health mission. First, participating utility data are sanitized, governed by Non-
Disclosure Agreements (NDAs), and reported in aggregate to avoid identification. Second,
no proprietary technology is endorsed to prevent conflicts of interest. Third, sampling
targets sufficient coverage to present findings across risk scenarios rather than to single

out any one utility (PPD-21/CISA; EPA AWIA risk-and-resilience requirements).

1.9 Dissertation Outline

Figure 1-3 shows the outline of this dissertation. Chapters 1 & 2 introduce the
topic with SETS framing, practice gaps, objectives and scope. Chapter 3 explains the
study design, data sources, model stack, uncertainty quantification. Chapters 4, 5 and 6
explain the specifications for all 3 proposed models like /O Parameterization, teacher-

student strategy, algorithm details and model evaluation, verification and validation
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results and final Chapter 7 provides a discussion comparing the findings to the objectives

of this research along with the detailed limitations and viable future work directions

Chapter 1
Introduction and Background

¥

Chapter 2
Literature and Practice Review

¥

Chapter 3
Research Methodology

¥

Chapter 4
Likelihood of Failure Model

¥

Chapter 5
Consequence of Failure Model

¥

Chapter 6
Renewal Prioritization Model

¥

Chapter 7

C()ll(fl'llh‘i()lls and R(!(i()lllIIl(!Il(lélt ions

Figure 1-8: Outline of this dissertation showing the main topics discussed in each chapter

The next chapter presents a review of the current state of research and practice in

renewal prioritization, detailing where existing methods succeed, where they fall short,

and the specific gaps this dissertation addresses.
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Chapter 2

Review of Literature and Practice

This chapter maps the state of the art and current practice in water-pipeline re-
newal decision-making. It first lays out the review protocol, databases searched, time
window, screening criteria, and a schema, for evaluating study types, data, features, meth-
ods, metrics, and the quality of uncertainty quantification, explainability, and validation
protocols. It then quantifies the corpus with bibliometrics, and evidence maps across five
domains namely, LOF, COF, renewal prioritization, model EVV (evaluation, verification,
validation, uncertainty, explainability, openness), and adjacent domains. A narrative syn-
thesis follows, presenting the substantive review and key findings by domain, with repre-
sentative methods, data regimes, and evidence strength highlighted and interpreted in the
context of utility decision needs. Next, a structured matrix maps what the literature
provides (method capabilities, data utilization, validation level) to what utilities require
in practice (CIP cadence, budget/moratoria rules, crew and permit constraints, auditabil-
ity). The chapter then assesses how studies report verification, validation, uncertainty,
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and explainability, and identifies persistent gaps and meta-issues. Finally, it distills design
requirements that feed directly into the modeling choices and the evaluation, verification,
and validation protocols framed by Goals 1-3 and shows how these requirements map to

later chapters.

2.1 Review Scope and Protocol

This review synthesizes evidence on (i) LOF models for potable water pipelines, (ii)
COF modeling across social, economic, environmental, public-health, equity, and mobility
pathways, and (iii) prescriptive portfolio and delivery-constraint formulations that trans-
late LOF-COF into implementable renewal plans. The review begins by situating the
research at the intersection of several knowledge domains rather than within a single
methodological silo. Figure 2-1 synthesizes those domains in a cross-sectional Venn dia-
gram. The left lens (“Water Pipeline Infrastructure Systems”) anchors the physical and
operational context related to materials and deterioration, hydraulics and pressure,
GIS/topology, and model verification and validation. The upper lens (“Decision Science”)

covers risk-based asset management, risk matrices, and multi-criteria and multi-objective
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optimization. The right lens (“AI”) spans machine learning, deep learning, and fuzzy logic,

with data-science workflows that support uncertainty quantification and explainability.

Decision Science

Risk-based Asset
Management

Water

Pipeline
Infrastructure
Systems

Figure 2-1: Research domains reviewed as part of the literature review in this research

Overlaps emphasize where this dissertation operates: LOF and COF modeling sit

at the junction of asset science, decision methods, and Al; experimental design and model
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EVV connect these methods to practice; and adjacent practices such as natural-capital
accounting, water-loss analysis, and water-balance auditing inform how consequences and
benefits are measured. The diagram is schematic (not to scale) and is used to communicate
scope and integration: methods are selected and evaluated where these domains intersect

to produce decision-ready evidence.

Complementing the literature synthesis, a structured practice review grounds the
research in real utility conditions. The accompanying map (Figure 2-2) shows U.S. water
utilities that provided information through interviews, data exchanges, and document
review. This engagement leverages Virginia Tech’s Sustainable Water Infrastructure Man-
agement (SWIM) Center partnerships with utilities, technology providers, consultants,
manufacturers, and standards bodies, and draws on work conducted under the PIPEiD
project (“Collection and Compilation of Water Pipeline Field Performance Data,” OMB
#1006-0031) funded by the U.S. Bureau of Reclamation and the U.S. Geological Survey.
Participants span a wide range of system sizes (serving ~10,000 to ~5,000,000 people),
supply roles (retail, wholesale, hybrid), and ownership models (public, private, federal)
(Sinha 2021). The practice inputs were used to characterize current analytics capabilities,

data limitations, and implementation constraints (budgets, crews, moratoria, outage
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windows, work-zone proximity, permitting), and to understand requirements for audita-
bility and explainability in capital planning. Marker locations indicate participating util-
ities and partners; inclusion denotes engagement rather than endorsement, and the sample

is broad and intended to denote the statistical representation of the practice review.
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Figure 2-2: Practice review from ulilities (of varying sizes and ownership types) across the US
for collecting quantitative and qualitative data related to pipeline performance, failure impacts
and deciston criteria

Together, the cross-disciplinary literature map (Figure 2-1) and the practice land-
scape (Figure 2-2) define the evidentiary and operational space for this dissertation. They
motivate the design choices taken in subsequent chapters and bound the specific research

questions summarized in Table 2-1, ensuring that proposed models are not only
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methodologically sound but also implementable, auditable, and aligned with utility deci-

sion processes.

Table 2-1: Research questions (RQs) to guide the study design choices

Research L.
RQ Description
Goals
1 What are the key structural and functional factors that can predict the per-
Goal 1: Pipe formance of different water pipe materials?
Performance 5 How to mathematically map relationships between pipe performance parame-
' ters to reliably predict the performance index of a pipe node on a 0-5 scale?
What are the key economic, environmental, social, operational and renewal
Goal 2: Conse- 3. factors that can predict the consequences of failure of water transmission or
quence of Fail- distribution pipelines?
ure 4 How to mathematically map relationships between different COF parameters
to reliably predict the COF index of a pipe node on a 0-5 scale?
Goal 3: Risk How to effectively screen and further optimize risk rankings of water pipeline
Model 5. candidates based on utility specific decision criteria to support proactive re-
newal programs?
Overall G(.)al: How to develop and implement protocols for validating the proposed renewal
Model Valida- 6.

tion

prioritization models that can reliably describe the model uncertainties?

Because adoption depends on practice fit, the scope explicitly includes standards,
guidance, and utility reports alongside peer-reviewed research, and it considers adjacent
domains (complexity science, systems-of-systems, policy /regulatory, public health, and
systematic-review methods) where they inform problem formulation, risk modeling, deci-

sion processes and experimental design.
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2.2 Search Strategy

The search spans Web of Science, Scopus, Engineering Village (Compendex),
ASCE Library, IWA Publishing, IEEE Xplore, and Google Scholar for recall, plus targeted
gray-literature sources (EPA, AWWA, ASCE, DHS/CISA, state regulator portals, utility
CIP documents, vendor white papers). The time window captures contemporary methods
(approximately 2000-present) with backward chaining to seminal work. Query strings
combine controlled terms and free text for assets, materials and diameters, modeling fam-
ilies (statistical, mechanistic, ML, optimization), decision analytics, uncertainty, explain-
ability, and validation. Consistent with PRISMA 2020 (Page et al. 2021), the review
reports the information sources, date ranges, and full search strings; the two-stage selec-
tion process with inclusion/exclusion criteria and recorded reasons; and a flow diagram
summarizing records identified, deduplicated, screened, assessed for eligibility, excluded
with reasons, and included. Data-extraction items (study type, data regime, materials/di-
ameters, features, methods, performance metrics, uncertainty, explainability, validation,
implementation status) and a study-class-specific quality appraisal are specified. This

chapter aims to map coverage and performs a structured charting of characteristics and
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evidence maps across the five domains with heterogeneity described narratively (Tricco

et al. 2018).

2.3 Screening

Database and grey-literature searches identify all relevant literature candidates. A
deduplication step is used for screening entries across sources, and keywords in title/ab-
stract retains items on potable water pipeline assets (or methods clearly transferable to
potable mains) that address at least one focal domain: LOF, COF, renewal prioritiza-
tion/constraints, model EVV (evaluation, verification, validation, uncertainty, explaina-
bility, openness), or adjacent domains that inform pipeline risk and decision science (com-
plexity science, systems-of-systems, policy /regulatory, public health, or systematic-review
methods). Screening excludes opinion/news pieces, non-method items, and studies without
an evaluative metric. Full-text review then confirms eligibility against the same content
criteria, applies feasibility checks (English language and accessible full text), and records
standardized reasons for exclusion (out of scope; insufficient methods; no evaluative met-
ric; non-transferable domain; inaccessible full text). The reported counts measured as

records identified, after deduplication, titles/abstracts screened, records excluded at
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title/abstract, full texts assessed, full texts excluded with reasons, and studies included

match the boxes in the flow diagram shown in Figure 2-3.

Records identified
(n=1118)

¥

Records after de-duplication
(n=872)

¥

Titles/abstracts screened
(n=872)

¥

Excluded at title/abstract
(n=593)

¥

Full-text articles excluded
(n=126)

¥

Studies included in review
(n=153)

Figure 2-3: Flow of steps in literature review

Figure 2-4 shows annual inclusions to the corpus following the screening workflow.

Counts prior to 2000 are sparse because pre-2000 coverage was limited to seminal, field-

defining works used to anchor concepts and methods, whereas post-2000 literature was
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comprehensively searched across databases and grey sources. Accordingly, the series re-

flects the review’s inclusion protocol rather than a census of all publications; the pre-2000

segment should be read as a curated baseline, not a representative tally.
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Figure 2-4: Count of studies by each decade included in the literature review after screening and
deduplication (Records plotted: 153)

2.4 Coding schema

Each included study is classified using a structured dictionary that mirrors the five

evidence domains presented later in the heatmaps for LOF, COF, Renewal Prioritization,
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Model EVV, and adjacent domains, together with baseline bibliographic/context fields.
The record for each study captures its profile (study type: Statistical, Mechanistic, ML,
Hybrid, Optimization, or Practice/Standard; publication year, venue, geography or utility
context, and data regime such as single versus multi-utility and approximate scale). LOF
coverage records the model family (statistical/mechanistic/ML /hybrid), whether an age-
only proxy is used, the degree of mechanism awareness, the training protocol, and the
LOF performance metrics reported (for example, AUC, Brier score, and calibration). COF
coverage records which consequence pathways are modeled (service disruption, economic,
environmental, public-health, equity, and traffic/transport), the units or metrics used (for
example, customer-hours, cost, or incident counts), and whether consequences are linked
to network and land-use context. Renewal Prioritization and constraints capture the
method class (MCDA /benefit—cost, multi-objective, stochastic/robust) and whether de-
livery constraints are encoded (budget, crew capacity, moratoria/permits, outage win-
dows, and work-zone proximity). Model EVV records validation (internal; external hold-
out; inspection/field concordance), uncertainty treatment (calibration, prediction inter-
vals, scenario/sensitivity), explainability (global, local, rule-based/XAT), and openness

(code/data availability). Adjacent domains captures explicit use or adaptation of
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complexity science, systems-of-systems, policy /regulatory analysis, public-health framing,

or systematic-review methods in ways that inform pipeline risk or decision design.

Counting rules and reliability: Because many studies span multiple topics, records
are multi-labeled (e.g., LOF + COF + EVV). The Hybrid label is assigned only when
multiple LOF model families are first-class parts of the contribution (not merely baseline
comparators). Ambiguities are resolved using concise precedence rules (definitions and
examples). These encoding rules and features studied in each domain category is presented

in Table 2-2. The five heatmaps compute row-wise proportions within study-type strata

and annotate each row with n to indicate the base sample size.

Table 2-2: Coding Dictionary used for organizing literature

Domain

Features Studied

Examples / encoding

Study profile

LOF

COF

Renewal prioriti-
zation & con-

straints

Model EVV
(Evaluation/

StudylID; Title; Year; Venue;
Geography; Utility context;
Data regime; Asset class; Ma-
terials; Diameters

LOF model family; Age-only
proxys;
Training/eval protocol; LOF

Mechanism-aware;

metrics

Pathways; Units/metrics; Net-
work/land-use linkage

Method class; Constraints en-
coded

Validation; Uncertainty; Ex-
plainability; Openness

Data regime: Single Utility Small / Single Utility Large / Multi
Utility. Asset class: Distribution / Transmission / Both. Ma-
terials/diameters: semicolon-separated.

Family: Statistical / Mechanistic / ML / Hybrid (multi-select
if first-class). Age-only, Mechanism-aware: 0/1. Protocol: Ran-
dom CV / Temporal Split / Spatial Split / External Holdout
/ Other. Metrics: AUC; Brier; Calibration; etc.

Pathways: Service, Economic, Environment, Public-health,
Equity, Traffic (0/1 each). Units: Customer Hours; Cost; Inci-
dents. Linkage: 0/1.

Method: MCDA /Benefit—-Cost;  Multi-objective;
tic/Robust (0/1 each). Constraints: Budget; Crew; Morato-
ria/Permits; Outage windows; Work-zone proximity (0/1
each).

Validation: Uncertainty quantification, Model Performance
Metrics and Ground Truthing (0/1 each). Uncertainty: Cali-
bration; Prediction intervals; Sensitivity (0/1). Explainability:
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Verification/ Global; Local; Rule-based; XAI (0/1). Openness: Open code;
Validation) Open data (0/1).

Complexity science; Systems-
Adjacent do- P Y oY Each 0/1 if explicitly used to inform pipeline risk or decision

of-systems; Policy/regulatory;

mains design.
Public health; SLR methods &
Implementation
P . Prototype; Pilot; Production Pick most advanced demonstrated stage.
maturity
. . . Inclusion: Include/Exclude; Exclusion reason: Out of Scope/
. Inclusion decision; Exclusion . . . !
Admin Insufficient Method/ No Metric/ Non Transferable/ Inaccessi-

reason; Comments

ble.

2.5 Quality Evaluation Rubric

Quality evaluation is tailored by study class and recorded with the coding. Predic-
tion studies (statistical/ML/hybrid) are checked for transparent data partitions, handling
of missing data, calibration reporting, and risks of overfitting with appropriate validation.
Mechanistic studies are assessed for parameter provenance, identifiability, boundary con-
ditions, and validation against lab/field observations, with sensitivity analysis expected.
Optimization/ portfolio studies are evaluated for objective/ constraint fidelity to utility
realities (budgets, moratoria/permits, crews, outage windows, proximity), solution quality
(e.g., optimality gap or convergence diagnostics), robustness (scenario/stochastic treat-
ment), and explainability-in-use (traceable trade-offs/audit trails). Practice/ standards/

gray literature is appraised for governance clarity, auditability, reproducibility, evidence
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provenance, and date/currency. This review maps coverage and design requirements; no

effect-size pooling is attempted, and heterogeneity is described narratively.

Table 2-3 lists the criteria (C1-C16), what each criterion checks, evaluation an-
chors and the study classes to which it applies. Three criteria are highlighted as decision-
critical across many contexts: external/temporal validation (C6), inspection/field con-
cordance (C7), and constraint fidelity and implementation ability (C10). “NA” is allowed

when a criterion does not apply (e.g., optimality gap for a purely predictive study).

Table 2-3: Rubric (evaluation and scoring criteria) for evaluating quality of the selected litera-

ture

Partial/ Ade-

¢ Strong/ Best
quate

ID Criterion Evaluation Criteria Absent/ Poor

Vague scope; da-

Problem framing & Scope, asset class, co- Basic scope; partial Clear scope; dataset, co-

C1 taset not de- .
data transparency hort, data regime bed dataset description hort, filters fully described
scribe
C2 Outcome definition Failure/impact defini- Ambiguous/ un- Defined but noisy; Precise, auditable labels;
& labeling tions; label quality stable labels limited checks QA/QC described
Missingness ig-  Minimal imputa-
Predictor handling Feature provenance; im- N & . L P Systematic handling; prove-
C3 . . nored; ad-hoc  tion; limited prove- .
& missingness putation . nance + ranges/units
features nance
Ca Model specification Leakage control; parti- Possible leakage; Clear splits; some  Leakage addressed; tem-
& training protocol tions unclear splits leakage risk poral/utility splits justified
CV /bootstrapping/hold- Robust CV with variance;
C5 Internal validation / pping/ None Basic CV/hold-out . .
out calibrated reporting
c6 External/ temporal Generalization across N Limited (small or  Clear external/temporal
one
validation time/utility weak) hold-out with rationale
Inspection/field Agreement with Systematic concordance or
Cc7 P / "g . . None Limited spot checks Y .
concordance field/inspection blinded checks
Uncertainty quanti- Calibration; intervals; . Calibration + intervals
C8 . .yq e None Single method only . L
fication sensitivity and/or rigorous sensitivity
. - Global, local, or rule- One view (e.g., fea-  Complementary views
C9 Explainability None
based ture ranks) (global + local or rule-base)
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ID Criterion Evaluation Criteria

Absent/ Poor

Partial/ Ade-

¢ Strong/ Best
quate

Constraint fidelity
C10 & implementation

ability
Optimization qual- Objective clarity; opti-

ria, outages, proximity

C11 . .
ity mality/convergence

Parameter prove-
C12 nance & identifia-
bility
Experimental/ lab/

Mechanistic parameters
& sensitivity

Budgets, crews, morato- Abstract or omit-

ted

Not reported

Unclear sources

Some constraints  Realistic encoding + pa-

encoded rameterization sources

Heuristic with weak Optimality gap or robust
diagnostics convergence evidence
Mixed provenance;
limited identifiabil-
ity

Traceable sources; identifia-
bility + sensitivity

Targeted tests or field

C13 field validation = Empirical corroboration None Limited/ surrogate
o back-checks
(mechanistic)
Available upon re- Public repository with in-
C14 Openness (code) Reproducible code None P P . Y
quest structions
Data or schema/ proto- Partial sam- Public data or detailed ac-
C15 Openness (data) /P None
col ple/metadata cess protocol

2.6 Literature Corpus Overview

The corpus is first profiled with descriptive bibliometrics to show where the evi-

dence is concentrated and how it has evolved. Because distribution mains dominate ex-

posure in practice and more than four-fifths of U.S. pipe inventory is under 16 inches,

asset-class coverage is stratified by distribution vs. transmission and further by diameter

bins (<16 in, 16-36 in, >36 in) and material families (cementitious, metallic, plastic) to

reveal whether methods validated on small-diameter networks also extend to larger, high-

consequence mains. Method-family shares (Statistical, Mechanistic, ML, Hybrid, Optimi-

zation, Practice/Standards) are tracked over time to show shifts from age/material
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proxies toward mechanism-aware and hybrid approaches and from descriptive screening
toward portfolio optimization. Validation practice is summarized across three evidence
categories: Uncertainty Quantification (UQ), model-performance metrics, and ground-
truth protocols. UQ includes sensitivity analyses, feature-importance summaries, and at-
tribution methods (e.g., SHAP). Performance metrics include RMSE/MAE for regression,
ROC/AUC, and Precision/Recall/F1 for classification. Ground-truth protocols cover ex-
plicit testing and concordance procedures (e.g., blind testing parameters, experimental

setup, and model-agreement protocols).

Figure 2-5 tracks the share of included studies that report each category of evalu-
ation evidence by publication year: Uncertainty Quantification (UQ), model-performance
metrics, and ground-truth protocols. Performance metrics are most prevalent across the
period, UQ appears slightly less frequently, and ground-truth protocols remain rare. Even
when some level of previously unseen data is collected for ground truth testing, the studies
lack detailed protocols that explain the validation experimental design in detail to support
reproducibility. Each line shows the within-year proportion of studies that include at least
one subfeature from the category (e.g., ROC/AUC, RMSE/MAE, or Precision/Recall /F1

for performance; sensitivity analysis, feature importance, or attribution for UQ; blind
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testing parameters, experimental setup, or model-agreement protocols for ground truth).
The visualization highlights the relative emphasis of reporting practices over time and
underscores the persistent scarcity of explicit ground-truthing in water pipeline perfor-

mance modeling.
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Figure 2-5: Percentage of selected studies in the 3 levels of EVV organized by the year of pub-
lishing date

The next subsection is a narrative synthesis of literature and practice organized
into recurring themes that help establish point of departure, organize data, setup the

renewal prioritization models and guide the methodological choices in this research.
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2.7 State-of-the-art Review

This section outlines the significance of water pipeline infrastructure, the challenges
posed by these aging systems, and the necessity for improved risk based renewal modeling.
It highlights the current knowledge gaps in literature and lays the foundation for the

proposed models by demonstrating their relevance and potential impact.

2.7.1 Water Pipeline Infrastructure Systems

The U.S. has over 2 million miles of water pipelines, essential for public health,
economic stability, and societal development. Many of these pipelines are reaching the
end of their service lives (ASCE 2025), leading to increased failures, service disruptions,
and economic strain on utilities. AWWA surveys confirm that renewal and replacement
of aging infrastructure have been utilities’ top concern for the past five years (AWWA

2025).

Water pipeline systems are broadly classified into transmission mains, distribution
mains, service mains, and plumbing systems. Transmission systems, typically large-diam-
eter pipelines, transport water over long distances, while distribution systems consist of
smaller-diameter pipes, designed to maintain adequate pressure for consumers. Over 80%

of U.S. water pipelines are less than 16 inches in diameter (Sinha 2021), reflecting the
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dominance of distribution systems (Figure 2-6). In this chapter LOF is decomposed into
three pathways, structural corrosion/deterioration, structural loading and stress from traf-
fic/soil/hoop pressure, and functional hydraulics/capacity to distinguish age-only surro-

gates from mechanism-aware models and to support targeted validation.

m <16in — 84.0% >36in — 3.0%
= 16-36in — 13.0%

Figure 2-6: Percentage distribution of water pipelines based on diameter categories (Less than
16 inches, 16-36 inches and greater than 36 inches) (Sinha 2021)

The choice of pipeline material varies based on diameter, soil conditions, environ-
mental factors, and lifecycle costs (Figure 2-7), with materials classified into cementitious,
metallic, and plastic categories. These materials interact with their surroundings in com-

plex ways, influencing failure modes and service life (Figure 2-9).
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Figure 2-7: Left: Material percentage distribution for <16in diameter pipelines, Center: Mate-
rial percentage distribution for 16in-36in diameter pipelines, Right: Material percentage distri-
bution for >36in diameter pipelines (Sinha 2021)

2.7.2 Performance Characteristics of Water Pipeline Materials

Selecting pipe materials for commissioning into a distribution and transmission
system is a core asset-management decision. Past performance matters, but it must be
weighed alongside current manufacturing standards, design guidance, local exposures (soil,
traffic, pressure, climate), construction quality assurance and future lifecycle costs. Stand-
ards and manuals are periodically revised to reflect improved processes (e.g., casting,
linings/coatings, polymer resins), better hydraulic and structural design methods, and
new field knowledge. Aspects related to installation oversight like trench support, bedding,

jointing, torque, pressure testing, and disinfection are equally critical. Poor construction
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can erase the advantages of a well-chosen material (AWWA, 2016; 2017; 2018;

2020/2022).

This section presents lifecycle material properties, deterioration mechanisms, and
operational contexts to support LOF modeling. This section traces shifts in the usage of
pipe materials and their characteristics over more than 2 centuries. The timelines link
those shifts to observed break patterns, failure modes, and consequence profiles (Rajani
& Kleiner, 2001; Folkman, 2018; AWWA M-series). The goal is to define failure mecha-
nism-aligned features, units, and ranges; capture typical behaviors as well as outliers; and
provide a defensible basis for the fuzzy “teacher” parameters, membership functions and

rules and the subsequent student learners.
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Figure 2-8: Timeline of usage of typical water pipeline materials since 1800s

Past research has explored aspects of pipeline performance, focusing on failure
modes, rates, and remaining useful life (Burn 2006; Davis et al. 2008; Hu et al. 2013).
However, these studies are subject to epistemic uncertainties due to challenges in directly
observing buried pipelines, requiring reliance on proxy parameters and assumptions. Ad-
ditionally, pipeline criticality assessments face aleatory uncertainties, as failure conse-
quences vary across residential, commercial, industrial, agricultural, and environmental
sectors, which dynamically interact (Cromwell 2002; Gaewski and Blaha 2007; Raucher

2005; Raucher 2017).
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Figure 2-9: A variety of internal, external factors (including the pipe characteristics itself) influ-

ence the performance of an operational water pipeline

2.7.2.1 Metallic Pipe Materials’ Performance Characteristics

Metallic pipeline materials (cast iron, ductile iron, and steel) still account for a
large share of U.S. distribution mileage and span the widest range of installation eras and
environments. Their performance varies strongly with the physical and chemical charac-
teristics of soil including moisture, redox potential, pH, among other factors. Understand-
ing material evolution, appurtenances (joints, valves, hydrants), and corrosion control is

central to life-cycle management. This section consolidates the manufacturing and
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standards history, corrosion prevention approaches, typical failure modes, and what prior

studies imply for today’s design and renewal choices (Rajani et al., 2011; WRF, 2016).

With improvements in metallurgy and casting, nominal wall thicknesses decreased
over time, especially as DI replaced gray cast iron (CI). DI’s nodular graphite dramatically
increases strength and impact resistance compared with CI, but thinner walls mean less
inherent corrosion allowance. Modern designs therefore treat corrosion control as a first-
class design variable tied to soil aggressiveness and consequence of failure (Rajani et al.,
2011). AWWA C105’s 10-point soil evaluation (resistivity, pH, redox, sulfides, moisture)
is widely used to screen for aggressive conditions and trigger protections such as polyeth-
ylene encasement and/or Cathodic Protection (CP) (AWWA C105). Field experience
shows that performance depends on doing the fundamentals well like making sure coatings

are intact, encasements undamaged, and CP designed, installed, and monitored correctly

(NRC, 2009).

The DIPRA-Corrpro Design Decision Model (DDM) statistically analyzed decades
of iron-pipe corrosion data, evaluated the AWWA 10-point scale as a predictor of aggres-
sive soils, and formalized risk-based selection of protections. Updates emphasize chloride

effects, groundwater intrusion into the pipe zone, and in the most aggressive soils for

42



distribution mains, zinc coatings with enhanced polyethylene sleeves (Corrpro & DIPRA,
2005; program updates summarized in NRC, 2009). Debates remain about polyethylene’s
reliability under damage or fluctuating water tables and recommend careful construction

with QA/QC (NRC, 2009).

A U.S. Bureau of Reclamation review concluded that PE plus CP can outperform
unprotected iron in highly corrosive soils when designed and installed correctly, but cau-
tioned that limited, heterogeneous data and inconsistent pitting statistics complicate long-
life claims. Using gas-pipeline benchmarks with bonded dielectrics and CP, USBR argued
that a reliable 50-year life in soils <2,000 Q2-cm is not assured for DI with PE4+CP and
called for better monitoring (e.g., inline inspection where feasible) and more systematic

studies across diameters, pressure classes, coatings, and soils (USBR, 2004; NRC, 2009).

Cast Iron (CI): Early pit-cast CI often had thick walls and, despite manufactur-
ing variability, can persist in benign soils. Later spun-cast CI is thinner. Pre-1955
lead /“leadite” joints typically used for these pipes are a distinct cohort with known issues
(thermal mismatch, microbiologically influenced cracking of bells, leakage). CI failure
modes include circumferential/longitudinal /spiral cracking from bending and pressure,

bell shearing/splitting, and corrosion defects (pitting, graphitization, tuberculation). Soil

43



pH < 4 or > 8.5, low/negative redox, sulfides, and resistivity below ~2,000 -cm are
strongly associated with external corrosion (Singley et al., 1984; AWWA C105; Rajani et

al., 2011; Makar et al., 2001).

Ductile iron (DI): Introduced mid-1950s, DI pairs higher strength/ductility with
cement-mortar linings and standardized joints (C110, C111, C115). Because DI is less
prone to stress-cracking splits than CI, observed failures skew more toward third-party
damage, joint defects, and corrosion where protections are absent or compromised. Thick-
ness design follows flexible-pipe principles (C150/C151); service allowance is explicitly
separated from casting tolerance, and pressure-class options enabled thinner walls in some
diameters, again raising the importance of explicit corrosion control (AWWA C150/C151;

Rajani et al., 2011).

Steel: Steel dominates many large-diameter, high-consequence mains. Performance
depends heavily on bonded dielectric coatings, linings, CP, weld quality, and joint type.
External pitting corrosion is the most common failure mechanism in North American
surveys, though rates vary by era, coating, CP practice, and soil (Folkman, 2012; WRF,
2016). Cross-industry evidence (oil/gas) reinforces the roles of disbonded tapes, near-neu-

tral pH stress corrosion cracking, carbonate/bicarbonate chemistry, hydrogen effects, and
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stray current, mechanisms relevant when protections are inadequate or degraded (Bolzoni
et al., 2000; Chen et al., 2002; 2006; Velazquez et al., 2009; Meresht et al., 2011). Reported
“failure events per 100 mi-yr” differ widely across countries and survey methods; for water,
higher rates are often tied to older permeable coatings without CP, underscoring that
“performance” (condition, leaks avoided) may be a better target metric than crude failure
counts for critical steel mains (Gould et al., 2013; Mackellar & Pearson, 2003; USBR,

2009; WRF, 2016).

For large diameter steel pipes, joints and fittings are frequent places where failure initi-
ates. Misaligned or degraded gaskets, corroded bolts/rings, and material transitions can
leak, undermine bedding, and precipitate structural failure, especially under transients
(valve/hydrant operations). For steel, welded joints tend to perform well with proper
QA/QC and coating/lining reinstatement; rubber-ring joints can leak with settlement or
pinched gaskets; legacy lead joints are fragile and uncommon today (WRF, 2016; AWWA

jointing standards).

Implications for modeling: Soil resistivity /pH/redox/sulfides/moisture; coat-
ing/encasement /CP presence, type and quality; joint type/era; surge exposure; vintage

cohorts are the main factors used to directly connect to likely deterioration and failure
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modes across CI, DI, and steel. Validation should prioritize strata where protections differ
(e.g., DI with PE only vs PE with CP; steel with bonded dielectric with CP vs legacy

bituminous) and where joint cohorts change.

2.7.2.2 Plastic Pipe Materials’ Performance Characteristics

Plastic pipelines (PVC/uPVC, oriented PVC-O, and PE/HDPE) are now common
in distribution because they resist corrosion, are light and easy to install, and offer smooth
interiors. Their long-term performance, however, is highly sensitive to construction prac-
tice (embedment, compaction, point loading), jointing quality, surge/air management,
and exposure to disinfectants and organics. This section summarizes material evolution

and standards, typical failure modes, and the implications for design, inspection, and

renewal planning (Uni-Bell, 2013; AWWA M55; Davis et al., 2007).

PVC (uPVC and PVC-0): PVC entered water service in the 1950s and ex-
panded rapidly after the late-1970s as utilities sought corrosion-resistant, lower-cost al-
ternatives to iron. The 2007 revision of AWWA (C900 incorporated WaterRF research,
reduced the factor of safety (2.5—2.0), and separated surge allowance from pressure class.
Further, in 2016, C900 replaced C905 and extended sizes from 4-60 in. PVC-O (C909)

raises design stress, enabling thinner walls (Burn, 2006; Uni-Bell, 2013). In practice,
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performance depends on appropriate SDR/pressure class selection for steady and transient

pressures, careful bedding to avoid rock impingement, and correct joint assembly.

Typical modes include (i) long-term yield failures at highly stressed fittings (tees,
elbows) where stresses exceed long-term capacity; (ii) brittle “blown section” fractures
where a crack bifurcates and rejoins; (iii) environmental stress cracking (ESC) associated
with localized solvation by certain organics, seen as smooth, glassy surfaces with craze
development before catastrophic failure; (iv) impact-initiated cracks from handling or
third-party strikes; (v) longitudinal splits exacerbated by trapped air and dynamic load-
ing; and (vi) joint leakage from misalignment, over-deflection, damaged gaskets, or pullout
(Knight, 2004; Uni-Bell, 2013). Many of these are installation-centric, so QA/QC at con-

struction and transient control in operations are decisive.

PE/HDPE (including PE4710): Modern PE (PE4710) combines high ductility,
toughness, and fused joints that create leak-free, fully restrained systems when procedures
are followed. Key references include AWWA C901 (<3 in), C906 (4-65 in), and M55, with
fusion governed by ASTM F2620/F3124 (butt) and F1055/F1290 (electrofusion), plus

MAB-01/02 procedures. PE’s flexibility suits narrow trenching and trenchless methods
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(HDD, sliplining), but design must address temperature-driven expansion/contraction,

restraint, and soil-pipe interaction (AWWA M55; PPI, 2008).

HDPE shows three broad leakage/burst regimes in legacy resins: ductile overload,
non-ductile slit/pinhole cracking, and later-stage failures influenced by oxidative degra-
dation; newer PE4710 resins were developed to raise resistance to slow crack growth and
rapid crack propagation (Davis et al., 2007). Oxidative degradation can progress from
antioxidant depletion at the inner wall (under certain disinfectant exposures) to molecular
weight loss and finally non-ductile failure if design/operation is unsuitable; disinfectant
management and material selection matter (PPI TN-44). Thermal movement is larger
than for metals but can be beneficial (stress relief) when restrained and detailed correctly
(Najafi, 2015). Permeation by certain organics is possible. AWWA standards include per-
meation provisions, and risk depends strongly on local exposure scenarios (Ong et al.,

2008; PPI position papers).

For PVC, gasketed push-on joints dominate. Joint tightness depends on alignment,
deflection limits, and gasket condition (Uni-Bell, 2013). For PE, butt-fusion and electro-
fusion can deliver joints as strong as the pipe when procedures, tooling, cleanliness, and

parameter recording (ASTM F3124) are followed; poor fusion practice is a leading root
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cause where issues arise (AWWA M55; MAB-01/02). Across both materials, valves, hy-
drants, and tapping practices can introduce local stress raisers; transient control (air man-

agement, surge) reduces crack initiation and joint distress.

Mechanism-grounded features that matter for LOF include embedment quality and
backfill angularity; cover and deflection; SDR /pressure class vs steady/surge pressures;
air management and transient history; resin generation (e.g., PE4710 vs earlier), disin-
fectant exposure, temperature; fusion QA logs (parameters, coupons, F3124 records); joint
type/deflection; nearby utility construction (impact risk); and contaminant exposure (per-

meation potential).

2.7.2.3 Concrete Pipe Materials’ Performance Characteristics

Concrete pressure pipeline materials PCCP (AWWA C301), RCCP (AWWA
C300/C302), and bar-wrapped concrete cylinder pipe (AWWA C303) are the backbone
of many large-diameter transmission systems. Because they carry high volumes, their
consequence of failure is inherently high, so understanding how materials, manufacturing

eras, and installation/operation interact is essential for risk and renewal planning.
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PCCP combines a thin steel cylinder, concrete core(s), high-strength prestressing
wire, and a mortar coating. The two main types of PCCP are Lined-Cylinder (LC) and
Embedded-Cylinder (EC), which differ in where the steel cylinder sits relative to the
concrete core (Romer et al., 2007; Ge & Sinha, 2014). RCCP comes in cylinder (C300)
and non-cylinder (C302) variants; C302 relies on the concrete wall to contain pressure.
C303 (bar-wrapped) uses a steel cylinder with spiral steel bar and mortar coating and

above ~36 in behaves more like a semi-flexible pipe than a rigid one (AWWA C303).

Manufacturing & standards eras in this section help create natural “risk cohorts.”
Three PCCP eras are especially useful for modeling LOF: (i) pre-1964 (conservative de-
sign), (ii) 1964-1984 (reduced conservatism: thinner coatings, higher core stress, smaller
wire sizes), and (iii) post-1984/1992 (standards tightened: denser mortar, thicker coatings,
slurry under wire, detailed design moved to AWWA C304) (AwwaRF, 2008; Romer et

al., 2007). Two cross-cutting issues amplify era effects:

e Mortar coating porosity (=1970-late-1980s): drier mixes increased internal friction
and left interconnected voids, reducing protection against chlorides/sulfates and
cyclic wetting/drying; moisture limits and absorption testing were later tightened

(C301-07/14).
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o Prestressing wire susceptibility (=1970-1988): early ASTM A648 allowed very high
tensile strengths. Dynamically strain-aged wire was more prone to splitting/corro-
sion and hydrogen embrittlement, especially if cathodic protection potentials ex-
ceeded ~1 V or if corrosion pits formed. Subsequent torsion/relaxation and hydro-
gen-resistance tests (ASTM A1032-04) improved outcomes (Romer et al., 2007).
Other flags include brief allowances for #18-gauge cylinders and cold-rolled steel
on small diameters (thin, low ductility, weld-sensitive) and tight wire spacing near

ends (harder to encapsulate with mortar) (Woodcock, 2008).

Failures typically initiate chemically at the exterior where coating cracks/delami-
nation or high-porosity mortar let groundwater reach the wire. Next, carbonation lowers
pH at the wire level. Subsequently, chlorides depassivate steel, especially with cyclic
wet /dry concentrating salts leading to wire corrosion and breaks. Enough wire loss raises
hoop stresses on the cylinder and with pressure transients or other sudden stresses, cylin-
der burst can occur (Romer et al., 2007; Ge & Sinha, 2014). Hydrogen embrittlement
accelerates wire breaks in susceptible vintages (1970-1988) (Romer et al., 2007). Inter-
nally, localized steel exposure can also tuberculate. However, external pathways typically

dominate PCCP. For RCCP and C303, structural cracking patterns mirror bedding
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support and loading conditions and typically exhibit circumferential cracks from differen-

tial bedding/haunch support and longitudinal cracks from overburden/traffic or point

loading (C300/C302/C303 standards; ACPPA).

High-value predictors of distress include construction damage to coatings, missing
joint coating/diaper, poor bedding (rocks/point loads), poor grouting at bells/spigots,
settlement, shifted/looped gaskets, and surge events from pump/valve operations that
drive crack initiation at crown/spring line (Ge & Sinha, 2014; Kola, 2010). Pressuriza-
tion/depressurization cycles can trigger wire snaps in embrittled vintages (Stroebele et
al., 2010). Misapplied cathodic protection (>~1 V) can evolve hydrogen at steel, worsening

embrittlement, particularly in older high-strength wire classes (Romer et al., 2007).

Chlorides, even in trace amounts at pH ~9-10, can initiate corrosion at the wire if
they reach it. CO, promotes carbonation of mortar, lowering pH; precipitation-driven
groundwater movement can accelerate both ion transport and bedding undermining. Veg-
etation is rarely a direct cause but can contribute organic acids/CO; locally (Price et al.,

1998; Woodcock, 2008).

Joint leaks (misfit, out-of-round, cracked core at joint, missing coating), alignment

changes, and diaper failures are common distress indicators. For C303 and C302/C300,
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inadequate joint protection allows corrosion to local steel, while impact and point loads

at joints concentrate stresses (ACPPA; Kola, 2010).

LOF modeling requires prioritization of features that encode era and make (pre-
1964 / 1964-84 / post-1984, LC vs EC, C300 vs C302 vs C303), wire class (I/1I vs III/IV),
coating quality proxies (moisture/absorption specs, slurry-under-wire adoption), cylinder
gauge and steel type, bedding/settlement risk, cathodic protection history, surge/transi-
ent history, joint condition (coating/diaper/grout), and environmental exposure (chlo-
rides, CO,, wet/dry cycling). For COF, diameter and hydraulic criticality need to be
coupled with outage/customer-hours and repair logistics. Operationally, focus is required
on surge control, joint protection, bedding remediation, and cathodic protection set-
points. Renewal options vary by type and failure mode (e.g., clamp repairs for cylinder
leaks, liners, carbon fiber wraps, or replacement with cylinder-type concrete pipe) but

success hinges on stable support and durable external protection (ACPPA).

2.7.2.4 Other Pipe Materials’ Performance Characteristics

Beyond metallic, plastic, and cementitious classes, several “other” materials appear

in legacy systems or niche applications. Their failure mechanisms are dominated by pipe

and soil chemistry in addition to the trench support and human handling, not just
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pressure. That makes water quality, soil exposure, and workmanship central to modeling

failure.

Asbestos Cement (AC): Asbestos-cement is Portland cement with silica and
asbestos fibers. Utilities adopted it for its smooth interior, low headloss, and immunity to
galvanic corrosion, but its low bending strength makes it vulnerable to impact, handling
errors, and uneven support. Early Type I (moist-cured) products gave way in the mid-
1930s to steam-autoclaved Type Il with lower free lime and better resistance to acid and
sulfate attacks. Correspondingly, U.S. specifications progressed from SS-P-531 (1940) to
AWWA C400 (1953) pressure classes. The dominant deterioration mechanisms for AC
pipes are lime leaching in soft or low-alkalinity waters, which removes calcium hydroxide
and weakens the matrix, and sulfate attack in water or soils, which forms expansive min-
erals that swell and crack the cement phase. External cracking is common where expansive
clays, settlement, or point loads act on small diameters. Lifecycle risk in AC correlates
with water aggressiveness and alkalinity, sulfate or chloride exposure, age, diameter, bed-
ding uniformity, and any history of impact or third-party activity. Design and construc-
tion quality matter where aspects like joint fit, proper insertion, bedding, and backfill

reduce risk, while storage and transit damage can seed future failures. Joints are slip
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couplings with rubber gaskets that tend to fail through displaced gaskets, socket cracking,
seal aging, or material degradation when misalignment or over-deflection is present. For
modeling, include water chemistry, soil chemistry, settlement or expansive soil flags, vin-
tage (Type I vs II), diameter, impact events, and joint condition. Practical actions range
from water conditioning and support remediation to clamp repairs and targeted renewals
in high-sulfate corridors, always treating AC handling as a regulated O&M and safety

issue.

Glass Reinforced Plastic (GRP)/ Fiber Reinforced Plastic (FRP), in-
cluding Reinforced Plastic Mortar (RPM), Reinforced Thermosetting Resin
Pipeline (RTRP) and Fiberglass Reinforced Epoxy (FRE): GRP is a fiber-rein-
forced thermoset composite in which glass fibers provide tensile strength and the resin
matrix provides shape and compressive strength. RPM adds sand for stiffness in larger
diameters. It is attractive for corrosion resistance, trenchless friendliness, and low weight,
yet performance hinges on the fiber-matrix system, manufacturing quality, and control of
deflection. AWWA C950 governs pressure pipe, with ASTM families such as D3517 and
D3262 for pressure and sewer applications, D2992 for long-term pressure ratings, D2412

for stiffness, and D4161 for joints. Municipal use widened from the 1960s onward. Damage
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occurs in the matrix (blisters or softening from mechanical, chemical, or thermal loads),
in the fibers (fracture under bending or point loads), or at the fiber-matrix interface
(debonding), often presenting as creep or creep-rupture when sustained load or deflection
exceeds limits. Construction and tapping can introduce local tears or ruptures, particu-
larly where rock contacts or poor tapping practice exist. Likelihood of failure rises with
lower-grade resin systems, insufficient stiffness class relative to burial and traffic, excessive
deflection from poor bedding and haunch support, point loads, aggressive chemistry, and
temperature swings. Also, elastomeric-seal joints can add sensitivity to misfit and over-
deflection. Modeling should reflect stiffness and diameter, cover and traffic, measured or
estimated deflection, trench geology, trenchless records, temperature range, and chemical
exposure. Remedies emphasize enforcing deflection limits, improving bedding and side

support, using proper tapping procedures, and confirming chemical compatibility.

Wood: Historic wood staves or bored logs persist in older districts. When buried
and kept water-filled, they can last for decades because oxygen is limited, but unknown
laterals and easy tampering complicate management. Risk assessment relies on age and
records, proximity to structures that alter moisture and oxygen, and redevelopment ac-

tivity. The common operational posture is to identify, isolate, and replace wood segments
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when encountered while acknowledging inventory uncertainty in service-disruption plan-

ning.

Lead: Lead persists mainly in service lines and premise plumbing. The primary

concern is public-health risk from lead release rather than structural failure. Risk depends

on inventory certainty, water chemistry and corrosion control, disturbance history, and

the presence of partial replacements. Management belongs to a compliance and public-

health program with corrosion control and full lead-service-line replacement, while capital

planning focuses on replacement logistics and equity rather than likelihood of failure alone.

Copper: Copper became the norm in services and premise plumbing because it

forms protective films and tolerates temperature variation. Types K, L, and M refer to

wall thickness, with K the thickest. It can still pit internally or erode-corrode at bends

and high velocities, and it can corrode externally in aggressive soils. Risk increases with

high velocities and sediment loads, tight bends, temperature cycling, localized chemistries

with unfavorable chloride-to-sulfate ratios, and corrosive soils. Mitigation uses velocity

control, smoother hydraulics, and targeted replacements where pitting recurs. A summary

of all the characteristics discussed in this section is presented in Table 2-4.
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Table 2-4: Summary of typical characteristics of various transmission, distribution and service

pipe materials currently in use in the US

Mate-
rial

Typical
dia. /

uses

Key
Strengths

Typical failure
root causes

Typical failure
modes

Standards
snapshot

Renewal/diag-
nostic cues

Cast Iron
(€D

Ductile
Iron (DI)

Steel
(ML&C)

PVC
(uPVC /
C900; in-

cludes
PVC-O
C909)

HDPE
(PEAT10)

PCCP
(C301
LC/ECP
)

RCCP
(C300)

Legacy
distribu-
tion/trans
mission;
4-48 in
typical
Distribu-
tion/trans
mission;
4-64 in
typical

Large
transmis-
sion; >24

in com-

mon

Distribu-
tion/trans
mission;
4-60 in
(C900)

Services
to large
mains; %
65 in
(C906)

Large
transmis-
sion; 24

252 in

(ECP),
16-60 in

(LCP)

Large
transmis-
sion; 20
144 in+

High stiffness;
long legacy
track record

Tough; ductile;

pressure capa-

ble; many joint
options

High pressure;
custom fabrica-
tions; light for

size

Corrosion-re-
sistant; light;
smooth bore;

easy handling

High ductility;
fused leak-free
joints; trench-
less-friendly;
impact tolerant

High
strength /rigid-
ity; thin steel
cylinder; long

spans

Rigid; handles
high external
loads; flexible

joint options

Internal/external
corrosion; graphi-
tization;
bell-and-spigot
joint leakage;
surge cracking
External corrosion
in aggressive soils;
coating/lining hol-
idays; stray cur-
rent

Coating/lining
damage; weld de-
fects; external cor-

rosion; ground

movement

Impact damage;
point loading
(rocks); ESC with
certain organics;
UV with long ex-
posure

Thermal expan-
sion/contraction;
oxidative disin-
fectant attack; UV
if low carbon
black

Wire corro-
sion/embrittle-
ment (1970-1988
cohorts); porous
mortar eras; hy-
drogen from
over-CP

Improper bed-
ding/haunch; joint
issues; external
loads
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Circumferential
breaks, joint leaks,
corrosion pinholes,
longitudinal splits
(frozen soil/surge)

Bell/socket cracks,
corrosion holes,
longitudinal splits
under surge or
poor bedding
Seam/circumferen-
tial weld cracks;
corrosion leaks;
buckling at low
cover; surge fa-
tigue

Brittle fractures,
longitudinal splits,
joint leaks, envi-
ronmental stress
cracking

Ductile overload,
pinholes/slits, oxi-
dative surface em-
brittlement, fu-
sion/joint defects

Wire breaks —
loss of prestress;
coating spall; cyl-
inder burst; joint
leaks

Circumferential
cracking (bend-
ing), longitudinal
cracking (over-
load), wall degra-
dation

AWWA C106
(historic), joints
per C111
(A21.11)

AWWA C151
pipe, C104 ce-
ment-mortar lin-
ing, C111 joints

AWWA C200
steel pipe; C205
mortar lining;
C207 flanges;
C206 field weld-
ing

AWWA C900
(replaced C905 in
2016); C909
(PVC-0) higher
stress rating

AWWA C906;
AWWA M55:
PPI TR-4/TR-46;
ASTM F2620 (fu-
sion)

AWWA C301;
design C304; key
eras: pre-1964 /

1964-84 /
post-1984

AWWA C300
(since 1952; up-
dates ’57, 64, 74,
89, 93)

High break history;
tuberculation; low
residuals/pressure;
poor soil corrosivity
indices

Soil corrosivity +
CIS/PCM; coating
condition; break
clustering; wall-loss
from coupons/UT

Coating holi-
days/CP data; leak
history; hydro-
test/surge history;
weld NDE results

Install era/cohorts
(pre-2007 vs post);
bedding quality;
surge history; sol-
vent /organics expo-
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2.7.3 Asset Management and Risk Analysis Frameworks

The coexistence of epistemic and aleatory uncertainties makes accurate pipeline
renewal prioritization difficult. This research addresses these challenges by reducing epis-
temic uncertainties through a transparent, knowledge-driven modeling approach that sys-
tematically captures pipeline deterioration and failure impact mechanisms. A white-box
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knowledge base, built through an extensive literature review and industry best practices,
will enhance model interpretability and accuracy. Additionally, this research will improve
aleatory uncertainty quantification by incorporating confidence intervals into risk predic-
tions, ensuring probabilistic estimates that reflect inherent variability. These advance-
ments will be driven by comprehensive utility data collection, heuristic-integrated math-
ematical modeling, and rigorous scientific validation, ensuring model robustness and real-

world applicability.

The integration of asset management in water utilities began with the Government
Accounting Standards Bureau (GASB) Statement 34 in 1999 (Kim et al. 2018), prompting
utilities and public agencies to formalize asset management practices (Giglio 2018). Since
then, various definitions and standards, such as PAS 55 (Argent 2007) and ISO 55000
(Hodkiewicz 2015), have emerged. Several frameworks have been applied to pipeline in-
frastructure, including Failure Modes and Effects Analysis (FMEA) (Wang et al. 2023),
Reliability Centered Maintenance (RCM) (Geisbush and Ariaratnam 2023), Life Cycle
Cost Analysis (LCCA) (Thomas et al. 2016), Life Cycle Analysis (LCA) (Du et al. 2013),

and Risk Management (RM) (Muhlbauer 2004).
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While these frameworks support pipe renewal decisions, they often lack compre-
hensiveness. FMEA and RCM focus primarily on LOF but overlook socio-economic con-
sequences. LCCA and LCA assess financial and environmental costs but do not explicitly
address failure risk and prioritization. In contrast, Risk Management (RM) offers a more
holistic approach by integrating LOF-based frameworks (like FMEA and RCM) with
renewal prioritization (as in LCCA) while also accounting for COF, including social, en-
vironmental, and economic impacts. Its modular nature allows integration with optimiza-

tion algorithms, ensuring robust decision-making for pipe renewal prioritization.

Risk analysis has been widely adopted across sectors since its introduction in public
health in the early 20th century (Wolman 1921), influencing agencies like NASA, U.S.
Army Laboratories, and the FDA. The water sector formally adopted proactive risk man-
agement in the 1990s, treating drinking water as a regulated product in nations like Ice-
land (Setty et al. 2019). Following guidelines from WHO and TWA (IWA 2004; WHO
2004), risk management frameworks for drinking water have now been implemented in
over 90 countries (WHO 2017), with U.S.-specific standards like J100 Risk Analysis and
Management for Critical Asset Protection (RAMCAP) (AWWA 2010) developed for wa-

ter supply systems.
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Despite these advancements, pipeline failures and renewal costs continue to rise,
as evidenced by the 2021 USEPA survey, which estimates that $472.6 billion is needed
over 20 years to maintain and improve drinking water infrastructure (USEPA 2021). This
highlights the limitations of current frameworks and underscores the need for improved

decision-support models.

This research is particularly timely for four key reasons. First, advancements in
sensor technology now support real-time condition assessment, making predictive model-
ing more reliable. Second, state-of-the-art Al-based modeling techniques enable the devel-
opment of more representative and adaptable models, enhancing decision-making. Third,
escalating failure rates across the U.S. signal an impending sustained rise in break rates
and renewal needs which threatens to overwhelm utilities and demand emergency inter-
ventions. Fourth, the increasing emphasis on fairness, trust, and explainability in Al
demonstrates the importance of transparent, unbiased, and scientifically valid Al-driven
decision-support models for water infrastructure management. Given these urgent chal-
lenges, it is critical for utilities to actively engage in the development of scalable, data-
driven tools to enhance pipeline renewal prioritization and long-term infrastructure sus-

tainability.
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2.7.4 Key Findings from Literature Review

The 5 domains in the scope of the review: (1) structural and functional performance

of water pipelines, (2) dependencies and interdependencies influencing COF modeling, (3)

decision science for renewal prioritization, (4) model verification and validation tech-

niques, and (5) adjacent domains highlight the gaps in current methodologies and inform

the development of improved risk-based renewal models. These are shown in Table 2-5.

Table 2-5: Selected literature classified based on modeling family and evaluated based on cover-
age of 3 key research themes (LOF, COF and decision constraints)

Typical method -
Family Purpose ypical methods/ exam

ples

Captures (LOF
/ COF / Con-
straints) *

Strengths

Common limitations

Descriptive /  Quick screen- Break-rate indicators, age

heuristics &  ing; data-light rules, material/diameter

expert rules triage lookups, expert scoring

Estimate fail-

ability / deteri- ure propensity/ Weibull); hierarchical Bayes-

Statistical reli- Survival /hazard (Cox,

oration time ian; spatio-temporal models

Model deterio- . . .
L . Corrosion/soil aggressivity
Mechanistic / ration/ .

. . models; remaining strength;
physics-based strength explic- | . .
it transient loading/fatigue
itly

Machine learn- .

. R Learn nonlinear

ing / Al (incl. .
L patterns; im- .

physics-in- i dom forests; neural nets; hy-

5 rove predic- .

formed hy- p p brid PINNs

X tive power
brids)

MCDA /benefit-cost; integer &
multi-objective portfolio; clus-

Decision ana-

K Turn risk and . X
lytics & pre- . tering & scheduling; stochas-
L . value into exe- X .
scriptive opti- tic/robust variants under
L cutable plans . K
mization budgets, moratoria, permits,

Crews

Tree ensembles, boosting, ran-

LOF: v (coarse);
COF: © (proxy);
Constraints: X

LOF: v; COF: ©
(if linked); Con-
straints: X

LOF: v (mecha-

nism-based); COF:
X; Constraints: X

LOF: v; COF: ©
(if features exist);
Constraints: X

LOF: via inputs;
COF': via valua-
tion; Constraints:

v

Simple, transpar-
ent, low data

needs

Statistically
grounded; uncer-
tainty quantifia-

ble
Physical inter-
pretability; ex-
trapolation to

new reginles

Captures interac-
tions, nonlinear-
ity; scalable

Aligns with budg-
ets & governance;
produces builda-
ble projects; sup-
ports trade-offs

Unstable across cohorts;
weak transferability; ig-

nores implementability

Often excludes COF and
delivery constraints; exter-
nal validation uneven

Data/calibration intensive;
partial coverage of materi-
als; coupling to network
context hard

Adoption hinges on ex-
plainability; dataset
bias/leakage risks; valida-

tion-in-use rare

Quality depends on up-
stream inputs/weights;
can be opaque without ex-
planations/ sensitivity

v Complete coverage, © Partial coverage, X Not covered

63



2.7.5 Structural and Functional Performance of Water Pipelines

LOF studies cluster into (i) age-only or age-plus-material proxies and (ii) mecha-
nism-aware models that resolve corrosion/deterioration, loading/stress, and hydrau-
lics/capacity. The former are simple but transfer poorly across cohorts; the latter require
richer covariates (soils, bedding, traffic class, pressures/transients, network redundancy)
yet generalize better when validated externally. Reported metrics should include discrim-
ination (e.g., AUC/PR-AUC), calibration (reliability curves/Brier), and temporal valida-

tion; very few papers provide all three.

Existing pipeline performance models utilize diverse methodologies, each with
strengths and limitations. Deterministic models, including empirical and mechanistic ap-
proaches, rely on well-defined relationships between asset attributes and failure rates but
require careful classification of pipeline groups (Kleiner and Rajani 2001; St. Clair and
Sinha 2012). Probabilistic models apply statistical techniques to historical data (Ge and
Sinha 2014; Mazumder Ram et al. 2018), though their utility diminishes with sparse da-

tasets.

Advancements in Al techniques, particularly Artificial Neural Networks (ANNs)

and Fuzzy Logic, have improved failure modeling by capturing nonlinear relationships
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and incorporating expert reasoning (Senouci et al. 2014; St. Clair 2013). Fuzzy logic mod-
els offer a rule-based, interpretable approach, making them suitable when data is uncer-
tain (Angkasuwansiri 2013; Uslu 2017). While fuzzy models rely on expert-driven rules
rather than data-driven learning, they can serve as an effective precursor to ML models
by structuring reliable input-output mappings. For instance, graphitic corrosion in cast
iron pipes, influenced by soil resistivity and chloride content, can be represented through

fuzzy if-then rules, enabling accurate predictions even with limited longitudinal data.

2.7.6 Field Data Collection Techniques

This section presents a summary of field data collection techniques critical to col-

lect reliable ground truth data for model training, validation and improvement

2.7.6.1 General Methods (For all pipe materials)

Accurate condition assessment of water pipelines requires a combination of above-

ground inspections, excavation-based evaluations, and specialized non-invasive techniques

tailored to specific pipe materials.

Above Ground Inspection: Above-ground inspections involve visually assessing

pipeline alignments for external signs of damage. For buried pipes, indicators such as
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pooling water, collapsed pavement, or stray current sources can suggest pipeline deterio-
ration. For above-ground pipes, inspectors look for cracks, corrosion, misalignments, and
leaks. This method is simple, cost-effective, and requires minimal training, but its ability

to assess buried pipelines is limited.

Excavation for Visual Inspection: Direct excavation allows inspectors to vis-
ually examine external pipe walls for signs of corrosion, cracks, or material degradation
(Figure 2-10.). This method provides more precise condition data and is often performed
alongside other assessment technologies. However, excavation is costly, offers no insight

into internal conditions, and may pose safety risks for fragile, aging pipelines.

_A/-"
Figure 2-10: Example of Direct Assessment (Courtesy WSSC, 2025)
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2.7.6.2 Corrosion and Wall Thickness Data in Metallic Pipes

Magnetic Flux Leakage (MFL) is widely used for detecting corrosion pits, wall
thinning, and cracks in cast iron, ductile iron, and steel pipes. By magnetizing the pipe
wall (see Figure 2-11 left side), the method identifies disruptions in magnetic flux due to
defects (see Figure 2-11 right side). While MFL is effective for small and unlined metallic
pipes, it struggles to detect short or shallow defects, leading to some uncertainty in the

results (Rizzo, 2010).

Figure 2-11: Left shows o Full Circumferential Pipe Wall Inspection Tool. Right shows Contour
Map Showing the Fluz Density from Hole Defect. (Courtesy of PURE Technologies)

Ultrasonic Testing Methods: Ultrasonic testing uses mechanical stress waves
to measure pipe wall thickness at specific points (Rizzo, 2010). This technique is highly

effective for steel and ductile iron pipes but is less reliable for cast iron due to material
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inhomogeneity. While useful for detecting remaining wall thickness, the method requires
clean test surfaces (Costello et al. 2007) and is slow due to its point-by-point measurement

process. A handheld ultrasonic probe is shown in Figure 2-12.

Figure 2-12: Handheld Ultrasonic Testing Tool. (WRF, 2008)

2.7.6.3 Wall Shape, Loss and Ovality Data in Concrete Pipes and Plastic Pipes

Structured Laser Profiling: Laser profiling generates a continuous line of light
along the internal circumference of a pipeline to assess shape, ovality, and vertical deflec-
tion (Costello et al. 2007) as shown in Figure 2-13. This method is particularly useful for
evaluating structural integrity in concrete and plastic pipes. However, pipelines must be

cleaned and dewatered before inspection, and the method does not detect cracks reliably.
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Figure 2-13: Example of Three Laser Data Readings in concrete pipe. (Courtesy of RedZone
Robotics)

Assessing the condition of plastic pipes (HDPE, PVC) requires a combination of
external and indirect evaluation techniques, as well as forensic analysis of failed sections.
While non-invasive internal assessment methods for plastic pipes are still evolving, several
complementary approaches can be employed to gather meaningful condition data. Tech-
niques such as laser profiling can be used to assess ovality and deformation. Additionally,
forensic examinations of extracted pipe sections provide valuable insights into mechanical
damage, including buckling, stress cracking, and ovality. By integrating these techniques,

the required information can be gathered to test our model results.

Remote Field Technologies for PCCP Wire Break Detection: Remote
field technologies (RFT), including remote field eddy current (RFEC) (illustrated in Fig-

ure 2-14) and broadband electromagnetic (BEM) methods, are widely used to detect

69



prestressing wire breaks in prestressed concrete cylinder pipe (PCCP). These methods
overcome the depth penetration limitations of traditional eddy current testing.

Remote Field

Sensor Coils L]

Exciter Coil | A

Transmission or Distribution Pipeline

¥ Near Field

Figure 2-14: The Remote Field Effect. (USDOE)

RFEC deploys a probe with multiple magnetic coils through the pipeline, where
an exciter coil generates eddy currents that travel through the pipe wall. A detector coil,
placed two to three pipe diameters away, captures variations in the electromagnetic field
to identify anomalies and wire breaks. BEM, a frequency-independent variant (application
shown in Figure 2-15), adapts to different materials and environmental conditions while

minimizing electromagnetic noise interference.
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Figure 2-15: BEM Hand-Held Tool Being Used to Scan a Gray Cast Iron Pipe. (WRF, 2008)

RFEC provides electromagnetic signals indicating wire breaks and pipeline anom-
alies (Figure 2-16 left side), while BEM generates surface contour maps to assess cracks,

wall thickness, and material degradation (Figure 2-16 right side).
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Figure 2-16: Left shows electromagnetic signal obtained from internal inspection of PCCP Using
a Robotic RF'T Tool. (Sinha 2021). Right shows typical BEM Data (WRF, 2008)

These technologies function in various flow conditions and pipe diameters. RFEC

tools are available in manned and unmanned configurations for both pressurized and
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dewatered pipelines, while BEM is particularly effective for penetrating thick coatings and
detecting wire breaks in PCCP. RFEC is sensitive to environmental interferences, includ-
ing motion, pipeline joints, and adjacent steel structures. It is unsuitable for non-metallic

pipes and requires careful calibration for PCCP assessment to ensure accurate results.

In summary, each condition assessment method has distinct advantages and limi-
tations. While above-ground inspections and excavation provide immediate visual assess-
ments, they lack depth in quantitative analysis. MFL and ultrasonic testing offer high-
resolution data for metallic pipes but require specific conditions for accurate results. Laser
profiling effectively captures pipe deformation but is costly and requires pre-inspection
cleaning. The assessment of plastic pipes remains a challenge due to the lack of real-time
monitoring technologies. It is assumed that a combination of these methods will be re-

quired to collect the condition data comprehensively.

2.7.7 Consequence of Failure of Water Pipelines

Consistent with the conceptual frame, COF is treated as a five-component vector:
economic, environmental, social, operational, and renewal complexity. Much of the liter-
ature quantifies only direct economic costs, with fewer studies estimating social outcomes

(e.g., customer-hours without service, vehicle-hours of delay), environmental
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receptors/impacts, or operational burden (e.g., isolation time, fire-flow deficit). Renewal
complexity factors like depth, congestion, permit burden rarely appears explicitly despite
its effect on feasibility and cost variance. The literature indicates that many renewal
prioritization models focus solely on LOF, neglecting COF considerations. Such models
align more with Reliability-Centered Maintenance (RCM) rather than risk-based asset
management. However, water pipelines are Mixed Criticality Systems (MCS) where pri-
oritization should factor in both LOF and COF, as some pipes (e.g., transmission mains)
have far greater consequences of failure than others (e.g., smaller diameter pipes that are

considered “redundant” and allowed to fail) (Burns and Davis 2018).

Most COF studies focus narrowly on direct economic costs, often overlooking
broader social, environmental, and reputational impacts (Cromwell 2002; Gaewski and
Blaha 2007; Raucher 2005). For example, pipeline failures can cause traffic disruptions,
service outages, contamination risks, and environmental damage. The lack of readily avail-

able data has limited efforts to incorporate these factors into models.

2.7.8 Risk-based Renewal Prioritization Modeling

The definition of risk varies significantly across studies, leading to inconsistent risk

assessments in water pipeline infrastructure (Aven 2016; Dawood et al. 2019; Kombo

73



Mpindou et al. 2022; Pollard et al. 2004). Many studies define risk as a function of either
vulnerability, likelihood, or consequence of failure, without a standardized approach for
combining these factors. This inconsistency mirrors similar challenges in supply chain risk
management (Heckmann et al. 2015), whereas industries like nuclear energy have adopted
common risk frameworks (Kaplan and Garrick 1981), allowing more standardized anal-

yses.

Most risk models in the literature rely on deterministic cost estimation or weighted
techniques for modeling COF (Agrawal et al. 2019; Cromwell 2002; Gaewski and Blaha
2007; Raucher 2017). However, deterministic models tend to oversimplify complex infra-
structure systems, require precise parameter measurements that may be unavailable, and
fail to account for utilities with limited failure datasets. To address these limitations,
fuzzy logic-based expert systems can model uncertainty using linguistic variables and
supplement ML training datasets with structured input-output mappings, improving their

ability to learn realistic failure patterns.

Infrastructure renewal has evolved toward Multi-Criteria Optimization (MCO)
methods, moving beyond traditional cost-minimization approaches. Early applications

used decision theory-based techniques like Analytic Hierarchy Process (AHP) and Multi-
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Attribute Utility Theory (MAUT) (Saaty 1980), but these approaches struggled to handle
multi-objective problems effectively. Advances in Al and computational optimization led
to the adoption of Genetic Algorithms (GAs) (Holland 1975), with the introduction of the
Non-dominated Sorting Genetic Algorithm II (NSGA-II) (Deb et al. 2002) representing a
breakthrough. NSGA-II enables simultaneous optimization of cost, failure risk, and envi-
ronmental impacts (Gebre et al. 2021) and has shown promise for water pipeline renewal
by allowing decision-makers to evaluate trade-offs between competing objectives. How-
ever, challenges persist in adapting these models to infrastructure-specific criteria and
ensuring applicability across utilities of different sizes (Zimmerman & Faris 2010). Port-
folio formulations should encode annual budgets, crew capacity, paving moratoria/sea-
sonal no-cut windows, outage windows, and work-zone proximity. Many studies optimize
with partial constraint sets; practice input (see practice review map) indicates that prox-
imity and outage feasibility are frequent binding constraints and should be modeled along-

side budgets.

Risk perception among utility asset managers varies widely, often leading to incon-
sistent prioritization decisions influenced by cognitive biases, such as availability heuris-

tics and risk aversion (Slovic 1987; Kahneman & Tversky 1979; Aven 2016). Without a
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structured risk-adjusted framework, these biases result in inefficient resource allocation.
A formalized decision-making process that incorporates scientifically validated risk assess-
ments is necessary to improve consistency across utilities (Gilboa 2009). This research
proposes a hybrid Al approach where a fuzzy logic inference system generates structured
input-output mappings to train ML models, following a knowledge distillation framework
where an interpretable teacher model (fuzzy logic) transfers structured domain knowledge
to a student ML model (Hinton et al. 2015). Prior studies demonstrate that incorporating
fuzzy logic-based reasoning into ML training enhances model learning and interpretability
(Shi et al. 2019). By integrating these methodologies, this research seeks to develop a
transparent, interpretable, and scalable pipeline renewal prioritization framework that

improves consistency and reliability in infrastructure decision-making.

2.7.9 Model Verification and Validation Review

Mathematical models provide simplified representations of complex systems, ena-
bling large-scale computational analysis. However, their reliability depends on rigorous
validation to ensure they accurately reflect real-world conditions (ASME 2009). Valida-
tion should be a continuous process rather than a one-time assessment, requiring iterative

improvements. Given that ground truth is never fully known, validation protocols must
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account for assumptions and experimental contexts. Additionally, models must be inter-
pretable, explainable, and useful for decision-makers. Existing water pipeline validation
approaches often rely on static, pass-fail criteria, failing to adapt to evolving datasets,
changing requirements, or model refinements. These shortcomings, along with infrastruc-
ture constraints such as inaccessibility of buried pipelines, non-interruptible operational
requirements, regulatory restrictions, and high excavation costs, make validation partic-
ularly challenging. A pragmatic approach is needed to balance resource limitations while
ensuring trustworthy results, especially for smaller utilities with constrained data collec-

tion capabilities.

To address these challenges, this research draws from validation frameworks in
aerospace, healthcare, transportation, and electric grids, where similar constraints exist.
Following the EVV rubric in section 2.5, evidence is categorized as internal validation
(resampling/hold-out within the same utility), external validation (cross-utility or tem-
porally independent), and inspection/field concordance (e.g., digs, condition surveys). Un-
certainty quantification is recorded as calibration checks, prediction intervals, and sce-
nario/sensitivity analyses; explainability is recorded as global feature effects and local

attributions (e.g., SHAP), and openness as availability of code and/or data. Across the
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corpus, internal validation is common, external validation is less frequent, ground truthing

is rare, and explainability /openness are uneven, key gaps the dissertation addresses.

Across complex engineered systems, validation is hard for shared reasons. Aero-
space models depend on extensive simulations because space conditions are difficult to
replicate while autonomous transport must contend with weather and human behavior
and modern power grids juggle renewables that disrupt legacy assumptions, all character-
istic challenges of complex systems modeling (Boccara, 2010). In healthcare, ethical and
biological constraints limit data and complicate disease modeling (Marques et al., 2021).
These examples highlight the need for adaptable, pragmatic and holistic validation strat-

egies in the water sector.

Water pipeline risk models face similar validation gaps, primarily due to reliance
on biased, utility-collected datasets without standardized forensic failure data (Kleiner &
Rajani, 2001; Halfawy, 2008). This results in inconsistent risk assessments and limited
generalizability. Additionally, many models fail to advance beyond pilot testing due to
skepticism from asset managers regarding transparency and reliability for Capital Im-
provement Plans (Scholten et al., 2013). The absence of standardized validation protocols

restricts model adoption, emphasizing the need for robust Verification & Validation
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(V&V) frameworks to improve trust, scalability, and integration into asset management

strategies (Halfawy, 2008; Scholten et al., 2014).

This research aims to address these deficiencies by standardizing risk analysis
methodologies to enhance comparability across utilities, expanding COF modeling to in-
corporate economic, social, and environmental impacts, and developing lifecycle-based
performance assessments. It will evaluate alternative risk modeling techniques, including
hybrid fuzzy-ML approaches, establish rigorous validation protocols to ensure the models
are robust, reliable, and applicable in real-world settings. By filling these critical gaps,
this research seeks to improve model reliability, enhance accuracy, and provide a scientif-

ically grounded framework for pipeline renewal decision-making.

2.7.10Gaps between Literature and Practice

This section explains what the literature currently delivers with what utilities re-
quire to implement renewal decisions under real delivery constraints. Table 2-6 presents
these gaps by domains relevant to this research. The rightmost columns identify the gap
and its likely root causes (data scarcity /heterogeneity, incentive and procurement struc-

tures, regulatory expectations, and validation-in-use hurdles).
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Table 2-6: Matrixz to evaluate key gaps between literature and practice and corresponding root

causes based on research focus

Research Findings from Litera- Evidence Utility Require- .
Gap Likely root causes
Focus ture strength ments
Statistical models not  Int | statis-  Asset level LOF
LOF: Struc. atistical models no nternal statis sset leve Undefined failure:

helpful for asset level pri- tical evaluation with high explaina-

tural integrit
sry oritization; mechanistic

(C(.)I‘I‘OSIOH, and ML Models not gen-
loading /stress, .
hydraulics) eralizable across mate-
raulics
Y rial/ diameter cohorts
LOF: Func-

. Network simulations used
tional hydrau-
. . ad hoc; rarely coupled to
lics/ capacity/

LOF
demand
Direct repair costs con-
COF: Eco-
] sidered but without de-
nomic ) .
tailed cost categories
Limited identified param-
COF: Envi- P
eters and receptor/path-
ronmental .
way modeling
Limited consideration of
COF: Social customer hours, business
disruption or traffic delay
Limited consideration of
COF: Opera- . . . .
tional isolation times and fire
iona
flow deficits
COF: Re-
Seldom explicitly consid-
newal com-
. ered
plexity

Budget commonly in-
Renewal con- )
. cluded; others partial or
straints .
ignored

and sensitivity

common;
ground truth-
ing sparse

Locality level
data; limited

validation

High

Low

Low

Low—moderate

Low

Moderate
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ameter generaliza-

bility

Integrated hydrau-

lic deficits in LOF Mod-

and COF, tied to erate
service levels

Full operational
costs (direct + in-
direct) and
avoided-loss fram-

Low
ing

Receptor-based
screening with de- High
fensible proxies

Customer-hours

and mobility im- High

pacts at project
scale

Isolation/valving Mod-

burden and fire- er-
flow effects as ate—
standard outputs high

Constructability in-
dex (depth, conges- High
tion, permits)

Full constraint set
encoded with au- High
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fic/ pressure data
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data access and in-
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Accounting bounda-
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indirect costs lim-
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ospatial linkage ef-
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Data silo barriers;
need for repeatable
estimators
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els; time to compute
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Research Findings from Litera- Evidence Utility Require- .
Gap Likely root causes

Focus ture strength ments
objective focused on
cost only
Multi-objective methods Parameterization of

Risk-reduction per

Portfolio de- ssent; robustness based
ortfolio de- present; robustness base Moderate $. service KPIs, High

optimization algo-

sign on validation experiments . . rithm and compute
) conflict avoidance .
uncertain time
. . . Cross-utility / tem- Access to test beds;
Sensitivity analysis domi- ] oxt | tost £ to i ;
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explainability improving . ibration
audit
Openness & Re-runnable pipe- Mod IP* /vendor con-
O -
reproducibil- Limited open code/data Low-moderate lines with schemas ; cerns; data sharing
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ity and versioning agreements

*UQ (Uncertainty Quantification): methods to characterize uncertainty (e.g., calibration checks, prediction intervals,
scenario/sensitivity analyses); EXPL (Explainability): techniques that make model reasoning auditable and understand-
able (global feature effects, local attributions); SHAP (Shapley Additive Explanations): a local attribution method that
decomposes a model prediction into feature contributions; KPIs (Key Performance Indicators): metrics used to gauge
outcomes (e.g., risk reduction per $1M, customer-hours avoided). IP (Intellectual Property): proprietary rights that can

limit open release of data, models, or code.

A synthesis of root-causes from Table 2-6 shows recurrent of four causes: (i) data
(sparse, nonstandard, siloed; limited condition/inspection ground truth), (ii) incentives
(procurement rewards features over EVV and openness; short political cycles favor visible
short-term fixes), (iii) process (departmental silos between asset management, operations,
and engineering; limited constructor input for constructability), and (iv) regulation/gov-

ernance (requirements emphasize compliance reporting over calibrated risk and decision
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auditability). These root causes guide the design requirements and choices in the following

chapters.

2.7.11Implications

The gaps matrix yields a concise set of requirements that shape the modeling and
validation architecture. The requirements are written to be testable and to map directly

to the following chapters.

e RI1. Mechanism-aware LOF. Resolve LOF into structural corrosion/deterioration,
structural loading/stress, and functional hydraulics/capacity; report discrimination
and calibration with temporal validation.

e R2. Modular COF vector. Quantify five consequence classes i.e. economic, environ-
mental, social, operational, renewal complexity in natural units with clear normaliza-
tion for aggregation.

e R3. Constraint-aware portfolio design. Encode all binding delivery constraints (annual
budgets, crew capacity, paving moratoria/seasonal no-cut windows, outage windows,

work-zone proximity) with auditable rules.
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R4. Segment—Project—Portfolio aggregation. Provide explicit formation rules (conti-
guity, outage feasibility, street class, cost thresholds) and scheduling logic for multi-
year plans.

R5. Uncertainty quantification (UQ). Provide calibration assessment, prediction inter-
vals where applicable, and scenario/sensitivity analyses at both model and portfolio
layers.

R6. Explainability-in-use and audit trails. Deliver global feature effects and local at-
tributions (e.g., SHAP /rule paths) attached to each recommendation, with exportable
audit logs.

R7. Multi-layered EVV. Demonstrate internal validation, external/temporal valida-
tion (ideally cross-utility), and inspection/field concordance tests tied to decision
thresholds.

R8. Reproducible protocols and openness. Define schemas, units, and data provenance;

provide re-runnable pipelines and parameter logs to enable review and transfer.

2.7.12Summary

This chapter mapped the state of the art and current practice for water-pipeline

renewal across five domains namely, LOF, COF, renewal prioritization under delivery
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constraints, model Evaluation/ Verification/ Validation (EVV), and adjacent domains
that shape decision design. Bibliometrics and domain heatmaps showed that literature
remains dominated by studies using statistical, mechanistic and ML techniques and suffer
generalizability issues across material/ diameter cohort due to challenges in integrating
data from various sources to create a performance metric based on validated failure mech-
anisms capturing various pathways like corrosion, loading related stresses and functional
metrics relating to hydraulics, pipe capacity or service demands. COF modeling is fre-
quently reduced to direct costs, with limited treatment of social, environmental, opera-
tional, and renewal-complexity impacts in natural units such as customer-hours, vehicle-
hours of delay, isolation time, or constructability indices. On the renewal prioritization
decision side, budget constraints are widely modeled but practical delivery constraints like
crew capacity, paving moratoria and seasonal no-cut windows, outage windows, and work-
zone proximity are inconsistently encoded, leading to portfolios that may not be buildable.
Robust and scientific EVV is lacking across literature and practice with reporting limited
to sensitivity or correlational metrics. However, cross-utility generalizability, ground truth
validation, and explainability are often missing. A comparison against utility needs iden-
tified conceptual gaps (like often missing COF modules and over reliance on LOF aspect)

and exploration of simpler techniques like weighted models often related to the lack of
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technical modeling expertise. Often, water utilities are restricted by their political bound-
aries and lack data for model training and validation in addition to issues like fragmented
efforts in departmental silos as well as political expectations related to term cycles. These
findings motivate this dissertation’s design requirements aiming at constructing, integrat-
ing and testing mechanism-aware LOF model; a modular COF model; and a constraint
driven renewal prioritization model. All the models are developed to have high explaina-

bility and reproducible protocols to enhance real-world acceptance.
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Chapter 3

Research Methodology

This chapter outlines the research strategies, procedures, and techniques used to
achieve the development of the knowledge structured supervised models for water pipeline
renewal prioritization. This chapter follows a structured adaptation of the research onion
framework (Saunders et al. 2016). The methodological choices are expressed as philosoph-
ical assumptions, research approaches, strategies, choices, time horizons, techniques, and
procedures. This chapter is structured as a study-design pipeline and not a project time-
line to enhance reproducibility irrespective of the chronological order. Where timing af-
fects interpretation, the temporal context of each step is described. This chapter first
defines the data provenance and preprocessing protocols so that data can be reproduced
exactly for future research. Then, this chapter explains the methods to develop the
knowledgebase which is further used for structured supervised training of ML models. The
results from these methods are presented in Chapters 4, 5 and 6. Additionally, data reli-
ability indices are shown to support uncertainty quantification. Next, this chapter
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presents the sampling and stratification strategies to achieve a statistically efficiency de-
sign and guide unbiased EVV tests. Finally, this chapter presents research hypotheses to

guide the data analytics.

Figure 3-1 shows the layered summary of the research design and the methodological
commitments from the outside in. This summary will be explained in detail in the follow-
ing subsections. Read from outside to inside, the figure shows how philosophical stance

and approach discipline the concrete design choices and analyses that follow.

Ptagmatlsm,

rational cho:ce
(normative)

Figure 3-1: Layered summary of research study design
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3.1 Research Philosophy

This dissertation adopts a pragmatist ontology within an institutional frame. Wa-
ter utilities are social institutions whose infrastructure management policies and opera-
tional patterns shape decisions about objectively real infrastructure i.e. buried pipes and
appurtenances, their materials and environments (soil, pressure, traffic), and the residen-
tial, commercial and industrial services they support. These assumptions are consistent
with the view that collectively constructed institutions govern tangible systems (Searle,
1995; Scott, 2013). For this research, these entities and constraints (budgets, regulatory
requirements, decision policies) are treated as valid objects of inquiry whose inherent

patterns can be encoded for analysis and decision support.

Mathematical models are instruments used to encode and operationalize this on-
tology. The LOF model represents stochastic states of water pipeline assets that evolve
in space and time with covariates aligned with failure mechanisms like soil corrosivity,
internal pressure, diameter, and material. The COF model is developed to represent multi-
dimensional impacts on operations, economics, customers, and the environment. The re-
newal-portfolio optimizer encodes decision constraints used by asset managers and/or

project planners as feasibility sets (e.g., budgets, road moratoria, work-zone logistics,
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equity and sequencing rules). The optimizer then searches for viable portfolios that satisfy
these constraints while improving risk outcomes. This framing acknowledges that priori-

ties shift as exposures, constraints, and organizational risk tolerance evolve (Scott, 2013).

Epistemology is mixed-methods where quantitative measurements (condition as-
sessment, forensic examinations, failure/work-order histories) and qualitative knowledge
(expert interviews, practitioner workshops, literature synthesis) are admitted as war-
ranted evidence when they can be integrated and triangulated (Abowitz & Toole, 2010).
Quantitative sources provide measurable anchors while supporting uncertainty estimation
and outlier detection. Qualitative sources define construct boundaries, risk scenario nar-
ratives, and operational thresholds that guide feature design and the knowledge base used

for structured, teacher-guided supervised learning in LOF and COF.

The decision-making processes behind pipeline renewal align with rational choice
theory, introduced by von Neumann and Morgenstern (2007), which postulates that de-
cision-makers aim to maximize utility by weighing costs, performance, and risks. This
theory integrates well with risk-based modeling concepts, including uncertainty quantifi-
cation and preference management, which are crucial when selecting among competing

renewal alternatives.
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3.2 Study-design overview

This section provides an outline of the experimental design pipeline organized into
purpose, inputs, methods, and output subsections. All relevant details can be found in
each of the subsequent chapters for each of the 3 main models in this work for future
reproducibility. Although presented as an experimental design for reproducibility, several
activities (e.g., feature selection and engineering, parameter assumptions, uncertainty

analysis, verification) were revisited iteratively as evidence accumulated.

3.2.1 Data Collection, Compilation and Processing

Goal: Develop protocols to create ML-ready datasets to train, calibrate, and per-

form EVV on the LOF, COF, and portfolio models.

The database is collected in 2 parts: prior (model-development) data and posterior
(validation) data. Sources include utility GIS inventories, failure/work-orders, hydrau-
lic/operations layers, field /forensic measurements, expert workshops and interviews, open
environmental /socioeconomic datasets, and documented social, environmental, and eco-
nomic impacts of water-pipeline failures. Each record corresponds to a pipe segment de-
fined between two network nodes (e.g., valves, hydrants, junctions) because most inven-

tories originate from machine-generated geodatabases that connect these nodes, all asset
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attributes and environmental covariates are resolved at the segment level, ensuring apples-
to-apples comparisons across the dataset. All inputs pass a scripted process—ingest —
de-duplicate — schema/units standardization — feature enrichment (spatial joins, vintage
bands, exposure flags) — field-level reliability tagging—yielding high-quality tabular da-

tasets for modeling and validation.

Prior model parameter development involves creating datasets, model parameters,
and statistical distributions to generate accurate predictions and evaluate model perfor-
mance. These parameters are derived from an extensive literature review and practice-
based insights from multiple water utilities collaborating with the SWIM Center at Vir-
ginia Tech for the PIPEID project (Sinha 2021). These utilities vary in size (small:
<100,000; medium: 100,000-250,000; large: >250,000) and ownership models (public and
private), providing diverse perspectives on pipeline renewal strategies from reactive to
proactive approaches. The participation of utilities with varying management styles en-
hances the representativeness and reliability of the data. Figure 3-2 illustrates the geo-

graphical distribution of utilities that provided expert knowledge.
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Figure 3-2: Practice review from utilities participating in the PIPEID project shared useful real-

w;rld mj_‘b;’ma,tzog rela,te‘d to pipeline performance and decision criteria typically unavailable in
secondary datasets

Posterior model validation data consists of high-reliability datasets used as ground

truth to validate the proposed models. These datasets are collected in collaboration with
multiple water utilities in the U.S. ensuring a dataset with a range of operational and
environmental conditions. Both qualitative and quantitative data are collected to capture

a comprehensive understanding of pipeline renewal dynamics. Qualitative data provides
contextual insights and expert perspectives, while quantitative data offers objectivity,
reproducibility, and statistical comparability. Integrating both ensures model validity

through triangulation. Data collected from water utilities includes various formats that
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contribute to model development and validation. Asset inventory geodatabases provide
spatially referenced pipeline system inventories, requiring GIS software such as ArcGIS
Pro, QGIS, or AutoCAD for data transformation and analysis. Failure Records Spread-
sheets contain historical work orders with unique pipeline segment identifiers, offering
insights into past failures. Experiments and observations documents include reports on
in-situ forensic evaluations, such as corrosion assessments, thickness measurements, and
historical pipeline break analyses. Additionally, communications documents capture tran-
scripts, recordings, and expert interviews, providing qualitative insights into utility deci-
sion-making processes. Beyond utility data, published literature serves as a source of sec-
ondary datasets, offering validated statistical distributions on failure impacts and renewal
decisions from peer-reviewed studies. Online open-access databases supplement utility da-
tasets with environmental and socio-economic parameters obtained from federal, state,
and collaborative agencies, available in formats such as geodatabases, flat files, and struc-
tured reports. Lastly, direct field measurements are collected for model validation, provid-
ing ground truth data to assess the reliability and applicability of predictive models in
real-world pipeline systems. This integration process from diverse data sources, catego-
rized as prior (for model execution) and posterior (for validation experiments), are illus-

trated in Figure 3-3. The structured data collection approach ensures a robust foundation
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for model development, calibration, and real-world applicability testing. Outputs from
this stage are a metadata dictionary (definitions, units, spatio-temporal resolution, relia-
bility) and tabular datasets. This design enables triangulation, reproducibility, and cred-

ible EVV by making data quality and provenance explicit.

Various prior datasets input Model training, evaluation Ground truth posterior
input data structures and verification validation datasets
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Figure 3-3: Use of prior and posterior datasets at different stages of this research

3.2.1.1 Water Utility Data Management Example

The data collected in this research comes from water utilities of varying sizes and

requires structured protocols to translate raw datasets, survey responses, and expert heu-

ristics into the proposed data structures. A representative example from Utility A
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illustrates this process. Utility A provided its water pipeline inventory as a personal geo-
database (.mdb format), which was converted into a file geodatabase in ArcGIS Pro for
geospatial analysis. The dataset consists of 173,106 pipe segments, with installation rec-
ords dating back to 1915 and work order data available from 2006 onward. The summary

of the data collected from Utility A is provided in Table 3-1.

Table 3-1: Data provided by Utility A for structural and functional performance aspects

Physical /Structural Operational/ Functional
Node Identification Number Pressure Zone
Node Length Pipe Renewal Record
Pipe Material Pipe Failure Record
Pipe Diameter Node Elevation at vertical datum
Pipe Class Hydraulic Grade
Installation Date Pipe Internal Protection Type and Date

Pipe External Protection Type and Date

The geodatabase includes four key datasets:

o  Water Inventory — Contains core pipeline attributes such as material (CI, DI, PCCP,
HDPE, PVC, Steel, Asbestos, Copper), diameter, length, pressure zone, pipe class,

lining type and date, encasement, and cathodic protection.
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e  Work Orders History — A flat file listing all renewal activities since 2006, linking failure
records to individual pipes based on unique identifiers. Key fields include failure date,
cause, repair details, and defect descriptions.

e Hydraulic Grade — Provides high and low hydraulic gradient data by pressure zones,
offering insights into theoretical operating pressures, though transient events like wa-
ter hammers remain stronger determinants of pipeline deterioration.

e Pressure Zones — Defines clusters of pipelines experiencing frequent high-pressure con-

ditions, serving as indicators of areas with increased pipeline stress.

To enhance the modeling dataset, the raw data from Utility A was enriched with
additional variables. This involved modifying existing parameters (e.g., converting instal-
lation dates to vintage categories), applying educated assumptions (e.g., estimating pipe
depth), and integrating external open-source federal datasets to incorporate key predictors
such as soil characteristics, slope, land cover, and proximity to critical facilities. Despite
being a large utility with structured data collection, significant gaps required assumptions
and supplemental datasets, a challenge that is even more pronounced in smaller utilities
with limited data availability. Additionally, data resolution varies. Some parameters (e.g.,

pipe length, shape, and hydraulic capacity) are collected at the pipe level, while others
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(e.g., annual capital and operational costs) are recorded at the utility level. To enhance
the modeling dataset, the raw data from Utility A was enriched with additional variables
(see Table 3-2). This involved modifying existing parameters (e.g., converting installation
dates to vintage categories), applying educated assumptions (e.g., estimating pipe depth),
and integrating external open-source federal datasets to incorporate key predictors such

as soil characteristics, slope, land cover, and proximity to critical facilities.

Table 3-2: Derived Parameters for Utility A

Physical/Structural Environmental Social
Land Cover (High, Medium and Low

Soil Characteristics (~20 pa-

Pipe Depth Density Residential, Commercial and
rameters) .
Industrial Areas)
Climate Characteristics
Pipe Vintage (Mean Annual Precipitation Hospitals
and Temperature)

Pipe Slope Traffic Volume Dialysis Centers

Pipe C-Factor Groundwater Table Depth Primary Education Institutions

Extreme Events Rail Tracks and Roadways

Sensitive Wetland Areas

The results of exploratory analysis performed on the pipe inventory and work order

datasets, following spatial joining operations in GIS, are summarized in Table 3-3.
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Table 3-3: Summary table for the distribution of different pipe materials

. . Average Average Diame- Number of Repair Rec-
. Mileage (miles) . .
. Mileage Diame- ter (inch) ords
Material .
(miles) ter
Lined Unlined  (in¢h)  Lined Unlined All Lined Unlined
CI 25747 9355 1,639.1 8.2 7.8 8.4 15615 5445 10,170
DI (Asphal- .
tic) 2,758.8 238.5 2,520.4 8.6 8.5 8.6 3,599 1,185 2,414
ic
DI (Zn-
5.5 1.1 4.3 11.6 17.0 10.6 12 0 12
Coated)
DI (PE-
( 0.7 0.0 0.7 11.7 8.0 12.9 5 2 3
Coated)
PCCP 350.0 5.8 344.2 28.7 64.8 28.1 183 0 183
HDPE 0.1 0.0 0.1 8.0 NA 8.0 0 0 0
PVC 7.4 3.0 4.4 8.1 7.9 8.2 5 3 2
Steel 39.5 13.4 26.1 40.0 65.8 324 5 1 4
Asbestos 3.0 0.1 2.9 8.7 9.5 8.7 6 0 6
Copper 1.3 0.0 1.3 1.8 NA 1.8 5 0 5
Unknown 18.3 1.4 16.9 12.5 15.1 12.4 18 3 15
All Pipes 5,759.2  1,198.8 4,560.4 9.0 8.3 9.2 19,453 6,639 12,814

Despite being a large utility with structured data collection, significant gaps re-

quired assumptions and supplemental datasets, a challenge that is even more pronounced

in smaller utilities with limited data availability. Additionally, data resolution varies as

some parameters (e.g., pipe length, shape, and hydraulic capacity) are collected at the

pipe level, while others (e.g., annual capital and operational costs) are recorded at the

utility level.
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3.2.2 Sampling and Reliability

Goal: Build statistically efficient, bias-controlled training and assessment sets that

reflect a realistic water utility dataset.

Data stratification is performed at the following multiple levels:

o Utility level (coverage first): Ensure representation across utility size (small/me-
dium/large), ownership (public/private), and ecological/operating cohorts (cli-
mate/soil /urban—rural/coastal /mountainous). This preserves diverse decision con-
texts based on factors like resource availability (time, expertise, data, finance), risk
attitudes (risk-taking/risk-neutral/risk-averse), management styles (reactive or
proactive).

e Pipe level (mechanism aware): Stratify by material, diameter, pressure/exposure
(including pressure class, vintage, soil class and other informative cohorts) while
preserving important distinctions based on deterioration mechanisms (e.g., PCCP

vs metallics vs plastics).

Each record carries a field-level reliability index r; € [0,5] from preprocessing to im-
prove data quality over exclusion. This index is described in detail in the following chap-

ters. Repairs, cross-checks, and imputations are documented, and only irreparable records
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are flagged. During implementation, r; informs the decision maker about the relative level
of confidence to be ascribed to results in addition to encouraging better data collection

for future.

3.2.3 Targets and Constructs with a Knowledge Structured “Teacher”

Goal: Precisely define outputs from each model and how those outputs are
grounded in observable mechanisms and measurable units. Also, introduce the knowledge-

based “teacher” that makes these targets structured and predictable.

LOF: A 0-5 index capturing structural and functional condition over a one-year
capital-planning horizon. Each of the 5 index bands have explainable, mechanism-aligned
and measurable criteria (e.g., corrosion/wall-loss for metallics, wire-break progression for
PCCP, hydraulic degradation/ ovality for PVC) and guardrails (feasible deterioration

slopes; material /diameter eligibility).

Teacher FIS (LOF): For each material family, a hand-crafted fuzzy inference sys-
tem encodes expert/empirical rules (e.g., IF soil corrosivity high AND pressure transients
frequent THEN LOF > 3 (Poor)), producing: (i) an output LOF score (0-5), (ii) an

uncertainty band, and (iii) contracts (selective monotonicity, feasibility) that downstream
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learners must respect. These yield structured supervision for ML: the “student” imitates

the teacher while calibrating to data.

COF: A modular 0-5 index that aggregates economic, operational/service, envi-
ronmental, social /equity, and renewal-complexity factors. Each module reports a separate
0-5 index with a corresponding measurement map (e.g., repair costs in USD, customer-

hours, gallons lost).

Teacher FIS (COF): Module-specific fuzzy rules link context to consequence (e.g.,
IF pipe serves critical facilities AND outage duration long THEN service consequence =
4 (Catastrophic)), again outputting a 0-5 score, uncertainty, and constraint contracts for

the student models.

Risk: Define R = f(LOF, COF; 8) where LOF and COF are dimensionless indices on
[0,5] scales. When needed for reporting or portfolio scoring, COF (or its modules) can be
mapped to units and combined with a severity function of LOF to produce risk estimates
with measurable units. The outputs will be measurable and explainable definitions for

index scale measurements.
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3.2.4 Modeling stack (LOF, COF, Portfolio)

Goal: Train ML algorithms to learn patterns from structured Input/ Output da-
tasets created using fuzzy teacher systems (for LOF and COF) and integrate with multi-

criteria renewal decision algorithm to prepare water pipeline CIP portfolio.

LOF model: Supervised learner with features tied to failure mechanisms (e.g., wall-
loss drivers for metallics; wire-break surrogates for PCCP; hydraulic degradation for
PVC). Fuzzy teacher datasets impose selective monotonicity where causal direction is
known (e.g., higher corrosivity translates to non-decreasing LOF). Before training, class
imbalance is handled via stratified reweighting. Outputs include banded LOF (0-5), cali-

brated scores, and uncertainty.

COF model: Supervised learner combining patterns across economic impacts, op-
erational impacts, environmental impacts, social impacts, and renewal-complexity fuzzy

teacher modules.

Portfolio optimization: A multi-objective formulation over portfolio sets S: mini-
mize risk, cost, water losses, and downtime; maximize equity, concurrent projects, eco-

nomic opportunities. This formulation is subject to hard budget constraints and
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neighborhood pipe selection approach and the optimization algorithm computes Pareto

frontiers to provide a ranked list of pipe renewal projects.

Outputs are versioned model specifications (data schema, features, constraints, cal-
ibration, limits) and configuration hashes (including the code, hyperparameters and seeds)

to ensure exact reproducibility.

3.2.5 Training, testing and implementation

Goal: Ensure training on data that represent real utility conditions, enriched with
relevant external (critical facilities, soil and traffic characteristics etc.) reliable federal,

state and local datasets, and quality-checked end to end.

The training process requires a compiled dataset that (i) reflects the actual asset
mix from partnering water utilities (materials, diameters, vintages, pressures, work orders,
inspections); (ii) is enriched with external context like soil attributes from USGS SSURGO
(e.g., metallic/concrete corrosivity, drainage, texture), traffic exposure from DOT AADT,
municipal layers (e.g., hospitals/critical facilities, land use, sensitive areas), and other

open reliable datasets; and (iii) includes knowledge-structured targets from fuzzy inference
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“teacher” systems that encode material-specific deterioration and consequence mecha-
nisms. Where performance categories are imbalanced, conservative oversampling (and/or
class-weighted losses) is applied within training folds only. Quality improvements (unit
normalization, plausibility checks, reliability weights, and explicit imputation flags) are
applied consistently across models. The entire compiled dataset is partitioned by pipe
material (CI, DI, Steel, PVC, PE, PCCP, RCP and AC) and three diameter bands (<8
in, 824 in, >24 in), and separate models are trained per segment to reflect mechanism
differences. For example, the focus is to capture corrosion/wall-loss mechanisms in metal-
lics, wire-break behavior in PCCP, hydraulic degradation in PVC while diameter shifts
operational characteristics (like depth and availability of data), and consequence scales
(different risk attitudes for different diameter pipes). Segmentation avoids averaging
across incompatible failure patterns, improves calibration for minority cohorts (e.g., large-
diameter mains), and simplifies implementation where material-specific models can be
versioned, enabled, or retired as a water utility pipe inventory evolves (e.g., decommis-

sioned AC) without disturbing others.
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3.2.6 Evaluation, Verification and Validation (EVV)

Goal: Demonstrate that the models work based on tests designed to measure per-
formance on synthetically /heuristically developed, water utility basic level datasets and

water utility reliable ground truth datasets.

The proposed “teacher” and “student” models are rigorously tested during the
evaluation, verification and validation phases, where aspects like the alignment with the
intended behavior (evaluation), training performance (verification) and agreement with
the ground truth (validation) is explained. This 3 step rigorous process is shown in Figure
3-4. The evaluation phase ensures that “teacher” fuzzy models perform as intended and
align with theoretical expectations. This step involves rigorous internal testing using syn-
thetic and secondary data to assess model design, correctness in the directionality of pre-
dictions, sensitivity, and robustness under edge conditions, including extreme (lowest,

highest) and average cases including the output class boundaries.
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Figure 3-4: Model Fvaluation, Verification and Validation (EVV)

By benchmarking against key criteria such as representativeness, consistency, and
scenario alignment, the models are refined to ensure they reliably capture real-world dy-
namics. The model verification stage tests whether the “student” trained ML algorithms
can effectively learn and generalize from the fuzzy logic model. Classification metrics are
observed using confusion matrices to establish model performance in predicting all 5 out-
put classes. This step serves as an initial verification of whether ML models can replicate
the structured decision-making process of the fuzzy logic system while improving scala-
bility and computational efficiency. After internal evaluation and student-model verifica-
tion, we begin staged collaboration with utilities under NDA to validate the student mod-

els on real systems. We start with low-friction comparisons that require easy to share
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dataset, overlaying our LOF with each utility’s current scores, sharing rank lists within
material and diameter cohorts, and reviewing outliers together. When alignment looks
promising, we move to selected assets with high-reliability evidence like condition assess-
ments and exhumed-pipe forensics to compute quantitative conformity (e.g., error distri-
butions and concordance, the share of cases within £1 LOF band) and to document
qualitative limits of applicability. Each cycle produces a tracked set of refinements to
student training data where needed, and a brief acceptance note describing where the

model is ready for operational use and where caution or added data is required.

3.2.7 Research Hypotheses

The goal of this research is to produce a scientifically validated decision support
tool that can accurately create a priority list of pipe geospatial nodes for future condition
assessment and renewal. To successfully implement the abovementioned methods, three
goals are outlined. Goal 1 (LOF): develop a robust mechanism-aligned likelihood-of-failure
model that covers corrosion/deterioration, loading/stress, and hydraulics/capacity. Goal
2 (COF): construct a modular consequence model spanning economic, environmental, so-
cial /service, operational, and renewal-complexity components with calibrated uncertainty.

Goal 3 (Portfolio): optimize renewal actions under budget and constructability constraints

107



to produce portfolios that dominate rank-only baselines on risk outcomes and operational
feasibility. Corresponding overall hypotheses are shown in Table 3-4 and are tested

through a layered Evaluation, Verification and Validation (EVV) program.

Table 3-4: Hypotheses tested in this research categorized by each of the research goals

Goal Hx Hypothesis
Hi. (Mechanism The LOF framework explicitly encodes structural, functional, and environmental
and context cover- drivers across major materials and diameter bands, extending beyond age/diameter
age) practice by covering a broader set of documented deterioration mechanisms.

—_ Student ML LOF models learn the fuzzy-teacher mappings with high accuracy and
o) Hi, (Student . o ) )
< R . macro-F1 on held-out and synthetic stress-test data, yielding strongly diagonal confu-
Q learning fidelity) . . ) 4 . ) I
£ sion matrices with very few multi-band misclassifications.
=
) In independent validation cohorts with condition measurements (wall-thickness loss,
'ﬂ Hi. (Ground-truth wire-break counts) and retrospective failures, higher LOF bands are associated with
™ o - . . .
= concordance) worse measured condition and higher failure frequencies, with ordinal agreement sta-
(3 tistics significantly above chance and errors dominated by +1-band deviations.

For curated LOF scenarios, asset managers and field staff judge the predicted LOF
bands as broadly consistent with operational experience at rates well above chance
(including tolerant +1-band agreement), and observed disagreements are explainable

by data lineage or explicit policy choices rather than erratic model behavior.

Hi4 (Expert con-
cordance and face
validity)

. . The COF framework decomposes consequence into explicit economic, environmental,
H:. (Dimensional

social/service, and operational sub-indices, and membership-function panels plus
coverage and rep-

best/average/worst scenarios demonstrate coherent, monotone coverage from low- to

resentativeness) L o . .
high-impact combinations in each dimension.
Within each COF dimension, increasing adverse inputs (for example, higher repair

E H2, (Modular be- costs, more critical customers, tighter access constraints) produces monotone in-
g havior and struc- creases in the corresponding sub-index and in the overall COF band, and global sen-
iy tural verification) sitivity analysis shows no single parameter or module dominates the index, support-
8 ing stable modular substitution.
& Ha. (Agreement When compared with incumbent utility consequence indices and expert scenario rat-
Tg with existing util- ings, COF bands show strong ordinal alignment, with most cases on or near the diag-
(@] ity indices and ex-  onal of confusion matrices and positive, substantial rank correlations, and diver-

pert judgement) gences trace to scale/scope differences rather than incoherent model behavior.

For documented main-break events with usable consequence descriptions, higher
H24 (Ground-truth q p , g

X COF bands align with more severe observed proxies (for example, outage duration,
consequence cali-

disruption, visible damage), and confusion matrices plus ordinal metrics indicate

bration .
) broad calibration with only a small number of explainable two-band outliers.
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Hx Hypothesis

Goal 3: Renewal Prioritization

Hs. (Portfolio ef- Under fixed budget constraints and realistic candidate pre-screening, GA-optimized
fectiveness under renewal portfolios built from LOF, COF, and auxiliary scores capture more risk per
constraints) unit cost than simple rank-only or cost-weighted baselines across multiple utilities.

.. In scenario-based validation with three utilities, planners’ and asset managers’ pre-
Hsi, (Decision

< . ferred options align with GA-recommended portfolios at rates well above chance, and
= alignment and ac- . . . L
o) . where they diverge, qualitative comments point to scope or data limitations rather
= ceptability) . -
than systematic contradictions.
Hs. (Stability and Across changes in scalarization weights, random seeds, and utility datasets, the GA
robustness of port- portfolios occupy a compact region of the risk—equity trade-off space and scalar per-
folio recommenda- formance metrics vary modestly, indicating that the recommended portfolios are ro-
tions) bust to reasonable variations in preferences and initialization.
3.3 Summary

This chapter established the design of this study that underlies all results: (i) data

provenance and preprocessing with field-level reliability, (i) multi-level stratification and

sampling, (iii) definition of targets and constructs (LOF, COF, Risk) with measurement

maps, (iv) a teacher—student modeling stack, (v) training and implementation protocols

for exact reruns, (vi) EVV procedures, and (vii) ethics and reproducibility guardrails.

Together, these choices turn heterogeneous utility data into auditable evidence for renewal

decisions.

Scope and assumptions: The horizon is one capital-planning year. LoF and CoF

are dimensionless 05 indices with band definitions tied to observable mechanisms and
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consequences; risk uses these indices with unit discipline when reporting decision value.
Results are conditioned on the available data, documented imputations, and declared
constraints (budget, constructability, equity), all recorded in the metadata and model

cards.

Threats to validity and mitigations: Potential risks include measurement er-
ror, cohort imbalance, and limited external generalizability. Mitigations include reliabil-
ity-aware preprocessing instead of wholesale exclusion, stratified design and holdouts
across utilities/time, calibration checks, and uncertainty /sensitivity analyses with pre-

specified operating thresholds.

The next three chapters implement this protocol in turn. Chapter 3 (LOF) develops
the likelihood-of-failure index: data and features, teacher rules and student learners, cali-
bration, uncertainty, and EVV. Chapter 4 (COF) presents the modular consequence
model, its measurement maps and aggregation, with uncertainty and EVV. Chapter 5
(Portfolio) formulates multi-objective renewal optimization under constraints, reports Pa-
reto analyses, and quantifies decision value (risk reduction per dollar and customer-hours
avoided). Each chapter cites the exact data cut (hash), configuration, and split manifests

used, and reports results with confidence intervals and calibration diagnostics. The
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appendices supply the metadata book, split manifests, environment receipts, and the re-
producibility ledger (artifact — script — hash). Together these elements complete the

methodological specification and set up the model development and testing that follow.
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Chapter 4

Likelihood of Failure Model

This chapter develops and tests the LOF index models for buried drinking-water
pipes over a one-year capital-planning horizon. LOF provides the predictive signal that,
together with COF, drives risk analysis and renewal prioritization decision making. The
chapter proceeds from explaining failure mechanisms to mathematically formulate into
robust LOF prediction models. This chapter derives features and criteria from the litera-
ture and practice, assembles multi-utility datasets enriched with federal/state open access
datasets, encodes expert knowledge in per-material and diameter fuzzy “teacher” rules,
and trains data-driven “student” learners. ML models are stress-tested at nine different
levels to challenge the model targeting typical and edge cases under a detailed EVV
framework. Outputs are a calibrated, explainable 0-5 LOF score with uncertainty and
guardrails, designed to integrate with the risk and portfolio framework. The chapter closes
with field-validation protocols so performance can be monitored and improved as new

evidence arrives.
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4.1 Goal and Scope

The LOF index prediction models quantify how likely a pipe segment is to fail over
a one-year capital-planning horizon. It integrates structural conditions (e.g., wall-loss,
cracks, wire breaks) and functional performance (e.g., capacity loss from roughness/oval-
ity, pressure stress). LOF is reported on a 0-5 scale with five labeled bands and explicit
criteria so it can drive three decisions: (i) triage for inspection and monitoring, (ii) prior-
itization for renewal projects by integrating with COF and decision criteria within a
budget constraint, and (iii) assessing overall health of water pipeline transmission and
distribution system. The model covers the following contexts found in U.S. drinking-water

systems:

e Material classes: Cast Iron (CI), Ductile Tron (DI), Steel (ST), Polyvinyl Chloride
(PVC), Polyethylene (PE), Prestressed Concrete Cylinder Pipe (PCCP) and As-
bestos Cement (AC).

e Diameter classes: <8 in, 824 in, >24 in.

e Lifecycle contexts: Commissioned pipes in operation influenced by pressure and
transients, soil/groundwater corrosivity and bedding, traffic loading, climate/hy-

drology, demand/criticality, redundancy, among other factors.
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In addition, segment-level representation of pipes is pragmatically defined by the
length of pipe material segmented by network nodes such as valves or hydrants. This
characteristic is defined by the geodatabase as a unit of measurement and ensures that
attributes, exposures and visualizations are aligned consistently and enables the utilization

of model results for visualization and decision support.

Knowledge-structured “teachers” are built first per-material category using Fuzzy
Inference Systems (FIS). Fuzzy inference is used for the teacher models because it is the
only practical way to encode failure mechanism-level knowledge, measurement uncertain-
ties, and policy guardrails in one transparent “white-box” knowledgebase. A fuzzy set lets
a quantity have graded membership between 0 and 1 (e.g., “somewhat high pressure”),
so inputs that are noisy, proxy-based, or sparse do not force brittle thresholds. Linguistic
[F-THEN rules map directly to failure mechanisms are linguistic, and therefore interpret-
able. Membership shapes (triangles, bells, sigmoids/Z) let us tune overlaps to measured
ambiguity and data-reliability tiers, while the aggregation and defuzzification step (con-
version of the fuzzy result to a 0-5 LOF) yields a continuous, calibrated score together
with an uncertainty band derived from rule conflict and coverage. Competing “teacher”

options either overfit or obscure the mechanism. Linear models are too rigid for interacting
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stressors and unconstrained machine-learning models are efficient but opaque and hard to
reconcile with physical priors. The fuzzy teacher therefore provides (i) an interpretable,
mechanism-aligned prior, (ii) sample-efficient supervision for the student models, and (iii)
an explanation layer that can be reviewed with utility experts and traced back to meas-
urable anchors (e.g., remaining wall thickness, pressure, frost action). Here rules are man-
ually set up to represent failure mechanisms (e.g., “high soil corrosivity + frequent pres-
sure spikes — LOF at least Poor”). These rules produce a LOF score (0-5) and an uncer-
tainty band. Subsequently, data-driven “students” then learn from the input-output struc-
tured datasets se FIS to learn the teacher signals reliably, yielding calibrated predictions.
The FIS can also serve as a prior knowledgebase containing linguistic explanations for the
otherwise “black-box” models. This two-stage design injects domain knowledge, improves

sample efficiency, and keeps outputs interpretable.

Next, EVV is performed on the teacher-student models. Fvaluation checks internal
behavior (coverage, sensitivity, calibration) of the teacher models. Verification confirms
that student models correctly learn the teacher and utility patterns through training and
testing performance and stress testing. To stress-test the trained student models, nine

deliberately chosen test bands exercise edge cases. The nine bands are used to create a
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synthetic input-output dataset that is previously unseen by the student learner models
and ensure confidence in predictive accuracy and directionality. Validation tests external
realism by checking student learner models’ performance on real world utility data and
unseen ground-truth observations. Detailed, documented field-data collection protocols
specify what to collect (e.g., wall-thickness, wire-break counts, ovality, pressure logs), how
to score reliability, and what acceptance windows trigger adoption or revision. Results
can be tracked over time, and any discrepancies can be fed back into the rule base, fea-
tures, or training data to ensure continuous improvement. Versioned artifacts (data cut,
configuration, split manifests, environment receipts) across the EVV phase makes the

protocols auditable and reproducible. The overall process is illustrated in Figure 4-1.

Features shortlist
Literature and Expected effects Teacher F‘uzzyhf. l-nfn‘l r'nrf\ Slyst,nmh
Practice Synthesis Failure mechanisms Membership Functions
_ Fuzz.v Rules Klmwlmlg‘vlmac Evaluation
Data Collection Input observable data
£ : v
and Compilation Proxies Output

ML-ready Training Data

ML training
Performance measurement
Selecting best algorithm

| Student Trained ML Models H Verification I

| Student Tested ML Models H Validation

Figure 4-1: LOF modeling workflow illustration
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4.2 LOF Grounding in Failure Mechanisms

The LOF model is anchored in how pipes fail. For each material and diameter
family, the literature and practice converge on a set of deterioration and loading mecha-
nisms (e.g., soil-side corrosion in metallics; loss of prestress in PCCP; ovality and pressure
transients in PVC/PE; chemical attack and poor bedding in concrete). These were previ-
ously summarized in Table 2-4. Those mechanisms are used to (i) pick measurable features
and proxies, (ii) state the expected direction of effect on LOF (selective monotonicity),
and (iii) define low/medium/high bands for fuzzy membership functions. Membership
function ranges and cut points are set by mechanism-aligned references: design ratings
based on pressure class and Standard Dimension Ratio (SDR), standards and guidance
thresholds (e.g., low soil resistivity = high corrosivity based on recommendations from
USBR, AWWA and DIPRA), inspection metrics (e.g., ovality %, wall thickness), and
empirical quantiles calibrated to failure histories. SDR (Standard Dimension Ratio) is the

ratio of a pipe’s outside diameter to its minimum wall thickness:

Dy
SDR = —
t
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A lower SDR means a thicker wall and therefore a higher pressure rating/greater
surge tolerance (e.g., SDR 17 is stronger than SDR 21). For thermoplastic pipes
(PVC/PE), allowable working pressure is roughly inversely proportional to SDR (per

thin-wall hoop stress relationships), so SDR directly encodes pressure capacity.

The “teacher” fuzzy rule base is then hand-crafted from these ingredients (e.g., “IF
corrosivity is high AND Cathodic Protection is absent THEN LOF is High or worse”),
giving structured targets for student learners and explainable linguistic rules for decision

makers and model validators.

4.3 LOF as an Output Metric for Modeling

Literature review showed that the real world application of all the models devel-
oped in the past suffered from a lack of coherent, specific and consistent definition of
terms like failure, leak and break typically used as the predictive outcomes in many arti-
cles. This section explains the definition of the term failure and the specific definitions of

the output LOF index so that it is measurable.
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4.3.1 Definition of Pipe Operational Failure

In this research, “failure” is defined in two complementary ways that match utility
practice. Structural failure is a loss of integrity that creates a physical change in the pipe
such as a rupture, through-wall perforation, a loss of wall thickness due to corrosion or
leaching or growth rate of broken prestressing wires in PCCP, or ovality beyond design
in thin-wall plastics and GRP. Functional failure is the inability to meet level-of-service
targets even if the pipe can withstand the same physical stresses and the structure remains
intact. For example, sustained headloss at required flows, persistent pressure deficits at
customers, unacceptable leakages through joints, recurrent transients that force derating,
or repeated water-quality non-compliance traceable to the asset. Recurrent transients that
force derating means the system is seeing repeated pressure surges (quick up-and-down
swings from pump starts/stops, fast valve moves, hydrant operations, power trips, etc.)
often enough and large enough that the utility must permanently operate the pipe below
its nominal design limits to stay safe. In practice, that “derating” can be lowering the
maximum zone pressure, capping pump speeds, lengthening valve-closure times, or chang-
ing setpoints so those spikes stay within safe bounds. It protects the pipe from fatigue,

joint damage, wire-break growth (in PCCP), and crack initiation (in plastics/GRP), but
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it can also reduce level-of-service for example, fire-flow or peak-hour pressures at high
points. If that reduced operating envelope means the asset can’t meet the stated level-of-
service, we count it as a functional failure. A real life example could look like this. A main
designed to run up to ~115 psi repeatedly sees 40—60 psi spikes when a booster cycles, so
the utility caps it at 90 psi and slows ramps. As a result, the spikes stop, but some cul-

de-sacs now fall under the pressure target at peak demand.

A failure event is counted when a pipe is unable to structurally withstand the
operational stresses or functionally unable to match the promised minimum level of service
beyond a defined duration. These thresholds should align with the local level-of-service

policies set by the water utility.

4.3.2 Development of Target Output LOF Index

The LOF target output is the probability that an asset will cross the above failure
threshold within a chosen horizon H. This research assumes H = 12 months, which is the
usual window for capital improvement or replacement planning for a water utility. The
range can be modified from 3 to 60 months to match planning cadence. The model ties
this output LOF target output to observable and measurable evidence. LOF output index

is expressed with five bands (Very Low, Low, Moderate, High, Very High) matching
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output classes used by water utilities in asset management programs as shown in Table
4-1. Moreover, a 0-5 index provides a balanced trade-off between granularity in results
and computational simplicity and eases integration with other asset classes. The LOF
index can reported as a continuous numerical quantity or a class label for communication.
When the model is applied to a real-world distribution system, it is expected to have the
majority (typically over 90%) of the pipes falling into the “Moderate” middle rating. To
respect the differences in classes as we move towards more extreme values, each level is
further subdivided to allow finer differentiation between classes and future expansion of

the output rating scale as better data becomes available.

Table 4-1: Output LOF Index (0-5) detailed class definitions

Index Detailed Definitions

Pipes rated as Very Low exhibit pristine structural integrity with no signs of wear or degradation and maintain
peak functional performance.

0.0-0.5: Pipes show no internal or external corrosion, cracks, or coating/lining degradation. Concrete pipes have
no wire breaks, no cylinder exposure, and no signs of concrete deterioration. Plastic pipes have no signs of ovality
or deformation. Full hydraulic efficiency is maintained with no internal tuberculation. No service interruptions

ever.

Very Low

0.5-1.0: Pipes have more than 95% remaining wall thickness with internal tuberculation less than 0.2 mm. Concrete
pipes exhibit no wire breaks, and lining/coating is intact. Plastic pipes show minimal ovality (<2%). No service

interruptions ever, reflecting near-new conditions.

Pipes rated as Low show minor signs of wear and tear but maintain overall good structural integrity and functional
performance.

1.0-1.5: Pipes have more than 95% remaining wall thickness with internal tuberculation up to 0.5 mm. Concrete
pipes have no wirebreaks, minor coating/lining wear, and early-stage corrosion. Plastic pipes may have ovality up

1-2
Low

0 2%. No service interruptions ever.
to 2%. No service interruption T
1.5-2.0: Pipes have more than 90% remaining wall thickness with internal tuberculation up to 1 mm. Concrete
pipes have no wirebreaks, minor concrete deterioration, and slight cylinder exposure. Plastic pipes may exhibit

ovality up to 7%. No service interruptions ever.
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Pipes rated as Moderate have moderate wear and some structural and functional degradation.

2.0-2.5: Pipes have more than 85% remaining wall thickness with internal tuberculation of 1-2 mm. Concrete pipes
do not have any wirebreaks, moderate coating/lining deterioration, and early concrete deterioration. Plastic pipes
may have ovality up to 10% and minor surface deformation. Up to 1 service interruption in the past 10 years.
2.5-3.0: Pipes have more than 85% remaining wall thickness with internal tuberculation of 2-3 mm. Concrete pipes

2
Moderate

may have up to 2 wirebreaks, moderate cylinder exposure, and signs of early-stage corrosion. Plastic pipes may
have ovality up to 15% and surface cracks. Up to 1 service interruption in the past 10 years.

Pipes rated as High show significant structural degradation and reduced functional performance, leading to fre-
quent service interruptions.

3.0-3.5: Pipes have more than 80% remaining wall thickness with internal tuberculation of 3-4 mm. Concrete pipes
may have up to 5 wire breaks, significant coating/lining deterioration, and moderate concrete spalling. Plastic

High

pipes may have ovality up to 20% and moderate deformation. Up to 2 service interruptions in the past 10 years.
3.5-4.0: Pipes have more than 80% remaining wall thickness with internal tuberculation of 4-5 mm. Concrete pipes
may have up to 10 wire breaks, severe cylinder exposure, and advanced corrosion. Plastic pipes may show ovality

up to 25% and significant deformation. Up to 2 service interruptions in the past 10 years.

Pipes rated as Very High are severely degraded with major structural issues and extremely poor functional
performance, requiring immediate replacement.

4.0-4.5: Pipes have more than 75% remaining wall thickness with internal tuberculation of 5-6 mm. Concrete pipes
may have more than 15 wire breaks per segment, severe coating/lining failure, extensive concrete spalling, and
severe cylinder exposure. Plastic pipes may have ovality exceeding 30% and severe deformation or cracks. More

than 2 service interruptions in the past 10 years.

Very High

4.5-5.0: Pipes have less than 75% remaining wall thickness with internal tuberculation over 6 mm. Concrete pipes
exhibit more than 15 wire breaks, coating/lining failure, concrete collapse, and severe corrosion. Plastic pipes show
extreme ovality, deformation, or structural failure. More than 2 service interruptions in the past 10 years.

For metallic pipe, the output is defined based on measured wall-loss and pitting

depth from inspection, corrosion potential, leak history, pressure and surge exposure, and

soil corrosivity, combined with normalized headloss at a reference flow. For PCCP and

bar-wrapped pipe, the output is defined based broken-wire counts and their growth over

time, mortar condition including cracking, delamination and carbonation depth, cylinder

condition, transient exposure, and bedding quality including rock point contacts. For PVC

and PE, the output is defined based ovality and strain versus bedding conditions,
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documented impact or installation damage, joint integrity, surge exceedances and, where
relevant, permeation or environmental stress cracking. For AC, the output is defined
based internal chemistry (aggressiveness and alkalinity), sulfate exposure, evidence of lime
leaching, external soil chemistry, cracking or embrittlement indicators, and bedding qual-
ity. For GRP, the output is defined based laminate condition (blistering, cracking, dis-
bonding), measured creep or deflection under load, installation damage, and joint perfor-
mance. Cross-cutting hydraulic observables like headloss, pressure deficits, leak events,

and transient metrics add context to all pipe material LOF measurements.

4.4 Input Data and Feature Specifications

This subsection defines exactly what we feed into the LOF models and how. For
every candidate predictor we maintain the variable’s name, plain-language definition, unit
and scaling, primary data source, spatial/temporal resolution, expected effect on LOF
(direction or shape), a 1-5 reliability tag, material applicability, and notes on proxies or
“can’t-observe” fallbacks. All predictors are stored twice, in raw units and in a normal-
ized /fuzzy form aligned to the model’s 0-5 output index (so guardrails and explainability

rules can be applied consistently).
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4.4.1 Spatial Resolution

At the local scale, the pipe segment remains the atomic unit where each segment
is uniquely referenced by its upstream-downstream node pair and scored on the 0-5 LOF
index with reliability weighting from the data-quality scheme. That segment record is
time-stamped and versioned so trend analyses respect feasible deterioration rates and
directionality. We then aggregate segments into neighborhood “projects” (the contiguous
set you would deliver as one job, such as a block or corridor). Project-level LOF is com-
puted as length-weighted statistics or clusters on GIS using means and percentiles (e.g.,
90th) of member segments for metrics like LOF and failure rates. These project summaries
support packaging and sequencing and are specially useful in the renewal prioritization

model (Chapter 6).

At the network scale (the full utility), LOF reporting can be standardized around
a small set of coarse but stable metrics so leadership can track system health and progress
over time. These metrics include a length-weighted mean LOF, the distribution across the
five output classes, expected failures per 100 mile-years, and the Renewal Shortfall which

is calculated as the annual footage in Poor/Bad minus the planned renewal footage.
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Ideally, this can be further scaled up at the sector-benchmarking level enabling

cross-utility comparisons. We can retain the same 0-5 LOF definition, publish per-mile

and per-connection indicators, and include simple adjustments for diameter, material

share, soil aggressivity, and climate zone so that a coastal PCCP-heavy utility is not

judged by the same baseline as an inland PVC-dominant system. These comparisons can

be framed as descriptive benchmarks rather than rankings. They can be useful for learning

and policy level target-setting, even though this scale level is beyond the scope of this

study.

Geospatial referencing for LOF: To integrate soils, climate, and break history

without double-counting, we use a five-level link-node framework.

Level 1 assigns unique directional node-based 1Ds to pipeline segments, preserving flow

directionality for hydraulic modeling, failure impact assessment and future graph theory

based applications for better assessment of pipe criticality and hydraulics. Level 2 removes

directionality, assigning unique node IDs at intersections and breakpoints, which is useful

for material-based analysis, historical assessments, and general network topology evalua-

tions. For enhanced spatial accuracy, Level 3 incorporates geographic coordinates along

with elevation data, enabling pressure zone delineation and failure risk estimation using
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digital elevation models (DEMs). Level 4 simplifies this by using only latitude and longi-
tude, making it easier to overlay pipelines with external datasets such as soil conditions,
land use, and climate zones. Finally, Level 5 provides a basic route-street reference if no
other information is available, allowing pipelines to be identified based on their proximity
to roadways, which is particularly useful for field inspections, construction planning, and
utility coordination. This follows the standard method for georeferencing water pipe nodes

following the FHWA’s link-node and route-street referencing techniques (see Figure 4-2).
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Route Section Database Table
Link ID Beaqin Node ID End Node ID
050103 050 103 Location reference — on Street A between Streets 22 and 23, or
068103 068 103 on Street A, X-feet (m) from its intersection with Street 22,

Figure /-2: Geospatial referencing techniques (FHWA 2001). Figure on the left illustrates the
directional link-node technique (Level 1) and the figure on the right illustrates the route-street

referencing technique (Level 5) as applied on US highways geospatial data
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4.4.2 Temporal Resolution

We anchor the analysis to discrete “analysis years” (calendar or the utility’s fiscal
year; we adopt the utility’s convention by default) and build every feature as-of a cutoff
date to avoid look-ahead bias. Renewal interventions and work-order signals like breaks,
leaks, emergency repairs, rehabilitation or replacement are compiled in annual windows,
and environmental layers that change slowly (soil indices, groundwater regime, corrosion
potential, climate normals) are also summarized annually. Where higher-frequency obser-
vations exist (e.g., seasonal freeze-thaw or monthly pressure logs), we aggregate them
into annual statistics, so the yearly frame remains consistent without discarding the higher
resolution data. At the pipe-segment level, each record carries exact date stamps for in-

stallation, renewals, inspections, and failures.

4.4.3 Data Assumptions and Reliability Levels

Each pipe node sample needs to be judged for uncertainties to ensure it is usable
for modeling and reliable for testing hypotheses in the validation experiments. All data
used in this research is categorized into 5 levels as shown in Table 4-2. The basic level

data with lowest reliability is based on the professional experience and intuition of Subject
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Matter Experts (SMEs) such as a utility asset manager’s assessment of bedding quality
without inspection evidence. In the middle range, Lab Test Data consists of components
like hydrants, pumps or scaled-down versions of water pipeline systems in a lab setting,
such as lab testing of a water pump unit or simulating a small-scale water distribution
network to study flow rates and pressure conditions. At the highest reliability level, Op-
erational Real-World Data provides the most reliable and representative data from actual
system operations using reliable measurement technologies. Examples of such data include
real time water quality or flow monitoring data, remaining wall thickness, renewal activity
in an intervention, visual condition assessment including forensic data collected after pipe-

line failure like number of wire breaks (for PCCP), failure mode, etc.

Table 4-2: Data Reliability Score to Quantify Uncertainties

Reliabilit
Y Category Definition
Level
] Educated Guess: Domain Data and insights provided by SMEs based on their experience, in-
Knowledge tuition, and knowledge.
Data derived from fundamental scientific principles and physical
. Derived: Simulated/ Theo- ) . ) P P P y
2 . . laws, combined with advanced computational models and simula-
I'etlcal/ Assumption . . . . .
tions to predict system behavior under various scenarios.
3 Direct Measurement: Lab Data collected from testing components or scaled-down versions of
Scale pipeline systems in a controlled lab setting.
4 Direct Measurement: Pilot Data obtained from testing the system in a live but controlled envi-

Scale ronment, under actual operating conditions.

. Data collected from the system's operation in the real world with-
Direct Measurement: Sys-

ot

out any controlled testing environment, providing the most reliable
tem Scale .
and representative data.
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When a preferred measurement is unavailable, we keep LOF estimable by following
an explicit, ordered proxy path and tagging each substitute with a reliability score (1-5)
and full provenance. For example, for remaining wall thickness (parameter for metallic
pipe models), we first seek direct ultrasonic or other NDE readings (5); if absent, we use
coupon tests or CCTV-based inference (4); if those are missing, we revert to a proxy
corrosion composite built from pit depth, soil corrosivity class, and age (2). For water
quality (Langelier Index), we compute it from in-situ pH, alkalinity, and hardness (5);
otherwise, we use utility water quality reports (4); failing that, we apply regional norms
(2). For pressure, we prefer minute-level SCADA at the nearest node (5); if unavailable,
we take a calibrated hydraulic model output (2); as a last resort, we estimate from eleva-
tion head and zone rules of thumb (1-2). For traffic loading, we use agency axle counts
where available (5), else infer from functional road class or Average Daily Traffic (ADT)
from the respective Department of Transportation (DOT) within a 20 ft GIS buffer on
neighboring pipes (2). For groundwater depth, we first pull local monitoring well records
(5), then fall back to national level National Resources Conservation Service (NRCS) Soil
Survey Geographic Database (SSURGO) for each watershed in the US. (2). Every proxy

choice is recorded alongside its reliability and source.
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4.4.4 Data Sources for LOF Model Inputs

The LOF models can use any of the following types of sources of data:

Geospatial: The GIS inventory provides network topology, material, diameter,
installation year (vintage), and where available, depth and lining or coating. A version-
controlled, node-to-node network with unique segment identifiers and attributes reaches
level-5 reliability. Common gaps include unknown material, diameter, installation or pro-
tection information, long centerlines spanning appurtenances (single GIS pipe segment
running straight through fittings like valves, tees, crosses, reducers, or pressure-zone
boundaries instead of being split at those points), and occasional geometry errors. When
material is missing, inference uses spatially adjacent segments within the same diameter
category and build era, cross-checked against local adoption timelines. Diameter falls back
to the nearest confirmed value within the same pressure zone. Installation years are im-
puted from parcel or subdivision build years or the first service connection date. These
inferences are tagged level-2 to level-3 and recorded with method codes. Long lines are
split at tees and valves when appurtenance layers or as-builts permit; if not, the line is

retained with a cautionary tag and down-weighted in analysis.
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Work Order: Work orders and break logs supply empirical failure history and
failure modes. High reliability is achieved when events are geocoded directly to segments
within a small snapping tolerance (spatial join with closest within technique) or if the
pipe identifier is available to merge using those unique values. Any duplicates are merged,
mode labels are normalized to a controlled list, and timestamps are resolved to the day.
Address-only records are street-matched and then snapped to the network (level-3 to
level-4). Ambiguous free text is mapped to the closest mode, with “unspecified structural”

used as a last resort.

Hydraulics: Hydraulic and operational signals quantify static and minimum pres-
sure, variability, and exposure to transients. Where SCADA (Supervisory Control and
Data Acquisition) time series exist, pressures are summarized to planning windows using
robust percentiles (for example, 5th, 50th, and 95th monthly and annually) and mapped
to segments by zone and the nearest hydraulic node (level-5 if sensor coverage is dense
and recent). If sensors are sparse, calibrated model node pressures are transferred by
nearest-node or zone membership (level-3 to level-4 depending on calibration recency and
error). In the absence of both, static pressure is estimated from elevation head and typical

zone set-points, with night minima bounded by local demand patterns (level-2). Without
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transient loggers, proximity to pumps, pressure-reducing valves, and high-frequency valve

operations is encoded as a proxy for surge risk (level-2).

Field Performance: Field and forensic measurements anchor condition with met-
rics confirming direct evidence like ultrasonic wall-loss and coupon corrosion rates, visual
observations for coatings, acoustic wire-break counts for PCCP, and leak acoustics. Meas-
urements tied to precise locations, methods, and footprints, and linked to segment iden-
tifiers within the past three to five years, achieve level-5 reliability. Corridor-scale inspec-
tions are length-weighted across traversed segments and tagged level-4; legacy records
lacking coordinates are attached to material-diameter—vintage cohorts and used as priors
rather than labels (level-3). Where no direct measures exist, membership functions for
corrosion and lining condition are widened to reflect uncertainty rather than up-rating

LOF based on anecdote.

Expert opinion: Structured expert workshops and interviews contribute plausi-
bility of failure mechanisms, typical ranges, and local practices that explain residual pat-
terns. These inputs are encoded as priors, expected directions and plausible ranges and as
rule checks in the fuzzy “teacher” model, not as ground truth. By design they carry level-

1 to level-2 tags and act to constrain or sanity-check, not to drive labels.
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External Open Source: External open source datasets from reliable federally
sponsored efforts are used to enrich the environmental and loading context. Soils charac-
teristics and geology come from SSURGO (Soil Survey Geographic Database). We use the
gridded SSURGO rasters (gSSURGO/gNATSGO-derived) at 30 m cell size, updated on
an annual refresh cycle, with statewide tiles covering the 48 contiguous states, Hawaii,
and portions of Alaska. Segment attributes are assigned from rasters by sampling along
the pipe line segment. Raster values are sampled at the segments via nearest-cell lookup
using a spatial join, and the segment value is computed as a length-weighted statistic
(majority class for categorical themes; mean/median for continuous properties like pH or
drainage index). Short segments (< 30 m) default to the midpoint cell; where the segment
crosses multiple cells, the aggregation reflects the fraction of the segment within each cell
(captured by the vertex spacing). Given SSURGO’s authority and annual refresh, we tag
these soil attributes as reliability level 5. In rare cases of known trench fill, we additionally
set an “unknown/fill” flag but retain the level-5 tag for the underlying source. In internal-
corrosion contexts, water chemistry (for example, Langelier index) may be used as a dis-
tinct proxy. Transportation loading is represented by AADT (Average Annual Daily Traf-
fic) joined from road centerlines to segments within a defined buffer of 20 meters. Wher-

ever AADT is missing on local streets, functional road class serves as an ordinal proxy.
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Critical facilities and land use are joined using distance buffers to capture service disrup-
tion likelihood near hospitals, schools, and industrial facilities. Parcel-level classes are
preferred over block-level classes when available. Environmental data enrichment is based
on datasets like FEMA floodplains, National Wetland Inventory (NWI) shapefiles, slopes
from digital elevation models, and seismic zones (especially for utilities on the west coast)

using 30 m buffers on pipes.

4.4.5 Data Dictionaries

Data dictionaries are prepared for all feacher models summarizing all the data
specifications. An example for the data dictionary prepared for metallic <16” model is
shown in Table 4-3. Dictionaries for all teacher models can be found in Appendix C. Each
dictionary row declares the hypothesized sign or shape and we test it during training. We
apply selective monotonic directions where physics is unambiguous. Variables like wall-
loss, wire-break count and growth, ovality, normalized headloss, leak rate, and corrosivity
increase risk monotonically. Variables with U-shaped or conditional effects like operating
pressure are modeled with capped or U-shaped mappings rather than forced monotonic

trends. This avoids perverse responses while preserving scientific consistency.
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Table 4-3: Data dictionary for metallic <16” teacher fuzzy model

Effect on LOF Rel. Mate-
rials

Definition (segment- Unit / Source & resolu-

Scale

Predictor Proxy / fallback

level) tion

years (raw) 1 older = higher If missing: service

Years from install to ob- Asset register; an- CI, DI .
Pipe age . + 0-5 5 ' LOF (monotone 5 > 77 start date from bill-
servation year X nual Steel X
(fuzzy) +) ing (2)
. . Asset register + Depends on era If unknown: infer
. R Era capturing mate- categorical . . . .
Pipe vintage . . standard history; (e.g., pre-1960  4-5 CI, DI  from nearby seg-
rial/standard changes — 0-3 bins . i ’
static CIT) ments (1-2)
Presence/condition of lin-  boolean / Rehab/inspection Lined | LOF; CI, DI, CCTV notes (4) —

Internal lining

[

ing condition records; per job failed lining 1 Steel SME flag (1)
Soil resistivity +
External pro- Coating/ Jep stat 0-3 condi-  As-built + CP logs;  Better protec- 3.5 CI, DI, P stati y 1
‘oating/wrap/cp status 'P stations nearb,
tection & P/P tion annual tion | LOF ° Steel @) Y
. L " . . All )
. Hydraulics roughness indi- coeff. (raw) Model calibration or Lower C Trend from headloss
C-factor i i 2-4 metal-
cator + 0-4 bins test; annual (rough) T LOF i tests (3)
ic

Remaining wall

% (raw) + UT/NDE; ad hoc per Lower RWT 1 CI, DI, Pit depth + age +

thickness % of nominal wall ) 4-5
. 0-5 bins inspection LOF (strong + Steel soil class (2
(RWT) ° 1 (strong +) 2)
Pit deptl Max pit depth on inte- mm (raw) + Coupons/CCTV; per  Deeper pits T 4 CI, DI, Soil corrosivity in-
1 aepE rior/exterior 0-4 bins job LOF Steel dex (2)
. . . . . U-shaped: very X .
Operating pres- Typical zone pressure; psi + 0-5 SCADA minute- . Elevation head if no
. low & very high 2-5  All
sure surge exposure bins level; model + sensors (1-2)
Composite score (resistiv- . . .
X o X . X . Geotech logs / Higher corro- CI, DI, Regional soil class
Soil corrosivity  ity, chlorides, sulfates, index 0-4 . L 2-5
. SSURGO; 10-30 m sivity T LOF Steel (2)
moisture)
Bedding condi- Support class at install /  0-2 condi-  As-built + photos; Poor bedding T L4 Al Road class + depth

tion inspection tion one-time LOF as risk proxy (1-2)

Guardrails enforce feasible deterioration rates, range checks, and cross-field coher-
ence (e.g., extreme tuberculation cannot co-exist with “perfect” C-factor). If the learned
partial dependence between input features and output contradicts the dictionary and
physics (e.g., “older pipes look safer”), we first re-check data lineage and reliability, then
constrain or re-express the feature (e.g., winsorize outliers, re-bin vintage). In practice,

controlled winsorization caps extreme values at chosen percentiles so outliers cannot
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dominate model fitting. Values below a lower cutoff (e.g., 1st—2.5th percentile) are set to
that cutoff and values above an upper cutoff (e.g., 97.5th-99th) are set to that cutoff,
preserving all records while stabilizing means, variances, and partial-dependence esti-
mates. Caps are computed within coherent cohorts (same material, diameter band, pres-
sure zone, and when drifts are suspected within a rolling time window) so thresholds
remain physically meaningful. Critically, ground-truth structural features that define risk
like verified remaining wall thickness, wire-break counts, and extreme headloss are not
winsorized to avoid masking the very conditions linked to failure. This practice keeps the

LOF model mechanism-aware rather than purely correlative.

Provenance, versioning, and implement ability: The dictionary is under ver-
sion control and every change to ranges, bins, or proxies is logged with a date, rationale,
and affected materials. Each feature value carries provenance (source, timestamp,
method) and the reliability tag, so downstream LOF outputs can be filtered (e.g., we only
report bands where >80% of inputs are Level 4/5). The same schema will be reused in

the COF and Risk chapters, with feature sets specific to those targets.
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4.5 Descriptive Analytics and Failure Baselines

This section draws on the Sinha (2021) national compilation of water pipeline field
performance data. Inventory and work-order datasets from more than 500 U.S. water
utilities of varied size and governance helped support this initiative. Heterogeneous inputs
were standardized through repeated checks with each utility, producing consistent fields
for materials, diameters, installation year, and intervention history. This breadth limits
local bias and lets us treat recurring patterns as defensible priors rather than anecdotes.
We use these priors to initialize the fuzzy antecedents (which drivers to include, expected
directions) and to weight rule motifs by the strength and stability of empirical gradients.
We do not treat the national figures as ground truth for any single utility; they inform

starting points that are then adapted with that utility’s own data.

4.5.1 Baselines by Material, Diameter and Ecological Cohorts

To normalize varying failure definitions and counts from utilities, we summarize
outcomes as intervention rates per 100 mile-years, stratified by material and diameter
category as shown in Figure 4-3. Intervention rates in further relevant subcategories like

age group, and ecological cohorts can be found in Sinha (2021). The baselines reproduce
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known gradients like smaller diameters in cast iron and asbestos cement show higher rates;
ductile iron and steel trend lower; large-diameter concrete families (PCCP, RCP) remain
low. Rates increase with age cohorts, and ecological partitions shift levels in mechanism-
plausible ways (e.g., poorly drained soils and high frost action raise metallic-pipe inter-
ventions). These baselines set quantitative anchors for fuzzy membership thresholds (e.g.,
what constitutes “high stress” or “elevated LOF” for a given material-cohort) and help

tune consequents (e.g., expected LOF band under a driver combination).

35 Diameter
H < 8in

20 ] 2941 [ >8to20n
B -20in

27.36

[~ [3)
w o
I 1

Interventions per 100 mile-years
=
==

6.79

Spun CI Pit CI DI Steel pccp RCP AC PVC HDPE

Figure /-3: Baseline intervention rates by material and diameter classes (Sinha 2021)
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4.5.2 Mechanism-linked Drivers with Material-specific Directionality

Correlation and stratified analyses in Sinha (2021) identify drivers that align with
known mechanisms and vary by material. The correlation map is shown in Figure 4-4.
External corrosion indicators (soil resistivity, pH, redox) dominate metallic outcomes;
frost-season months elevate intervention frequencies in cold regions; shallow bedrock and
high traffic loading increase interventions in plastics; higher operating pressure and pres-
sure transients raise PVC rates. Limited but direct condition data (remaining wall thick-
ness, pit depth, graphitization) point in the same directions for metallics. We translate
these into monotone expectations and pairwise synergies in the fuzzy rule base. For ex-
ample, for metallics, the rule weight increases when corrosivity is high and traffic loading
is high; for PVC, elevated minimum pressure combined with shallow cover or high traffic

raises the consequent LOF band.
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(Overall) #WB

Figure 4-4: Mechanism map: driver-outcome correlations by material categories. Cohen bins
(Jr]): strong = 0.5, medium 0.3-0.5, weak 0.1-0.3, negligible < 0.1. NA = insufficient or incon-
sistent data (Sinha 2021)

4.5.3 Failure Modes and Causes as Fuzzy Rule Motifs

Observed failure mode and cause profiles differ by material. Corrosion is prevalent

in metallics; PVC is dominated by longitudinal splits and third-party or installation-

related causes; PCCP involves wire-break mechanisms and manufacturing effects. The

descriptive statistics for failure modes and causes for each material family can be under-

stood from Figure 4-5. These patterns determine which antecedents are salient for each
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material family and which combinations are less informative (e.g., soil corrosivity is cen-
tral for metallics but not for PVC; operating pressure and construction quality matter
more for PVC/HDPE). We encode these distinctions as material-specific rule motifs, so

the teacher model remains mechanistically faithful.

A. Failure modes by material category C. Modes (left) vs Causes (right) by family D. PCCP failure modes
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Figure 4-5: Failure modes and causes for different pipe material families (Sinha 2021)

Attribution and limits: Where the national dataset is sparse or heterogeneous,

we use structured expert input based on interviews with asset managers and engineers

from utilities across the US representing various operational and management scenarios

141



to set initial ranges and breakpoints. Expert input acts as a prior and empirical baselines

and utility-specific data dominate when available.

4.6 Knowledge-structured “teacher” model (fuzzy inference)

We formalized six “teacher” models, each aligned to a mechanism-coherent mate-
rial /diameter family: metallic <16" (CI, DI, GI, steel), metallic >16" (CI, DI, steel),
plastic (PVC, HDPE), PCCP, cement/concrete (BWP/RCP/RCCP), and asbestos-ce-
ment. The split captures distinct deterioration physics: GI is predominantly small-diam-
eter; steel is mostly large-diameter; PCCP warrants its own model because of the wire-
cylinder-mortar composite; plastics share similar mechanisms across sizes; AC has unique
leaching and embrittlement behavior. The lifecycle performance characteristics, failure

modes, material standards, and vintage-specific effects for each pipe type are detailed in

Sinha (2021).

4.6.1 Membership Functions and Input Space

Each model maps observable inputs into fuzzy sets using overlapping membership

functions (MFs). The membership of parameter values in crisp sets can be defined based
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on a characteristic function expresses the degree to which a crisp value x belongs to a
linguistic class.

_(lifX€S
MS(X)_{OifX ¢s

Commonly used membership functions to represent input and output parameters are
shown in Figure 4-6. In the LOF teacher model, the membership-function family should
mirror the mechanism and the decision granularity. Triangular and trapezoidal sets are
piecewise-linear and highly interpretable, ideal for coarse, rule-auditable concepts (e.g.,
vintage bands, protection condition) and for fast elicitation from experts. Gaussian and
generalized bell sets are smooth and differentiable, better for sensor-like quantities with
noise and gradual transitions (e.g., C-factor about a nominal value, moderate headloss),
and for overlapping terms where continuity matters; the bell’s adjustable width/slope
helps tune overlap without sharp corners. Sigmoid (S-shaped) sets encode monotonic on-
sets which is useful for threshold processes (e.g., risk increasing with operating pressure
or corrosivity), while the Z-shaped complement captures monotonic decay (e.g., member-
ship in “low risk” shrinking as stressors rise). In practice, use triangles/trapezoids when

transparency and easy calibration dominate; use Gaussians/bells when physical signals
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are smooth and uncertainty is gradual; use sigmoid/Z when domain knowledge implies a

one-direction response.

1.0
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Figure 4-6: Common fuzzy membership functions to represent inputs and output parameters

We use triangular, trapezoidal, and Gaussian shapes, tuned so that (i) class centers align
with measurable anchors (e.g., remaining-wall-thickness, C-factor, Langelier Index), (ii)
overlaps are wide enough to allow graded transitions, and (iii) monotone relations are

preserved for mechanism-defining variables (e.g., lower RWT must not imply lower LOF).
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Inputs are grouped as internal (water chemistry, temperature, lining/coating), ex-
ternal (soil class, groundwater and frost action, traffic/pressure loads, protection), and
inherent condition (age, C-factor, historical breaks, RWT). Across the six teachers we use
~125 inputs. The input parameters and specifications for metallic <16" fuzzy inference
expert system is shown in Table 4-4. The tables for the other 5 fuzzy inference expert

systems are shown in Appendix D.

Table 4-4: Input parameters for “teacher” fuzzy inference expert system for metallic <16”

Typical
Parameter Membership Function Labels Range i/}pl‘cta Input Data Preparation
ni
Original range: 0-300 years. Scaled down: New (0-20
_ New (0-0.27), Used (0.27-1.07), Old riginal range: 0-300 years. Scaled down: New (
Pipe Age Years years), Used (20-80 years), Old (80-120 years), Obso-

1.07-1.6), Obsolete (1.6-2.67
( ), Obsolete ( ) lete (>120 years).

Best Vintage (0-0.5), Relatively Original range: 1900-2025. Scaled down: Cast Iron
Pipe Vintage  Good (0.5-1.5), Relatively Fair (1.5-  0-3 Years Pipes (Best Vintage (1900-1930), Relatively Good
3) (1930-1960), Relatively Fair (1960-2025));
Pipe Internal Lin-
e 11.er11 o Yes (0-1), No (1-2) 0-2 Boolean Same for all metallic materials
ing
Pipe External Conditi
e B e.'nn Good (2-3), Fair (1-2), Poor (0-1) 0-3 ondition Same for all metallic materials
Protection Score

Good (0.3-2), Fair (-0.3 to 0.3), Poor Langelier In-  Original range: -2 to 2. Scaled down: Good (0.3-2),

Water Quality (-2 to -0.3) 2t02 dex Fair (-0.3 to 0.3), Poor (-2 to -0.3)
None (0-0.25), Low (0.25-0.375), Original range: 0-20 breaks. Scaled down: None (0-1),
Pipe Breaks <16” Moderate (0.375-0.75), High (0.75-  0-5 Count Low (1-2), Moderate (2-4), High (4-5), Very High
1.25), Very High (>1.25) (>5).
Pipe C-Factor Rough (1.25-1.75), Fair (2.0-2.5), 04 Coefficient ()r.igilml range: 0-160. Scaled down: Rough (50-70),
Smooth (2.5-3.75), Perfect (3.75-4) Fair (70-110), Smooth (110-130), Perfect (130-160).
Pipe Remaining  Excellent (4.95-5), Good (4.5-4.95), Original range: 0-100 mm. Scaled down: Excellent
Wall Thickness Fair (4.0-4.5), Poor (3.0-4.0), Critical 0-5 % (99-100), Good (90-99), Fair (85-90), Poor (60-85),
(RWT) (0-3.0) Critical (<60).

Low (0-0.3), Moderate (0.6-1.2), High Original range: 0-100 mm. Scaled down: Low (0-7.5),

Pipe Pit Depth (1.2-2.4), Critical (2.4-4) 0-4 % Moderate (7.5-22.5), High (22.5-45), Critical (45-100).
Very Poor (0-1, 3.75-5), Poor (1-1.75, Original range: 0-200 psi. Scaled down: Very Poor (0-
Pipe Pressure  3-3.75), Fair (1.75-2.25), Good (2.25- 0-5 psi 40, 150-200), Poor (40-70, 135-150), Fair (70-90),
2.75), Excellent (2.75-3.5) Good (90-110), Excellent (110-150).
Soil Particle Size Coarse (0-1), Medium (1-1.5), Fine 0-2 Size Cate- Same for all metallic materials
(1.5-2) gory
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Very Shallow (0-0.33), Shallow (0.33-

Original range: 0-30 ft. Scaled down: Very Shallow (0-

Pipe Depth 0.67), Moderate (0.67-1.5), Deep 0-5 Feet 2 ft), Shallow (2-4 ft), Moderate (4-10 ft), Deep (10-
(1.5-2.5), Very Deep (2.5-5) 20 ft), Very Deep (20-30 ft).
Original range: 0-3. Scaled down: L 2-3), Medi
Frost Action  Low (2-3), Medium (1-2), High (0-1) 0-3 Index riginal ralge (1_2‘)* ;i;ﬁ"é‘gjl).”w (2-3), Medium
Original range: 0-3. Scaled d : L 2-3), Medi
Traffic Loading Low (2-3), Medium (1-2), High (0-1) 0-3 Index Hetal Tanse N e(. down: Low (2-3), Medium
(1-2), High (0-1).
Water Table  Deep (1.5-3), Moderately Deep (0.75- 03 Feot Original range: 0-20 ft. Scaled down: Deep (>10 ft),
- eet
Depth 1.5), Shallow (0-0.75) Moderately Deep (5-15 ft), Shallow (0-10 ft).
No Cracks (0-1), Hairline Crack (1- Severit Original range: 0-5. Scaled down: No Cracks (0-1),
everit
Pipe Cracks 2), Minor Crack (2-3), Major Crack  0-5 L ly Hairline Crack (1-2), Minor Crack (2-3), Major Crack
eve
(3-4), Fracture Burst (4-5) (3-4), Fracture Burst (4-5).
. N Critical (0-0.4), High (0.4-1), Me- (')I'iginal. range: 0-10000. S(',alfwd down: Critical (0-
Soil Corrosivity . 0-4 Index 1000), High (1000-2500), Medium (2500-5000), Low
dium (1-2), Low (2-4) -
(5000-10000).
Original range: 0-2. Scaled down: Absent (0-1), Pre-
Stray Currents Absent (0-1), Present (1-2) 0-2 Presence Hetal ranse caled down: Absent (0-1), Pre
sent (1-2).
. ) Poor (0-0.7), Fair (0.7-1.3), Good Condition  Original range: 0-2. Scaled down: Poor (0-0.7), Fair
Pipe Joints 0-2
(1.3-2) Score (0.7-1.3), Good (1.3-2).
. Poor (0-0.7), Fair (0.7-1.3), Good Condition  Original range: 0-2. Scaled down: Poor (0-0.7), Fair
Pipe Valves . 0-2 . .
(1.3-2) Score (0.7-1.3), Good (1.3-2).

Pipe Graphitiza- Low (0-0.4), Moderate (0.8-2), High 04 Condition Original range: 0-100. Scaled down: Low (0-10), Mod-
tion (2-3.4), Severe (3.4-4) Score erate (10-35), High (35-65), Severe (65-100).
Groundwater Low (0-0.45), Moderate (0.45-0.9), 0-3 Feet Original range: 0-20 ft. Scaled down: Low (0-3 ft),

- eet

Fluctuation High (0.9-3) ‘ Moderate (3-7.5 ft), High (7.5-20 ft).
Very Cold (0-1), Cold (1-2), Moder- Original range: -20 to 150 °F. Scaled down: Very Cold
Temperature  ate (2-3), Warm (3-4), Very Hot (4- 0-5 °F (<32°F), Cold (32-57°F), Moderate (57-82°F), Warm
5) (82-107°F), Very Hot (>107°F).
Original range: 0-100 inches/year. Scaled down: Low
L 0-1), Average (1-2), High (2-3), ’
Precipitation ow (0-1), g (‘i'm(l ((3 4>) igh (2-3), 0-4 Inches/Year  (0-10 in/yr), Average (10-30 in/yr), High (30-60
ritical (3-
in/yr), Critical (60-100 in/yr).
Original range: 20-100 °F. Scaled down: Hot (>70°F
Internal Water Hot (3.5-5), Warm (3-3.5), Moderate reta Tanse caed Cowii: Ho ‘(> )
. 0-5 °F Warm (55-70°F), Moderate (45-55°F), Cool (35-45°F),
Temperature (2-3), Cool (1-2), Cold (0-1)
Cold (<35°F).
Bedding Condi-  Poor (0-0.5), Fair (0.5-1.5), Good 0.2 Condition  Original range: 0-2. Scaled down: Poor (0-0.5), Fair
tion (1.5-2) ] Score (0.5-1.5), Good (1.5-2).
Original range: 0-5. Scaled down: Excellent (0-
Vi High, High, Moderat
LOF Index ery sty FgT, Moderate 0.5 Index  1.5), Good (1.5-2.5), Fair (2.5-3.5), Poor (3.5-

Low, Very Low

4.5), Bad (4.5-5).
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4.6.2 Rule-base and IF-THEN Mechanics

Each teacher encodes expert knowledge as Mamdani-style IF-THEN rules that tie
driver motifs to LOF bands on a 0-5 scale. Rules are compact and only variables relevant
to a motif appear in the antecedent. Boolean operators use a standard t-norm for AND

(product) and s-norm for OR (bounded sum). Example motifs:

e External corrosion: IF {Soil corrosivity = High} AND {Protection = Poor} AND
{RWT = Low} THEN {LOF = Very High}.

e Hydraulic stress in plastics: IF {Operating pressure = High} OR {Traffic = High AND
Depth = Shallow} THEN {LOF = Poor— Very High}.

e Load-induced concrete distress: IF {Traffic = High} AND {Bedrock depth = Shallow}

AND {Frost action = High} THEN {LOF = High}.
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Pipe M Presence of Leadite Joints
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Number of rules in 1 FIS=882
Number of rules in 6 FIS=5292

Figure 4-7: Ilustration to show the workings of “teacher” fuzzy inference system from inputs —
rules - LOF (0-5)

To control combinatorial growth in rules, we template rules by mechanism and
material family, then specialize only where evidence or practice requires it. Across all
teachers we maintain 5,292 rules. Consequents use the same five named LOF bands (Very
High, High, Moderate, Low, Very Low), defined on the 0-5 axis with gentle overlaps to

keep interpolation smooth.
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4.6.3 Inference, Interpolation, and Defuzzification

For a given segment, inputs are fuzzified into degrees y;. Rule firing strength w, is
the product of antecedent degrees. We truncate the consequent MF of each rule at w,,
aggregate all rule outputs by bounded summation (cap at 1), and compute a crisp LOF
by the centroid of area. This procedure yields natural interpolation between nearby rules.
When inputs straddle linguistic boundaries, multiple rules fire with fractional weights,
and the centroid returns a stable middle value. However, there are many other methods
that can be used. An illustration to show how different defuzzification rules can be used
to get different crisp output values shown in Figure 4-8. Panels show five methods—
centroid (COG), bisector (BOA), Mean of Maxima (MOM), Smallest of Maxima (SOM),
and Largest of Maxima (LOM). A fixed reference line (LOF = 3.0) runs across all panels

for visual alignment.

Each method yields a different crisp value due to distinct summarization rules
(area~-weighted vs. plateau-based), underscoring the importance of explicitly choosing and
justifying the defuzzification operator in the teacher model. For the LOF teacher model,
the choice of defuzzification operator should match the decision intent. COG provides an

area-weighted “expected value” and is preferred for continuous LOF reporting because it
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uses all available evidence and is smooth to small rule changes. BOA returns the point
that splits the aggregated area in half and suits cases seeking a median-like summary that
is less sensitive to long tails than COG. MOM focuses only on the peak region and works
well for linguistic band assignments where the most plausible label should dominate. SOM
and LOM resolve flat peaks with explicitly optimistic (leftmost) or conservative (right-
most) choices, useful when policy requires a bias toward cost savings or precaution, re-
spectively. In practice, COG is used for the continuous LOF score, MOM for band selec-
tion, BOA as a tail-robust compromise, and SOM/LOM when tie-breaking must reflect a

stated risk posture.
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Figure 4-8: Illustration to show how different defuzzification methods can give unique crisp out-
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4.7 Evaluation, Verification and Validation

This section presents the results from a robust testing process for the LOF teacher-

student models. Evaluation covers development-time diagnostics and is performed by the
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modeler, establishing that the model behaves sensibly before any formal tests. Verification
then tests the student ML model’s agreement across 19 material-diameter cohorts. Finally,
Validation reports real-world performance of the verified student ML models by statisti-
cally testing agreement with incumbent utility indices, expert concordance, and one-year
failure coverage by cohort. Together, the EVV layers move from internal checks to formal
pass/fail gates to external realism, with all windows, strata, and code artifacts frozen for

reproducibility.

4.7.1.1 Development of Verification and Validation Dataset

A machine-learning model’s robustness and generalizability depend on the diversity
and independence of the data used for both development and testing. For model develop-
ment and verification, we use pipe-inventory and field-performance datasets from seven
distribution utilities (A-G), which together span a wide range of materials, diameters,
protection practices (internal linings, polyethylene wrap, cathodic protection), and failure
mechanisms (corrosion, cracking, joint failures, wall loss). For validation, we draw on
three utilities. One of the original seven (Utility E), which provided condition-assessment
and work-order datasets that were held out from training, plus two additional utilities (H

and I) that contributed large-diameter PCCP wire-break records and non-metallic (PVC,

152



PE, AC) failure histories, respectively. Collectively, these nine systems (as shown in Fig-
ure 4-9) cover frost-heavy, coastal, arid, and humid continental climates and a mix of
small, medium, and large utilities, so the LOF models are challenged across diverse oper-

ational and environmental conditions rather than tuned to a single system.
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Figure 4-9: Participating utilities for LOF model verification and validation (anonymized A-I).
Blue markers denote utilities that contributed data for model development and verification only
(A-D, F, G); green markers denote the ulility thal contributed both development/verification
and independent validation data (E); orange markers denote utilities that contributed independ-
ent validation datasets only (H, I).

The dataset distribution from the utilities is presented in Table 4-5. These datasets

capture a wide range of geographical conditions, from frost-heavy regions to partially arid

but high-precipitation areas, as well as coastal utilities with varying soil corrosivity.
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Additionally, the inclusion of utilities of different sizes ensures a broad spectrum of man-
agement practices, funding constraints, expertise levels, and risk preferences. This com-
prehensive dataset ensures that the ML model can learn and generalize across diverse
operational and environmental conditions, reducing biases and improving predictive ac-

curacy in both common and high-consequence scenarios.

Table 4-5: Utility datasets for Model Verification and Validation
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4.7.2 Evaluation of the Teacher model

The teacher FIS is evaluated by the modeler in three steps that collectively ask

whether the rules are representative, stable and mechanism-consistent. The goal is not to

“optimize” the teacher but to demonstrate that it encodes the intended mechanisms with

defensible behavior over the space of conditions the model will face, before handing the

structured input-output dataset for supervised learning of the student models.

4.7.2.1 Representativeness and Coverage

We first verify that input membership functions span realistic operating envelopes
and that the rule base returns expected outputs at the boundaries. Membership-function
panels (six exemplars are shown in Figure 4-10; all 6 “teacher” models need 125 inputs)
are reviewed to confirm supports and overlaps reflect measurement ranges and ambiguity

levels agreed with utility SMEs.
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Figure 4-10: LOF Model Representativeness through simple visualizations of parameters. Here it

is shown only for 6 parameters. This is performed for all 125 parameters across the 6 models.
“Coverage” is tested with canonical stress settings, all-best, all-average, and all-
worst, which should yield LOF = 5, = 2.5, and = 0, respectively, within a +0.2 tolerance
(the tolerance reflects aggregation granularities and overlapping sets). Coverage tests con-
firm the model’s ability to handle edge cases effectively. For instance, the LOF model
should return a rating of 0, 5, and 2.5 when input parameters are set to best, worst, and

average values, respectively. As an example, the result from the Best scenario is shown in

Figure 4-11. The average and worst scenario results are in Appendix D.
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Figure /-11: Best set up of parameters leads to lowest LOF index (5). Expected LOF results are

found for Average and Worst set of parameters

Results: Membership-function panels matched operational ranges agreed with
utilities, with overlaps that reflect real ambiguity. Canonical boundary tests for “all-best,”
“all-average,” and “all-worst” settings returned LOF near 5, ~2.5, and ~0 as intended.
Edge-case combinations flagged as infeasible by practice (e.g., mutually inconsistent meas-
urements) did not produce spurious scores and instead yielded guarded outputs with wider

uncertainty. Together, these checks show that inputs are well covered and the rule base

behaves as designed at the boundaries.
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4.7.2.2 Sensitivity and Robustness

We then assess how inputs influence outputs and whether responses are smooth
and mechanism-plausible. Local checks use sign and monotonicity tests (e.g., increasing
soil corrosivity should not decrease LOF within its valid range). Global checks use rank-
order influence summaries and response surface plots (two-dimensional maps of LOF over
driver pairs) to detect unintended interactions. Six such surface plots are shown in Figure
4-12. Surface plots are preferred here because they communicate interactions and sensi-

tivity visually without heavy formalism to support large scale evaluation.

Results: The model responded in the right direction to changes in drivers. Higher
soil corrosivity, pressure transients, or poor protection increased LOF. Better protection,
thicker remaining wall, or deeper burial reduced it. Monotonic behavior (outputs moving
one way when a driver is known to act one way) held over valid ranges. Pairwise response
surface plots (simple 2-D maps of LOF over two inputs) were smooth and free of unin-
tended peaks or troughs. Across nine stress regimens (best /average/worst; top-driver tog-
gles; single-factor and compound extremes), outputs were ordered as expected, indicating

stable aggregation and no fragile rule interactions.
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Figure 4-12: Surface plots to visualize model input-output parameter relationships. Here, only 6

such plots are shown as an example. A total of 1920 surface plots were developed and evaluated

for all 125 parameters across 6 models for the performance model and for all the 21 parameters
across the 5 modules of the COF model.

4.7.2.3 Scenario Alignment

To demonstrate face-validity, we score a compact set of heuristic scenarios curated
from literature, interviews and historical records (e.g., “>40-year unprotected DI in highly
corrosive soils” — Moderate; “PVC under sustained high internal pressure” — High). For
each scenario we record the predicted LOF, the nearest linguistic band, and the directional
rationale (which rule motifs fired, and why) (Kohavi and Thomke 2017). Alignment is

evaluated on three axes: correct band, correct direction relative to a baseline case, and
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reasonable distance (e.g., Moderate vs. High differs by >0.5 on the 0-5 scale for materially
different stress states). Disagreements trigger a trace-back where we check and correct

the rules, membership functions, units and data-ranges. A list of the scenarios checked for

the LOF model with the model results are shown in Table 4-6.

Table 4-6: Results on all heuristically chosen theoretical scenarios

. .. Predicted LOF Direction vs
Scenario description .
LOF (0-5) band baseline (=2.5)
Greater than 40 year'old 1(?" unpr(')tfzcted DI pipe buried in 975 Moder- Higher (1)
high soil corrosivity. ate
<20 year old >20" diameter polywrz.ipped DI pipe with 1.95 Low Lower (1)
groundwater fluctuations
Greater than 40 year old 8" diameter DI pipe in moderate Very
) o 0.75 Lower ({)
soil corrosivity Low
>50 year old CI pipe witb low v%fall thickness in poorly 9 50 Moder- Near baseline ()
drained soil ate
>50 year old 6" diameter CI pipe in moderately corrosive
Y .p P Y v 1.25 Low Lower ({)
soil
<50 year old 6" diameter CI pipe in high soil corrosivity Moder- .
2.75 Higher (1)
(<1000 ohm-cm) and low C-factor (<100; roughness) ate
>36" diameter concrete pipe in high steel soil corrosivity v
er
(<1500 ohm-cm), poor bedding, and groundwater fluctua- 4.50 i }}i Higher (1)
i
tion &
>40 year old >36" diameter concrete in medium-high corro- Moder- .
o ) ) . 2.75 Higher (1)
sivity toward metals with minor cracking ate
Concrete pipe with cement-mortar coating deterioration in Ver
pipe Wi & cct 4.50 ery Higher (1)
fluctuating groundwater table conditions High
>60 year old concrete pipe with spalling in high frost-action Ver
Y PIDe WIbA spatiiie 1 g 4.50 oy Higher (1)
soil High
>T72" concrete pipe (<50" noted) with high pressure (>120
" concrete pipe (<3 ) &b & 2.00 Low Lower (1)
psi) in high precipitation and moderate-high corrosivity
. . C e . . . Moder- )
PVC pipe with significant ovality (>15%) in clayey soil 2.50 . Near baseline (o)
ate
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Scenario description

Predicted

LOF Direction vs

LOF (0-5) band baseline (=2.5)
PVC pipe subjected to prolonged high internal pressure 3.67 High Higher (1)
>30 year old PVC pipe in clayey soil with no manufacturing Moder-
R 2.25 Lower ({)
defects and no historical breaks ate
<30 year old PVC pipe in clayey soil \jvith no historical fail- 133 Low Lower (1)
ures and good bedding
HDPE pipe in a higb temperature-differential environment 3.67 High Higher (1)
(internal vs external)
>30 year old HDPE pipe with no deterioration 1.87 Low Lower ({)
<10 year old HDPE pipf? in mo.derate pressure zone with 133 Low Lower (1)
fair bedding
>50 year old steel pipfe With' exterr.lal corrosion near electri- 195 Low Lower (1)
fied railway lines
>72" steel pipe with buckling /deformation in clayey soil 500 Low Lower (1)
near arterial roads
<30 year old >72" sFeel pipe? i.n sl.lallow water table and 9 50 Moder- Near baseline ()
high precipitation ate
>50 year old 6." dia@eter A? pipf.a in Tnoder.atefhigh precipi- 4.90 szry Higher (1)
tation with multiple historical failures High
30-50 year old 8" diameter AC pipe with high groundwater Moder- .
] . R 2.75 Higher (1)
fluctuation and moderate-high precipitation ate
40-50 year old 6" diameter AC pipe in low traffic loading 187 Low Lower (1)

with fair bedding

Results: On a curated set of mechanism-plausible scenarios compiled from litera-
ture, interviews and records, predicted LOF bands and their direction relative to a typical
case were consistent with expectations. Where a case sat near a band boundary, the score

still moved in the right direction with a reasonable margin. Any tension between
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expectation and score was traceable to explicit rules or membership supports and was

resolved by minor threshold or overlap edits rather than ad-hoc fixes.

4.7.3 Verification: Supervised training of Student models on Teacher I/0O

This section verifies that a data-driven student ML model can learn the teacher’s
mapping from input features to LOF bands for pipe assets. We then run a screening
process for models of varying complexities on each of the 19 material-diameter cohorts
and advance the best learner. Verification here is distinct from validation: verification
asks “does the student reproduce the teacher’s logic with real world data?”; validation
(later) asks “does the system agree with external evidence from utilities?” Results for all

models are shown using accuracy, precision, F'1 and recall scores.

4.7.3.1 Framing and Task Definition

Here we treat verification as a supervised classification problem that is aligned with

how utilities make financial capital investment and operational renewal decisions. For

each pipe segment we start with tabular data with predictors like age, condition signals,

hydraulics, soils, traffic loading, and material-specific indicators and ask a student model

to reproduce the teacher’s assignment of one of five LOF bands {0,1,2,3,4} corresponding
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to Very Low to Very High. A “band” is a categorical risk class used in practice to plan
actions for groups of pipes (monitor, repair, rehabilitate, replace) rather than to chase
single-point scores. Using bands is decision-aligned, more robust to measurement noise,
and understandable. If disagreement occurs, confusion matrices show whether it is con-
centrated in adjacent bands, which is acceptable in planning contexts that operate on

classes rather than exact values.

The system is partitioned into 19 major material-diameter cohorts that span trans-
mission and distribution (e.g., CI 8-24", DI >24" PVC <8", PCCP >24"). A cohort is a
slice of assets that share deterioration mechanisms, operating envelopes, and data char-
acteristics. Training independently per cohort respects these mechanistic differences, re-
duces spurious multimodality from mixing unlike populations, and preserves operational
modularity. If a material is programmatically decommissioned or a new material appears,

we can retire or add a cohort model without contaminating the others.

We adopt a teacher-student (model knowledge-distillation) setup. The evaluated
teacher dataset which is a curated label source has been checked for representativeness
(it covers the operating space), coverage (no systematic blind spots in relevant conditions),

and scenario alignment (its distributions match intended deployment) provides the target
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LOF bands. The student is a learner trained to approximate the teacher’s input— output

class mapping. This brings three advantages for the pipe renewal problem.

Performance is evaluated with macro-F1 as the primary criterion, with accuracy,
macro-precision, and macro-recall reported alongside. Accuracy summarizes overall agree-
ment between true and predicted values across all classes. Precision and recall probe how
those correct predictions are achieved. Precision (per class) is the fraction of predictions
for that class that are correct and penalizes over-confident mislabels. Recall (per class) is
the fraction of true items in that class that the model successfully recovers and penalizes
misses. The F1 score for a class is the harmonic mean of its precision and recall, low if
either is low. Macro-F1 is the unweighted average of per-class Fls, so rare classes influence
the score as much as common ones. We use macro averaging (for precision and recall as
well) because LOF bands are imbalanced. Macro metrics test whether the student pre-
serves minority-class signal instead of optimizing only the dominant band, whereas micro
averages would be dominated by frequent classes. We therefore report macro-F1 (pri-
mary ), accuracy, macro-precision, macro-recall, and the full train/test confusion matrices
so readers can see not only how often the model is correct but also where it errs. The

formulae for calculating these 4 metrics are shown below.
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TP

p .. -
recision TP + FP

TP

Recall = TP-l-—FIV

2 X Precision X Recall
F1=

Precision + Recall

TP+TN
TP+ FN+TN+ FP

Accuracy =

To make the screening fair and repeatable we fix random seeds for all stochastic
steps. A random seed initializes the pseudo-random number generator that governs
train/validation splits, weight initialization, data shuffling, and any synthetic sampling.
Different seeds can change these draws and, in turn, model performance, especially in
small or imbalanced cohorts. By holding seeds fixed across candidates, any performance
difference reflects the models and data, not chance variation in initialization or partition-

ing. This choice enables apples-to-apples comparison and exact reproduction of results.

Finally, we state the boundaries of verification. This stage assumes that the
teacher’s labels are internally consistent within each cohort, that cohort definitions and
band thresholds remain fixed during testing, and that the verified teacher data reflect the
intended operating scenarios. External realism covering agreement with utility models,

condition assessments, break histories, and forensic evidence is addressed later during
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validation, where we test the verified student models against utility data and calibrate

limits of applicability.

4.7.3.2 Screening funnel: Model Panel and Selection Criteria

We treat the training process as a screening funnel. The same data split, the same
preprocessing, and the same evaluation rules are applied to a panel of learners that in-
crease in capacity. The goal is to keep only the model that performs best based on quan-
titative metrics that reflect the ability to capture cohort-specific structure without over-
fitting idiosyncrasies of the split. To ensure a fair comparison, we performed identical
preprocessing (normalization and standardization of numeric and categorical features).
We fix random seeds so that any algorithmic stochasticity (weight initialization, batch
order) is held constant across runs and makes differences in scores attributable to the

model rather than chance.

The panel comprises 6 potential learner algorithms, varying by complexity. Multi-
nomial Logistic Regression (LR), a linear classifier that estimates class probabilities via a
softmax. It is the litmus test for whether the classes are linearly separable in the stand-

ardized feature space. Radial Basis Function (RBF)-kernel Support Vector Machine
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(SVM) maximizes the margin between classes while the radial basis function kernel intro-
duces smooth, nonlinear decision boundaries; this probes whether gentle nonlinearity suf-
fices. Random Forests (RF) are ensembles of decision trees trained on bootstrap samples.
This algorithm reduces variance by averaging many high-variance learners. This algorithm
naturally model interactions but can be coarse around class boundaries. XGBoost (gradi-
ent-boosted trees with regularization) adds learners stage-wise to correct residual errors.
Typically, on tabular datasets, it is a very strong non-neural baseline. We also include
two neural candidates: a shallow MLP (three hidden layers) to test whether a modest
depth can exploit interactions and thresholds, and a five-layer MLP that adds represen-
tational capacity while remaining compact enough to control variance. For both MLPs
we use ReLU activations (stable gradients), dropout (randomly zeroing hidden units dur-
ing training to curb co-adaptation), AdamW (Adam with decoupled weight decay for
better generalization on tabular features), label smoothing (2-4% probability mass spread
away from the hard label to reduce over-confidence), gradient-norm clipping (|g|<1 to
prevent rare exploding updates), and BatchNorm or LayerNorm depending on batch size
(BatchNorm for regular batches; LayerNorm for tiny-N regimes). These stabilization

guards ensure that any advantage a neural model shows comes from learning signal, not
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training pathology. The architectures for these candidate algorithms is shown in Appendix

E.

Selection criteria are metric-driven and identical across models. The primary crite-
rion is macro-F1 on the training split’s validation fold, because it gives equal weight to
each LOF band and thus tests whether a learner retains minority-class signal. Accuracy
is secondary, capturing overall agreement. When models are statistically tied, we break
ties by (i) calibration (the alignment of predicted class probabilities with observed fre-
quencies assessed via reliability curves / Expected Calibration Error) and (ii) error topol-
ogy where we prefer models whose confusion matrices concentrate mistakes in adjacent
bands (e.g., 2-3), which is operationally less harmful for utilities that act on bands rather

than exact scores.

Under this apples-to-apples protocol across the 19 material-diameter cohorts, the
five-layer MLP consistently wins or ties on macro-F1 and accuracy while maintaining
good calibration and mostly adjacent-band confusions. XGBoost is typically the runner-
up, sometimes matching accuracy but trailing slightly on macro-F1 in imbalanced cohorts.
The shallow MLP generally lands between XGBoost and the five-layer MLP, indicating

that additional depth is useful for capturing the interaction structure in these cohorts.
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Linear and margin-based models (LR, RBF-SVM) and bagged trees (RF) provide valuable
baselines but systematically underperform in cohorts with overlapping regimes and non-
linear thresholds, precisely the settings we expect in LOF classification prediction. Con-
sequently, the five-layer MLP advances as the student for verification, with the rest serv-
ing as documented reference points for transparency and reproducibility. The comparative

summary of results from the model panel in training is shown in Table 4-7.

Table 4-7: Model training performance metrics. The metrics for the selected model (MLP-Deep)
are shoum in green.

LR SVM RF XGB MLP (Shallow) MLP (Deep)
Cohort

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

AC <87 0.80 0.58 0.54 0.36 0.84 0.61 0.39 0.60 0.86 0.64 0.61 0.62 0.88 0.66 0.64 0.65 0.89 0.67 0.65 0.66 0.99 0.99 0.99 0.99
AC 8247 0.85 0.70 0.66 0.68 0.88 0.72 0.70 0.71 0.89 0.75 0.72 0.73 0.91 0.76 0.74 0.75 0.92 0.77 0.75 0.76 0.99 0.94 0.97 0.95
CT <8~ 0.85 0.66 0.62 0.64 0.88 0.68 0.66 0.67 0.89 0.71 0.68 0.69 0.91 0.72 0.70 0.71 0.92 0.73 0.71 0.72 0.99 0.99 0.99 0.99
CI 87-24™ 0.94 0.86 0.84 0.85 0.96 0.89 0.87 0.88 0.97 0.92 0.89 0.90 0.98 0.93 0.91 0.92 0.99 0.94 0.92 0.93 0.99 0.99 0.99 0.99
CI >247 0.90 0.69 0.65 0.67 0.92 0.71 0.69 0.70 0.94 0.74 0.71 0.72 0.95 0.75 0.73 0.74 0.96 0.76 0.74 0.75 0.99 0.75 0.80 0.77
Concrete >247 0.90 0.88 0.86 0.87 0.92 0.90 0.88 0.89 0.93 0.92 0.89 0.90 0.94 0.92 0.90 0.91 0.95 0.93 0.91 0.92 0.94 0.89 0.92 0.90
DI <8” 0.85 0.54 0.50 0.532 0.88 0.55 0.33 0.54 0.90 0.538 0.55 0.56 0.92 0.539 0.57 0.38 0.93 0.60 0.58 0.59 0.99 0.64 0.80 0.67
DI &"™-24"  0.90 0.78 0.74 0.76 0.92 0.80 0.78 0.79 0.93 0.83 0.80 0.81 0.95 0.84 0.82 0.83 0.96 0.85 0.83 0.84 0.99 0.99 0.99 0.99
DI >247 0.94 0.92 0.90 0.91 096 0.94 0.92 0.93 0.97 0.96 0.94 0.95 0.98 0.97 0.95 0.96 0.99 0.98 0.96 0.97 0.99 0.93 0.95 0.94
PCCP 87-24" 0.93 0.85 0.83 0.84 0.95 0.87 0.85 0.86 0.96 0.89 0.86 0.87 0.97 0.90 0.88 0.89 0.98 0.91 0.89 0.90 0.99 0.90 0.96 0.93
PCCP >247 0.90 0.81 0.79 0.80 0.92 0.84 0.82 0.83 0.93 0.87 0.84 0.85 0.95 0.88 0.86 0.87 0.96 0.89 0.87 0.88 0.99 0.97 0.98 0.97
PE <8” 0.90 0.87 0.85 0.86 0.92 0.89 0.87 0.88 0.93 0.91 0.88 0.89 0.94 0.91 0.89 0.90 0.95 0.92 0.90 0.91 0.99 0.99 0.99 0.99
PE 8724”7 0.86 0.78 0.74 0.76 0.89 0.80 0.78 0.79 0.90 0.82 0.79 0.80 0.92 0.83 0.81 0.82 0.93 0.84 0.82 0.83 0.96 0.91 0.87 0.87
PE >24” 0.85 0.86 0.82 0.84 0.88 0.88 0.86 0.87 0.89 0.90 0.87 0.88 0.91 0.91 0.89 0.90 0.92 0.92 0.90 0.91 0.91 0.88 0.93 0.89
PVC <¥§” 0.86 0.83 0.79 0.81 0.88% 0.84 0.82 0.83 0.89 0.86 0.83 0.84 0.91 0.87 0.85 0.86 0.92 0.88 0.86 0.87 0.99 0.99 0.99 0.99
PVC 87-24" 0.89 0.57 0.533 0.55 0.92 0.59 0.57 0.58 0.93 0.62 0.59 0.60 0.95 0.63 0.61 0.62 0.96 0.64 0.62 0.63 0.99 0.92 0.86 0.86
ST <8” 0.84 0.71 0.67 0.69 0.87 0.73 0.71 0.72 0.88 0.76 0.73 0.74 0.90 0.77 0.75 0.76 0.91 0.78 0.76 0.77 0.99 0.99 0.99 0.99
ST 87-24”  0.80 0.72 0.68 0.70 0.83 0.74 0.72 0.73 0.84 0.77 0.74 0.75 0.86 0.78 0.76 0.77 0.87 0.79 0.77 0.78 0.99 0.99 0.99 0.99
ST >247 0.94 0.90 0.88 0.89 0.96 0.92 0.90 0.91 0.97 0.93 0.91 0.92 0.98 0.94 0.92 0.93 0.99 0.95 0.93 0.94 0.99 0.94 0.98 0.96
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4.7.3.3 Synthetic, bias-resistant Testing Strategy

Rather than re-using a random slice of the same dataset for testing, a practice that
can leak subtle structure from train to test and inflate scores, we evaluate each cohort
with a completely unseen synthetic battery. For every material-diameter cohort, we gen-
erate 1,000 samples that never touch training, balanced across the five LOF classes (=200
per band). “Synthetic” here does not mean arbitrary. Samples are drawn to mimic the
cohort’s empirical feature geometry following the marginal distributions and the correla-
tions among predictors while obeying domain guardrails (values remain within observed
ranges and respect expected monotonic directions. This setup reduces split bias and gives

a controlled, repeatable way to probe generalization.

Construction of the test dataset battery proceeds in three steps. First, we rank
predictors by influence into Top, Middle, and Bottom tiers. The ranking is cohort-specific
and triangulates the teacher’s feature dictionary (expected sign/shape) with the feature
sensitivity. Second, for every predictor we define Best, Average, and Worst operating
anchors using robust quantiles aligned to the expected effect. For a risk-increasing varia-
ble, “Best” is a low quantile; for a protective variable, “Best” is a high quantile. Anchors

are clipped to observed minima/maxima, so we never create impossible values. Third, we
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synthesize samples that preserve correlation structure using a numerically safe Gaussian
copula. In this process, we sample in a latent normal space whose correlation matrix is
projected to be Positive Semi-Definite (PSD; all eigenvalues non-negative so it is a valid
covariance), then map back to the original feature scales and finally clip to realistic ranges.
Random seeds are fixed so that the same protocol yields the same synthetic dataset bat-

tery on re-runs, making comparisons stable.

We then stress-test the model under nine targeted scenario levels that push differ-
ent parts of the feature space (see Table 4-8). Level 1 sets all predictors to their Best
anchors, checking calibration in benign regimes; Level 2 sets all to Average, checking
typical operating conditions; Level 3 places only the Top-influence features at Worst while
keeping Middle and Bottom at Average, isolating vulnerability to the highest-leverage
drivers. The remaining six levels permute the anchor settings across influence tiers to
expose interaction effects: Levels 4-5 hold Top at Best while alternating Middle/Bottom
between Average and Worst; Levels 6-7 promote Middle to Best with Top at Average
and Bottom at Worst or Best; Levels 89 push Top to Worst and counterbalance with

Bottom at Best or Average. This grid produces orthogonal “nudges” on the decision
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boundary and reveals where predictions bend, information that a single random test split

cannot provide.

Table 4-8: Nine-level synthetic stress bands used for verification. Each “Band” fixes the anchor

settings (Best / Average / Worst) for the Top-, Middle-, and Low-influence predictor tiers and

reports the expected LOF tendency. Bands 1-2 probe benign and typical regimes; Band 8 iso-

lates vulnerability to the highest-leverage drivers (Top at Worst); Bands 4—9 permute anchors

across tiers to expose interaction effects while holding others steady. The expected tendency is
an a priori direction-of-risk guide, not a constraint on model outputs.

Level Top-influence Medium-influence Low-influence Expected LOF ten-
features features features dency
Best Best Best Very Low
2 Average Average Average Moderate (baseline)
3 Worst Average Average Very Hig%l (stress top
drivers)
4 Best Average Worst Very Low—Low
5 Best Worst Average Moderate
6 Average Best Worst Moderate
7 Average Worst Best Moderate-High
8 Worst Average Best High
9 Worst Best Average High

Because the synthetic battery is class-balanced by design, performance summaries
reflect every LOF band rather than being dominated by the majority class. We report
precision, recall, accuracy and F1 as we did during training. We also compute macro-
averages (unweighted means across classes) so minority bands carry equal weight, and we
include overall accuracy and full confusion matrices. Table 4-9 reports the training and

synthetic-test outcomes for the selected five-layer MLP.
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Table 4-9: Training and Testing Macro Results Summary for MLP (Deep)

Material | Diameter Co- Training Testing
hort Samples Features

Acc Prec Rec F1 Acc Prec Rec F1
AC <8” 66435 18 099 099 099 099 090 060 091 0.67
AC 87-24” 6781 18 099 094 097 095 092 073 095 0.77
CI <8” 229394 27 099 099 099 099 092 067 094 0.73
CI 87-24” 35932 27 099 099 099 099 0.99 089 098 0.93
CI >24” 1218 27 099 075 080 077 096 073 079 0.76
Concrete >24” 1098 21 094 089 092 090 095 093 093 0.92
DI <8” 349025 27 099 064 080 067 094 0.60 0.77 0.60
DI 87-24” 105922 27 099 099 099 099 096 082 098 0.84
DI >24” 4834 27 099 093 095 094 099 097 096 097
PCCP 87-24” 2685 23 099 090 096 093 098 088 093 0.90
PCCP >24” 2686 23 099 097 098 097 096 083 096 0.89
PE <8” 7723 19 099 099 099 099 095 091 091 091
PE 87-24” 694 19 096 091 087 087 093 088 082 0.83
PE >24” 85 19 091 088 093 089 092 090 093 091
PVC <8” 145106 19 099 099 099 099 092 083 093 0.87
PVC 87-24” 13073 19 099 092 08 086 0.96 0.71 0.77 0.64
ST <8” 24318 27 099 099 099 099 091 070 093 0.77
ST 87-24” 18696 27 099 099 099 099 087 073 093 0.78
ST >24” 5435 27 099 094 098 096 0.99 093 095 094
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The corresponding confusion matrices for 3 cohorts are shown in Figure 4-13.
Across all three cohorts the matrices are strongly diagonal, indicating high discriminative

performance on both the training and synthetic-test sets.

Most errors occur as adjacent-band confusions (e.g., 1-2 or 3-4), which is expected near
decision boundaries and acceptable for planning that acts on bands rather than exact
scores. For PE < 8", test errors are concentrated in band 2 leaking to bands 1 and 3,
while bands 3-4 remain very pure. For ST < 8", band-1 shows modest spillover to bands
0 and 2, consistent with broader within-band variability in this cohort, yet the dominant
mass remains on the diagonal. PCCP > 24" exhibits near-perfect diagonals on both splits
with only trace off-diagonals, reflecting a highly separable label structure. The close align-
ment of train and test patterns suggests controlled overfitting and supports the reported
accuracy, precision, recall, and macro-F1 values. The complete set of training confusion

matrices are presented in Appendix E.
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Figure 4-13: Train vs. synthetic-test confusion matrices for three representative pipe cohorts—
(a) PE < 8", (b) ST < 8", and (¢) PCCP > 24" using the five-layer student MLP. Rows are
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true LOF bands (0—4) and columns are predicted bands; each cell shows the sample count with
the row-normalized percentage in parentheses. Color encodes absolute count (scale bar at right).

4.7.3.4 Student MLP Architecture

Our student is a five-layer MLP designed for tabular inputs. Each hidden layer is
Linear — Normalization — ReLU — (Dropout), ending with a Linear layer that outputs
five logits for the LOF bands (0-4). A Linear layer is a learned affine map Wx + b: it
forms weighted sums of the input features so later layers can combine them into higher-
level patterns. Logits are the raw, pre-softmax scores; turning them into probabilities is
just a softmax step and keeping them as logits lets the loss function work directly on

unconstrained real numbers.

Normalization keeps activations on a steady numeric scale so training is faster and
steadier. With Batch Normalization (BN), we standardize each hidden unit using the
batch statistics that is, the mean and variance computed over examples in the current
mini-batch which also adds mild regularization (small, helpful noise from estimating those
statistics). When batches are tiny, we switch to Layer Normalization (LN), which nor-

malizes across features within each individual example and does not depend on batch size.
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We use ReLU (rectified linear unit, max (0,x)) because it is simple and fast and
keeps gradients well-behaved that is, the derivatives neither collapse toward zero (vanish-
ing updates) nor blow up to huge values (exploding updates). To limit overfitting we
apply Dropout (default 0.08), which randomly turns off a fraction of hidden activations
(the outputs of hidden neurons) during training; this forces the network to rely on multiple

cues instead of memorizing spurious patterns.

Optimization is done with AdamW, which decouples weight decay from the adap-
tive gradient updates. Weight decay is the L2 regularization penalizing the sum of squared
weights to prefer simpler models. Decoupling it from the step sizes gives more reliable
generalization on mixed-scale tabular features than classic Stochastic gradient descent
(SGD) or Adam. Our chosen values for Learning Rate = 8 x 10~* and Weight Decay =

4 x 10™* consistently converge across cohorts without overshooting.

The classifier head uses label smoothing to avoid over-confident probabilities. In-
stead of a strict one-hot target, we assign most mass to the true class and spread a small
remainder over the others. We use 2% by default and 3-4% for tiny-N cohorts. Below
~2% there’s little calibration gain and above ~4% minority bands can underfit. We also

cap rare gradient spikes with gradient-norm clipping (Il g lI,< 1), a guardrail that prevents
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a single outlier mini-batch (common under class imbalance) from destabilizing learning,.

To further steady validation curves we keep an exponential moving average (EMA =

0.995) of the weights; EMA acts like a low-pass filter with ~200-step memory and usually

gives a small macro-F1 bump at selection time.

Together, ReLU + Dropout + AdamW + label smoothing + grad-clip + EMA,

the BN /LN regime switch, and the last-batch guard form a coherent stabilization policy

where gradients stay well-scaled, probabilities stay calibrated, and model selection is

driven by minority-sensitive macro-F1 rather than luck. A summary of the network blocks

and training hyperparameters used across cohorts is shown in Table 4-10.

Table 4-10: Five layer student MLP model architecture and stabilization settings

Component

Setting

Rationale

Notes

Hidden layers

Activation

Normalization
(standard)

Normalization
(tiny-N)

Dropout

Optimizer
Learning rate

Weight decay

5 (sizes 50-40-30-20—
10)
ReLU

BatchNorm

LayerNorm

0.08

AdamW
8e-4

4e-4

Enough capacity for interactions &
thresholds; still compact

Stable, fast gradients; avoids vanishing

Faster, more stable training; mild regu-
larization
Stable when batches are tiny; batch-
size agnostic
Anti-overfit via stochastic feature thin-
ning
Decouples weight decay from adaptive
step; robust on tables

Reliable convergence across cohorts

Preference for simpler models; reduces
overfit
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Sizes chosen to fit tabular feature

counts without overfitting

Applied after each normalization
Used when batch size is reasonable

Automatically selected for small-N
cohorts

Applied after ReLU in hidden lay-
ers

Better generalization than

Adam/SGD in pilots

Tuned to avoid overshoot

Decoupled via AdamW



Component Setting Rationale Notes

0.02 (default), 0.03— Improves calibration; protects minority

Label smoothing Higher values risk underfitting

0.04 (tiny-N) bands
Gradient clip lglz < 1.0 Prevents rare gradient spikes Stability guard, not a crutch
R Smoother validation; small macro-F1 .
EMA of weights 0.995 decay v ° ~200-step etfective memory
boost
Batch size 256 (standard) Efficient, stable BN stats Reduced under tiny-N as needed
Epochs (base . . . .
) ~180 Enough budget for convergence Early stopping often halts earlier
cap
Early-stoppin Macro-F1 (primary), X
Y .pp & ( ¥) Focus on minority-class performance Patience = 50 steps
metric Accuracy (secondary)
BN last-batch  Duplicate last exam- . -
° b * Avoids undefined BN statistics No effect on decision boundary

guard ple if size=1

Fixed seeds; stratified Full reproducibility; preserves class ra-
Seeds & splits P VP Controls all stochastic steps

splits tios

4.7.3.5 Results Summary

Our teacher to student verification proceeded cohort-wise (19 material-diameter
cohorts), with a fixed screening funnel (LR, RBF-SVM, RF, XGB, shallow-MLP, deep 5-
layer MLP). Model choice was pre-registered: select by macro-F1 (primary) and accuracy
(secondary), breaking ties by calibration and adjacent-band confusions. In practice, the
five-layer MLP outperformed most cohorts and was chosen to advance to the testing
phase. Reported metrics include accuracy, precision, recall, and macro-F1, with confusion
matrices for both train and synthetic-test. Cohort acceptance is defined as train accuracy

>90% and synthetic-test accuracy =80%. Generalization was probed on an unseen
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synthetic test set (~1000 samples) generated per class. This test set stressed the model on
a 9-layer grid that toggled Top/Mid/Low-influence feature groups among Best/Aver-
age/Worst anchors to examine calibration and boundary behavior relevant to operational

thresholds.

Reproducibility is ensured by a per-cohort export bundle that locks the full scoring
pipeline: model.pt (weights), preproc.json (feature order, p, o), model config.json (archi-
tecture and hyperparameters), and export_manifest.json (metrics and configuration).
These bundles enable exact rescoring and enables the next validation phase on real-world

utility data without retraining.

4.7.4 Validation of the Student LOF models

This section demonstrates how the LOF “student” models perform outside the
development environment and under operational use. The aims are threefold: (i) find areas
of agreement between the proposed model and the utility’s internal model, (ii) assess
expert concordance that is, agreement between model bands and judgments from asset
managers and field crews, and (iii) test ground-truth agreement using failure, condition

assessment and forensic data. Results based on data from utilities A—D can be summarized
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in 3 parts. First, model-to-utility comparisons show how our student LOF ranks segments
relative to incumbent indices, summarized by rank agreement (Spearman p), typical score
gap (median |A] on 0-5), and large-gap rate (|A|>2) with cohort breakouts. Second,
expert-concordance results aggregate strict and +1-band (tolerant) agreement from asset
managers and field crews, with coded reasons for disagreement. Third, retrospective
ground-truth checks report the share of next-year failures captured in top-ranked seg-
ments using cohort-appropriate targets (PCCP wire-breaks, metallic RWT thresholds,
work-order breaks otherwise) with uncertainty bands. The utilities participating in vali-
dation are shown in Figure 4-9. Together, these results examine degree of agreement,

diagnose gaps, and identify low-effort remediation targets.

4.7.4.1 Comparison with Utility Models

We compare our LOF outputs with each utility’s incumbent index (in-house or
consultant models) to test shape and scale agreement and to surface systematic disagree-
ments before engaging experts or ground truth. We harmonize IDs and basic metadata,
align directions (if a utility provides a “performance/condition” score where high=good,

we apply a monotone transform so high=bad), and check (i) rank agreement within
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material-diameter cohorts and (ii) calibration on a shared 0-5 scale (A = LoF student—LOF ui-
ity). Disagreement pockets indicate missing predictors, scale drift, or practice differences

that merit calibration.

Agreement between our student LOF index and each utility’s incumbent index
spans strong to discordant. This can be interpreted from the scatterplots shown in Figure
4-14. We assessed how closely each utility’s incumbent index orders pipes relative to our

student LOF (0-5, higher = worse) using two simple, interpretable quantities:

e Rank agreement (Spearman p): measures whether the two scores put segments in
a similar order (1 = perfect, 0 = no monotone relation).

e Typical difference (median |Al): the median absolute score gap on the 0-5 scale,
where A = Student — Utility; we also report the large-gap rate (share with |A[>2),
which flags pockets of substantial calibration disagreement. Sample size (n) is

shown because very small n limits statistical stability.
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Figure 4-14: Comparison scatterplots showing disagreements between Student LOF predictions
and Utilities B (bottom) and C (top) LOF

Utility A shows strong agreement (p~0.60) with small typical gaps (median
|A|=0.83; large-gap ~10%). Utility B is moderate (p~0.41; median |A|=1.35; large-gap
~28%). Utility C is fair/weak (p~0.36; median |A|=1.87; large-gap =36%). Utility D is

discordant (p~0.05) despite only moderate typical gaps (median |A|=1.50; large-gap
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~16%). It is important to note that for Utility D n=4k versus >100k for Utilities A-C,
which naturally depresses the stability and ceiling of rank-based metrics. A summary of

these results is presented in Table 4-11.

Table 4-11: Utility—model agreement (Indices on 0-5; higher = worse. A = Student — Utility)

Utility Samples Miles Rank agreement p Median |A| Large-gap rate (|A|>2)

A 105,746 2,200 0.6 0.833 10.40%
B 206,961 3,900 0.41 1.352 28.20%
C 122,592 4,200 0.364 1.867 35.60%
D 4,133 3,680 0.049 1.5 15.70%

The pattern is consistent with design differences. Utility A’s stronger conformity
aligns with two methodological choices: (i) survival-curve-based LOF modeling that re-
spects slow-then-fast aging (rather than linear age weights), and (ii) more granular strat-
ification (e.g., 2-inch diameter bins) that reduces scale drift across heterogeneous cohorts.
By contrast, the remaining utilities largely employ simple weighted scores that emphasize
age and past breaks, with limited treatment of exposure normalization, protections, or
mechanism-specific signals. For Utility B, the policy environment appears to double-pe-
nalize PVC, consistent to support an ongoing replacement program, indicating departure
from modeling best practices. These design choices can depress within-cohort rank agree-

ment and inflate calibration pockets even when the global signal is directionally similar.
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None of this is dispositive. Utility indices are “comparators of convenience,”

not ground
truth. The role of this step is diagnostic, that is, to locate systematic disagreements and

focus the next stages (expert concordance and one-year failure coverage) where targets

are closer to operations.

4.7.4.2 Agreement with Expert Opinion

We elicit feedback from asset managers and field crews of participating water util-
ities using the structured form (scenario description, model band/result, agree/disagree,
optional comment). The forms with the utility feedback are available in Appendix F.
Segments are stratified by material-diameter and by output classes so that easy cases do
not dominate. Each response is scored two ways: (i) binary agreement (agree vs disagree),
and (ii) adjacent-band tolerance, where expert notes such as “fair-good” count as +1-
band concordance. We report percent agreement with Wilson confidence intervals, but
decision making relies on chance-corrected measures. Chance correction is performed using
metrics like Gwet’s AC1 for binary agreement and weighted AC1/x with linear weights
when band proximity is specified. These statistics correct for prevalence bias (e.g., when
one band is common, raw accuracy can look high) and respect the ordinal structure of

LOF bands (an off-by-one is less consequential than “Very High” vs “Very Low”).
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Inference uses a paired, stratified bootstrap over segments (strata = material-diameter)
to obtain 95% confidence intervals that reflect the sampling design. In short,
AC1/weighted x give a fair test of whether experts and the model truly agree beyond
chance and whether disagreements are material rather than minor, which plain accuracy

cannot distinguish.

Across three utilities, agreement is highest where comments reference physical sig-
nals, that is, very old CI with low wall thickness, high-pressure steel, highly corrosive
soils. Agreement is found to be lower where notes reflect policy heuristics (blanket penal-
ties for a material or small diameters, “useful life” rules) or data defects (inactive assets,
mis-sized diameters). A result summary from eliciting feedbacks from participating water
utilities is shown in Table 4-12. The received feedback forms from all 3 water utilities can

be found in Appendix G.

Table 4-12: Expert concordance by ulility

Uti- E Strict  —- oond
il- xXper- ric
] p Reviews (n) Agree- Primary disagreement motifs (coded)
ity tise agree
ment*
Asset Tnventory /status and diamet (inacti t; 20"
nventory/status and diameter errors (inactive asset;
Manag- 23 78.9% . >72y 48 b >48"); a few led \ ith
- "n. " "my. o 13 ”
exs/ Plan- (17/23) vs ; vs ; a few ledger “poor” with no

work orders
ners
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+1 Band

Util- Exper- . Strict . . .
it ¢ Reviews (n) Agree- Primary disagreement motifs (coded)
i ise agree
Y & ment*
Asset . .. . " o« .
Mana 58.3% (rare band  Policy/heuristic priors (“target material,” “small diame-
V1a. - . (0] - . g “ ege . .
/ Plg 24 (14/24) ranges re- ter,” “useful life”), definition ambiguity (“near” road),
ers/ Plan-
ported) one category-coverage question (buckling near roads)
ners
Field 25 (23 after ex- 78.3% 91.3% Two HDPE cases tied to service-connection failures (not
ie 3% 11.3%
C o cluding 2 mis- (18 /2;) (21 /2;) main); inventory mislabeling flagged and excluded; seis-
rew

labeled) mic context notes for steel

* “+1 Band Agreement” counts expert remarks that straddle adjacent bands (e.g., “fair-good”). Records with clear
inventory mislabeling (e.g., PCCP vs C303 welded steel) were excluded from rate calculation and logged for correction.
The motifs column comes from coding the free-text comments into: Inventory/metadata, Definition ambiguity, Pol-
icy /heuristic bias, and Category-coverage gap.

For Utility A (responses from asset managers/planners; n=23), 17/23 (73.9%)
strictly agreed with the model predictions. All six disagreements are administra-
tive/metadata issues with one inactive asset, two erroneous diameter entries (“20" not
>T2"7 ) “ig 48"”), and three ledger “poor” labels despite no work orders, indicating high
chances of model-practice alignment once inventory is clean. Utility B (asset manag-
ers/planners; n=24) shows 14/24 (58.3%) strict agree; disagreements cluster in CI and
PVC and cite policy overlays (like target material and small diameter pipes for replace-
ment and pipes selected that exceed estimated useful lives). Where mechanism cues are
sharp (e.g., >36" concrete in high corrosivity with spalling), experts endorsed our low
scores and only flagged issues in selecting for candidate renewal (Utility B only uses LOF

as the metric for renewal), citing it is a “hard to sell” asset to the upper management
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(large diameter pipes are typically monitored well to extract maximum possible life and
avoid expensive renewal projects). Utility C (field crew operators/experts; n=25, with two
clear material mislabels excluded) yields 21/23 (91.3%) tolerant-agree and 18/23 (78.3%)
strict-agree. The two disagreements involve HDPE service-connection issues (saddle fail-
ures) rather than main-line failure modes, and seismic context notes reinforce face validity
where our score was already low. Importantly, the strongest concordance comes from field
crews, those closest to observed failure mechanisms, raising confidence that the model
captures operational reality. Residual gaps are actionable. Actions include correction of
inventory/status and diameters; separation service-connection samples from main-line
failure categories for plastics and documentation of any intentional policy deviations (e.g.,

PVC programs) so they remain transparent.

4.7.4.3 Ground truth agreement for CI, DI, ST and PCCP using Remaining

Wall Thickness

We validate our student ML model by comparing model outputs (LOFudent) t0
ground-truth LOF derived from field measurements. For this section, we can perform
validation for the cohorts that the wall thickness measurement instrument works on and

that were prioritized for condition management at a large, Mid-Atlantic utility with a
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high share of legacy cast-iron mains and multiple pressure zones. Specifically, the wall
thickness measurements exist for the following cohorts: Pit cast iron (<8", 8-24"), spun
cast iron (<8", 8-24"), ductile iron (<8", 8-24"), steel (>24"), and prestressed concrete
cylinder pipe (PCCP: 8-24", >24"). Other materials/diameters appear in our dataset but
are validated in the next section using different datasets and methods tailored to their

mechanisms.

4.7.4.3.1 Data Collection

We use data collected by the vendor contracted by this mid-atlantic water utility
in 2015. The report summarizes non-invasive acoustic condition assessments and targeted
pressure-transient logging. Field work for the validated assets was conducted roughly be-
tween October 2014 and October 2015. Deliverables of this report included tables with
Integrity Rating (IR, 1-5) for pit/spun/cast-iron and steel, and percent wall-thickness
loss for ductile iron, plus GIS linkages and QA notes (e.g., bracket geometry checks,
appurtenance verification). For our ground-truth tests in this section, we restrict to the
cohorts to Pit CI (<8", 8-24"), Spun CI (<8", 8-24"), DI (<8", 8-24"), Steel (>24"), and

PCCP (8-24", >24").
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To characterize the inspection sample used for wall-thickness ground truthing, we
summarized the mileage and age structure of the dataset (Figure 4-15). Most inspected
footage is spun and pit cast iron, with smaller contributions from ductile iron, steel, and
PCCP across all diameter bands, and includes both lined and unlined segments. Pit cast
iron and steel are the oldest cohorts, PCCP and spun cast iron are intermediate, and
ductile iron is generally younger. Pooled across materials, the wall-thickness—versus-age
hexbin shows broad scatter and only a weak trend, indicating that simple monotonic
thinning with age is largely masked by lining, replacement, and survival bias in the in-

spected population.
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Lined vs Unlined Mileage — grouped by Material x Diameter band

Mileage by Material (grouped by diameter band)
a 24 Diameter band e Legend
— <8 3 <s"
30 2 824" 30 o= s
EX] 24" B2 >24
3 Unlined (base)
24 24
E E
w 18 18
-] -]
< o
2 =
= =
12 11.3 12 1 )/
a5
& 6
2.0
10 10
>4 03 g3 [o.e) 03 g
) o e o<t gt geet wl?
d Measured thickness vs age (global)
" " 1 14
i Age distribution by material 12 ear fit (slope=0.0019)
—— —a— Binned median
12
10
a0
10
2 08
Te 5
5
]
> 5 &g
o = 3
2 D 06 8
0 =l L 3
- 2 6
=
04
» 4
0.2
L et PP Ul o 2
o 20 40 60 80 100 120
Age (years)

Figure 4-15: Exploratory characterization of the wall-thickness inspection dataset.

(a) Mileage of inspected pipe by material and diameter band, showing that most footage is spun
and pit cast iron with smaller contributions from ductile iron, steel, and PCCP. (b) Partition of
the same mileage into lined and unlined segments by material-diameter combination. (c) Age
distributions by material, with pit and steel cohorts generally older than PCCP, spun, and duc-
tile iron. (d) Hexbin plot of measured wall thickness versus pipe age (all materials combined),
with a global linear fit and binned medians indicating a wide scatter and only a weak age—thick-

ness trend.
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4.7.4.3.2 Data Uncertainties

Operational choices during instrument deployment can directly affect data relia-
bility. The most important source of error is sensor spacing. When the distance between
the two acoustic sensors is off by more than ~2%, the derived percent-loss can be biased.
Field crews therefore prefer potholes or in-line valves so they can measure point-to-point
distance accurately, and they avoid long runs with multiple bends or large elevation
changes between sensors. Candidate insertion points were screened for off-road access,
minimal traffic control, environmental constraints, and bracket length. Anonymized ex-

amples are shown in Figure 4-16.

In addition, nominal manufacturing tolerances in wall thickness (on the order of
5-10%) and variability in elastic modulus can shift the inferred thickness. Unaccounted
repairs or mixed materials inside the instrumented span can also distort propagation (for
example, a short ductile-iron insert in cast iron can inflate apparent thickness by ~3.5%,
while a PVC insert can depress it by ~41%). Where such conditions are detected, segments
are either filtered from analysis or reconciled with targeted review. Finally, signal quality

can degrade when appurtenance internals are worn, when large air pockets are present,
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or when heavy tuberculation attenuates the wave. These issues are especially common in

older, unlined CI pipes.

Figure 4-16: Anonymized examples of Potential Insertion Sites (PIS) used to plan acoustic con-
dition assessments. Panels show typical contexts and constraints: (a) off-road grassy verge suitable
for excavation without traffic impacts; (b) parking-lot/roadside verge with long accessible bracket;
(c) off-road corner/drive apron for bidirectional reach; (d) roadway shoulder location requiring
traffic control but enabling a >3,000-ft bracket; (e) paired residential verges along an arterial
(two sites) illustrating reach from multiple access points. Sites were prioritized for safe access,
limited traffic disruption, distance from protected areas, and sufficient bracket lengths (=1,300-

3,500 ft). Street names and landmarks redacted using white boxes for anonymity.
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The program recorded two types of raw signals. For acoustics, dual-sensor time-
series waveforms were collected. For pressure transient logging, a background recording
without introduced noise established baseline conditions. Sensors were mounted directly
on the pipe or coupled via hydrants/valves using hydrophones, and time delays between
channels were used for cross-correlation and leak /noise path characterization. For pressure
transients, hydrant-mounted loggers ran a dual-track regime. A 10 Hz background sam-
pling (saved as one-minute means when no event occurred) and event-triggered capture
at 1000 Hz for ~10-30 s whenever a rapid =2.1 psi change over 0.1 s was detected, with

a pre-trigger buffer.

Acoustic average-thickness testing brackets a segment between two contact points
(valves, hydrants, or temporary access). An out-of-bracket noise source excites the water
column. With precise sensor spacing d and measured travel time t, the acoustic wave
velocity v=d/t is computed. Using calibrated water properties and pipe parameters, this
velocity is inverted to segment-average residual wall thickness (or %-loss for DI), which
the provider converts into a 1-5 integrity rating (IR). Field teams also used passive leak
correlation to check background noise and confirm path quality, and performed targeted

pressure-transient logging to contextualize operational stress. The thickness model

194



depends on water bulk modulus and pipe elasticity. Field specialists calibrate the bulk
modulus at the utility’s source by testing a known condition (control sample) that should
be a recently installed pipe segment. Figure 4-17 shows exhumed cast-iron pipe coupons
spanning low to severe wall-loss. These specimens illustrate how tuberculation and pitting
present across diameters and how this morphology can relate to the averaged wall-loss
metrics used for ground truth (LOFer). These photos are illustrative to show that the
LOFqr labels used in validation come from instrumented segment-average measurements

rather than visual inspection.

a) 6” CI pipe with 4.2% measured loss b) 6” CI pipe with 47% measured loss

¢) 67 CI pipe with 10% measured loss d) 18" CI pipe with 18.5% measured loss

Figure 4-17: Representative cast-iron pipe coupons with their measured wall losses. (a) shows
localized tuberculation with wall largely intact); (b) shows heavy corrosion with perforations and
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extensive section loss); (c) shows moderate but patchy pitting) and (d) shows distributed pitting
on a trunk main)

4.7.4.3.3 Data Processing

Ground truth (LOFcer in 5 classes) is computed from raw data based on the tech-
nology provider’s conversion table. For cast iron/steel/spun/pit cast we use the provider’s
1-5 “Integrity Rating” (IR) that summarizes segment-average wall condition from acous-
tic thickness inference (see Table 4-13) and for ductile iron we use percent wall-thickness
loss bands (see Table 4-14). We then convert IR or %-loss to the LOFqr 04 class targets

used for validation.

Table 4-13: Percent wall thickness lost conversion to LOFqr. Used Primary for Ductile Iron
(DI). Also used as a fallback for any cohort if %Loss is available and IR is not.

Range LOFgr Class label
%Loss < 10 0 Very Low
10 < %Loss < 20 1 Low
20 < %Loss < 30 2 Moderate
30 < %Loss < 40 3 High
%Loss = 40 4 Very High

Computation of %Loss (when only thicknesses are present):

e If original and measured thickness are available:

max (0, (Original Thickness — Measured Thickness)
% Loss = — - x 100
Original Thickness
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o If “Lost Thickness” is provided instead of Measured Thickness:

Lost Thickness

% Loss = %X 100
%o Loss Original Thickness

Table 4-14: Integrity Rating (IR) conversion to LOFqr. Used for Pit CI, Spun CI and Steel

Range LOFgr Class label Inclusion rule

IR <20 0 Very Low IR < 2.0
20<IR < 3.0 1 Low lower bound inclusive
30<IR < 4.0 2 Moderate lower bound inclusive
40<IR <45 3 High both bounds inclusive (< 4.5)

IR > 4.5 4 Very High strictly greater

Notes: Lower IR = better wall condition; higher IR = closer to (or below) “critical” wall thickness; these
cutpoints are fixed a priori for validation: if IR < 2.0 — 0; else if < 3.0 — 1; else if < 4.0 — 2; else if < 4.5 — 3; else
— 4.

We validate the model only on cohorts for which the instrument physics and the
utility’s management priorities support reliable field targets. These are Pit cast iron (CI)
in <8" and 8-24", Spun CI in <8" and 824", ductile iron (DI) in <8" and 824", steel
(ST) in >24", and PCCP in 8-24" and >24". Mixed material tags are normalized to the
first token, unknown materials and records with missing diameter band are excluded.
Outcomes are reported at two granularities. First, an overall view across all validated
segments and per-cohort views (material-diameter band). Because LOF is an ordinal 04
scale, we emphasize ordinal concordance that is, agreement in rank, even when predictions

differ by one class.

197



4.7.4.3.4  Hypotheses Testing

Building on the cohort scope above, Table 4-15 summarizes the hypothesis frame-
work we use to turn the visual outputs into statistical claims. We test: (i) independence
via a Pearson x2 test on the confusion matrix (are predictions unrelated to ground truth?);
(ii) agreement beyond chance using Cohen’s x and quadratic-weighted x, which penalize
larger ordinal gaps; (iii) monotone ordinal association with Spearman’s p; and (iv) im-
provement over a naive baseline by comparing exact accuracy to the cohort’s majority-
class prevalence with Wilson 95% ClIs. We reject a null when p < 0.05 (or the 95% CI
excludes the null value). Decisions are reported alongside the overall and cohort-wise
confusion matrices, accuracy heatmap, and agreement plots to substantiate ordinal con-

cordance on the 0-4 LOF scale.

Table 4-15: Validation hypotheses and decision rules for LOF concordance. Each row states

what is tested, the null hypothesis, the statistic used, the a=0.05 decision rule, and where the

result appears in the notebook outputs. Tests are computed both overall and within each vali-
dated material-diameter cohort.

Null hypothesis Statistic / esti- Interpretation if

ID Test Decision rule a =0 . .
Ho mate Hoy is rejected
L. Pearson x? on con- Predictions carry in-
Are predictions o o . ) .
LOFsudent is inde- fusion matrix formation about

Ho- 2 independent of Reject if py2 < 0.05.

d truth? pendent of LOFar (overall and per-co- truth (non-random
ground truth?

hort). association).

Cohen’s xand k,, Reject if x,, > 0 with
Is agreement uadratic-weighted Non-trivial agree-
& « & (overall & per-co-  95% CI does not in- &

beyond chance Cohen’s (k,, = 0). hort) Tude 0
ort). clude 0.

ment beyond chance;
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Null hypothesis  Statistic / esti- Interpretation if

ID Test Decision rule a =0 . .
Ho mate Hoy is rejected
(ordinal- large gaps penalized
weighted)? more.
Is there mono- g ) Student ranks co-
earman p with L
Ho-p tone rank asso- Spearman p = 0. P p Reject if p, < 0.05 vary with ground-
C L. p-value (overall).
ciation? truth ranks.
Exact accuracy vs. Reject if accuracy >
Better than Exact accuracy < L Y ‘], . Y Model beats naive
Ho—base majority-class cohort majorit majority preva- majority prevalence baseline for that co
o—bas 8 y-class ; : jor ‘ at co-
) y 0 L JoTy lence; Wilson 95% and its 95% CI stays hort
uessing? revalence. ) ort.
& & P CI for accuracy.  above that baseline.

4.7.4.3.5 Results

Overall performance: Across 708 segments, exact accuracy is 84%, with within-
one-class agreement = 97% (596 exact, 93 near-miss and only 19 cases are =2 classes off).

This is shown in Figure 4-18 a).

The macro-F1 = 0.79 and weighted-F1 = 0.85 reflect good class-wise balance de-
spite class 0 being most prevalent (support: 449). Agreement beyond chance is k = 0.73
and quadratic-weighted k = 0.87 (which shows substantial to almost-perfect). Here, the
ordinal association is strong. Spearman p = 0.85, p =~ 2.8 X 107194, A ¥? test of independ-
ence on the 5x5 table yields x? = 1605.9, df = 16, p < 10712, rejecting independence
decisively. The raw accuracy confusion matrix Figure 4-18 b) and row-normalized confu-

sion matrix Figure 4-18 a) confusion matrices show a strong diagonal. Diagonal
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conditional accuracies by truth class are ~0.80-0.87 (0:0.85, 1:0.81, 2:0.80, 3:0.87, 4:0.85).
The stacked “agreement-by-truth” view in Figure 4-18 e) indicates small, largely symmet-

ric slips to adjacent classes.

a Normalized confusion matrix (OVERALL) n=708 b Confusion matrix (OVERALL) n=708
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Figure 4-18: Model-ground-truth concordance for the validated cohorts only. Pit CI (<8", 8-24"),
Spun CI (<8', 8-24"), DI (<8', 8-24"), Steel (>24"), and PCCP (8-24", >24")—based on
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instrument-anchored LOF_GT (n=708 segments). Panels: (a) row-normalized confusion matrix
showing a strong diagonal; (b) raw-count confusion matriz; (c) per-cohort accuracy heatmap
(Material-Diameter); (d) error-distance histogram concentrated at 0-1 class; (e) stacked predic-
tions by truth class. Overall exact accuracy = 0.842, within-one = 0.973, quadratic k = 0.867,
Spearman o = 0.845.

Per-cohort patterns: The accuracy heatmap in Figure 4-18 ¢) and Figure 4-18
b) show strong performance in all substantive cohorts (n=30). These statistics are pre-

sented in Table 4-16.

Table 4-16: Per cohort summary of accuracy

Material Diameter n  Accuracy balanced__acc kappa kappa_ quadratic

Spun 8-24" 278 0.81 0.78 0.52 0.72
Spun <8" 102 0.87 0.86 0.76 0.87
Pit 8-24" 173 0.84 0.85 0.78 0.89
Pit <8" 36 0.83 0.80 0.77 0.82
DI 8-24" 80 0.90 0.95 0.86 0.96
DI <8" 18 0.89 0.63 0.71 0.92
Steel >24" 15 0.80 0.80 0.00 0.00
PCCP 8-24" 5 0.80 0.80 0.00 0.00
PCCP >24" 1 1.00 1.00 NaN NaN

Accuracy: Fraction of segments where the predicted LOF class exactly equals the ground-truth class;

Balanced Accuracy: Mean recall taken across classes; treats each LOF class equally so results aren’t dominated by common classes;
Kappa: Cohen’s x (unweighted): agreement beyond chance; all misclassifications are penalized equally, regardless of how far apart
the classes are;

Kappa Quadratic: Quadratic-weighted x: agreement beyond chance with heavier penalties for larger class gaps; ideal for ordinal
scales like LOF 0-4.

Spun <8" Accuracy=87% (x,, = 0.87), Spun 8-24" Accuracy=81% (x,, = 0.72), Pit
<8" Accuracy=83% (k,, = 0.82), Pit 824" Accuracy=84% (x,, = 0.89), DI <8" Accu-
racy=89% (k,, = 0.92), DI 824" Accuracy=90% (x, = 0.96). Small-n cohorts (Steel

>24" n=15; PCCP 8-24", n=>5; PCCP >24", n=1) show high apparent accuracies (0.80—
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1.00) but k = 0 or undefined, reflecting label degeneracy and wide uncertainty. We treat
these as inconclusive for hypothesis testing and report them for completeness only. The

final summary from hypothesis testing is shown in Table 4-17.

Table 4-17: Hypothesis testing results and decision

Null hypothe-

ID ) Test / estimate Evidence Decision
sis (Hp)
" Predictions have  Pearson x2 on
;_ no association  overall confusion x2=1605.88, df=16, p = 0 Reject Ho
X with truth matrix
Quadratic-
Ho— weighted k < Cohen’s k,, (over- .
Ky = 0.87 (well >0.20 Reject H
Ky  0.20 (Zslight  all & per-cohort) v (we ) cjeck Ho
agreement)
- ar: n ra Spe: a. ith
He-  Spearman rank pearman p with p =085 p~28x1071% Reject Ho
p p=0 p-value (overall)
Exact accuracy vs Overall: baseline=0.634 (449/708); accuracy=0.842 Reject Ho (overall
Accuracy < ma- .. . . . .
He- | tvclnss b majority preva- with 95% CI [0.813, 0.867] — above baseline. Major & major cohorts);
ority-class base-
base O . lence (overall & cohorts (n=30): acc 0.813-0.900, balanced-acc inconclusive for
ine
per-cohort) 0.778-0.952, each above its cohort baseline. small-n cohorts

Notes. “Majority-class baseline” is the accuracy by always predicting the modal class in that cohort; balanced accuracy
>0.5 across all substantive cohorts further indicates real signal rather than class-imbalance artifacts. For small-n bands

we avoid over-interpretation and recommend targeted data collection.

This validation shows the model is learning real deterioration patterns that the
field instruments capture, not just echoing the majority class. Most disagreements are
small (adjacent LOF bands), which is what matters operationally when making renewal
decisions. Performance is consistently strong across the key material-diameter cohorts we

tested, while tiny cohorts remain informational only. Overall, the model is decision-useful
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for the targeted cohorts and highlights where additional data or inspections would further

tighten confidence.

4.7.4.4 Ground truth agreement for PCCP using Electromagnetic Wirebreaks

count

The previous section validated the LOF model against RW'T for cast iron and
ductile iron cohorts. RWT is a natural ground truth for metallic pipes. Progressive metal
loss links directly to pressure capacity and provides a clean structural proxy for failure
risk. For PCCP, the failure mechanics are different. PCCP relies on a composite action
between the concrete core, steel cylinder, and prestressing wire. Several competing failure
modes exist. In practice, however, most catastrophic PCCP failures begin with loss of
prestress as the primary initiating mechanism. Once enough wires break, the hoop stress
shifts to the steel cylinder and concrete core. This accelerates cracking, local yielding, and
ultimately through-wall rupture. RW'T on the steel cylinder is still relevant, but it is often

a downstream symptom of an earlier wire-break process.

For that reason, Electromagnetic (EM) estimates of broken prestressing wire wraps
are, for PCCP, a more direct measure of structural distress than cylinder wall loss alone.

They are also what many utilities already use as the main decision input for PCCP
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management (monitor, repair, replace). To show that the LOF model is credible for
PCCP, it is not sufficient to match RWT behavior on metallic pipes. We also need to
demonstrate that, for large-diameter PCCP, predicted LOF classes track the wire-break

hierarchy that practitioners act on.

This section therefore provides a second, independent validation experiment for
the PCCP > 24" cohort, using EM wire-break counts as ground truth. Together, the
RWT-based and wire-break-based experiments show that the model is aligned with two

physically distinct, but complementary, structural mechanisms.

4.7.4.4.1  Data Collection

The ground-truth dataset for this experiment comes from a wholesale water pro-
vider in the southern United States that has implemented a multi-year EM inspection
program for about 4 miles of large-diameter PCCP transmission mains. The utility has
inspected several lines with nominal diameters between 72 and 108 inches using EM tools
deployed inside the pipe, and for each inspected segment the vendor reports an estimated
number of broken prestressing wire wraps together with spatial locations and quality flags.
The validation dataset analyzed here is a curated subset of that broader program. It

includes only PCCP segments with diameter greater than 24 inches (primarily in the 72—
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108 inch range), only segments for which the vendor produced a clear pipe-level estimate
of total broken wraps, only segments that were unrepaired at the time of inspection so
that the wire-break count reflects accumulated deterioration rather than post-repair re-
siduals, and it excludes pipes for which the vendor classified the EM response as anoma-

lous or non-diagnostic.

To describe the instrumentation and signal interpretation, we draw on representa-
tive inspection reports shared by the water utility, which documents the whole process in
detail. The utility’s EM inspections are carried out by a commercial vendor using an
internal EM tool. The tool is inserted into the main, traverses each pipe barrel from bell
to spigot, and carries both excitation and sensing hardware. The EM system works in

three conceptual steps:

1. Excitation: A low-frequency alternating current is driven through an exciter coil near
the inner surface of the pipe. This produces a slowly varying magnetic field that pen-
etrates the concrete core and links the steel cylinder and prestressing wires. The field
induces eddy currents in each prestressing wire wrap.

2. Perturbation by broken wires: In intact wire wraps, induced currents circulate contin-

uously around the pipe, producing a characteristic magnetic signature. Where a wire
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has fractured, this current path is interrupted. The local field becomes weaker or dis-
torted. As the tool moves along the barrel, regions with intact wraps and regions with
clusters of broken wraps give measurably different responses.

3. Sensing and inversion: Detectors on the tool record the spatial variation of the mag-
netic field as a function of travel distance. Analysts then process this signal to identify
“distressed regions” (zones where the signature differs from the intact baseline) and
estimate the number of broken wraps in each region. This conversion relies on calibra-
tion curves developed from full-scale tests on similar pipes, where known numbers of

wraps are cut and rescanned.

Exploratory plots of the PCCP inspection data (Figure 4-19) show how wire-break
distress is distributed across diameter and soil environments. Most pipe samples fall into
a small set of large-diameter classes, and only a minority of segments contain non-zero
wire-break counts, consistent with the expectation that structural distress remains rare
relative to the network length. When wire-break counts are plotted against the SSURGO
steel-corrosivity index, severe distress is increasingly concentrated in soils classified as
more aggressive to steel. This is mechanically plausible. In PCCP, the prestressing wires

are the primary tensile reinforcement, and the steel-corrosivity index is largely driven by
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soil moisture, resistivity, and chloride/sulfate environments that directly influence wire

corrosion rates.

In contrast, the concrete-corrosivity index does not show a simple monotone rela-
tionship with wire-breaks. Concrete corrosivity reflects chemical risks to the mortar ma-
trix (e.g., sulfate attack) rather than the electrochemical conditions at the steel surface,
and the steel is partially shielded by the concrete cover and by local construction details.
As a result, the concrete index alone is a weaker predictor of wire distress than the steel-
focused index. Aggregating length by wire-break ground-truth class (LOF¢r) further high-
lights that the dataset is strongly imbalanced. Almost all inspected mileage lies in class
0, with only a few miles in higher distress classes. This pattern is typical of real world
PCCP transmission system performance and motivates the use of ordinal agreement and

rank-based metrics, rather than raw accuracy alone, in the subsequent validation.
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Figure 4-19: Exploratory characterization of the PCCP wire-break dataset.

(a) Total EM-estimated wire-breaks per pipe as a function of diameter, showing that high wire-
break counts are rare outliers as diameter increases. (b) Wire-breaks versus SSURGO concrete-
corrosiity index, where no clear monotone trend is evident. (¢) Wire-breaks versus SSURGO
steel-corrosivity index, where higher wire-break counts are increasingly concentrated in soils
mapped as more aggressive to steel. (d) Total mileage in the dataset by wire-break ground-truth
class (LOFqr), highlighting that most samples lies in class 0 and only a small fraction of the
network occupies higher distress bands.
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4.7.4.4.2 Data Uncertainties

Since EM response depends strongly on pipe design (wire size and spacing, cylinder
thickness, presence of shorting straps, pressure class), the vendor develops design-specific
calibration curves. For each PCCP design family, full-length calibration pipes from the
same or similar system are instrumented, scanned intact, and then progressively damaged
by cutting known numbers of wire wraps at known locations. By comparing the change
in magnetic signature after each damage step, analysts derive a relation between anomaly
amplitude/shape and the number of broken wraps. These calibration curves are then

embedded in the EM analysis software and used to interpret field data from in-service
pipes.

For each inspected pipe segment in the utility’s system, the EM analysis yields a
structured record that links directly back to the asset inventory. Every segment has a
unique pipe identifier tied to the utility’s GIS, basic geometry and design attributes (di-
ameter, class, pipe type), and zero, one, or multiple distressed regions along the barrel.
For each distressed region, the vendor reports an estimated number of broken wraps, and
these are aggregated to a pipe-level total number of broken wraps. The record also includes

flags and notes on signal quality, anomalous behavior, or prior repairs. This pipe-level
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dataset is the raw input from which the wire-break ground-truth index classes are con-

structed.

EM-based wire-break counts are powerful but not perfect, and several practical

limitations shape how they can be used as ground truth. For embedded-cylinder PCCP

with shorting straps, isolated single broken wraps are often below the reliable detection

threshold. In practice, roughly five or more consecutive broken wraps are needed before

the EM signature becomes robust enough for confident classification, so pipes with very

small numbers of broken wraps may be reported as “no distress” or carry high uncertainty.

Detection also depends on position. Broken wraps near bell or spigot joints, or close to

appurtenances, are harder to detect than mid-barrel damage because joint geometry and

local changes in steel mass distort the baseline signal, and short specials are particularly

difficult because joint effects occupy most of the barrel. External interference further

complicates interpretation. Unknown or poorly documented appurtenances, nearby ferro-

magnetic structures, or atypical construction details can produce “anomalous” signatures

that do not match typical distress patterns, and the vendor flags such pipes as anomalous

or non-diagnostic, with wire-break counts that are either missing or highly uncertain. At

the opposite extreme, pipes where most or all wires have broken can produce saturated
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signals that are difficult to distinguish from other property changes. Analysts may classify
these as having broken wraps across most or all of the pipe rather than assigning a precise

count, which clearly indicates very high distress but with only approximate wrap numbers.

4.7.4.4.3 Data Processing

To construct a clean ground-truth cohort from this reality, we restrict attention to
PCCP segments with diameter greater than 24 inches (dataset has pipes from 72-108
inches) that belong to the vendor’s calibrated design families, and that sit within the EM
tool’s reliable interpretation envelope. We exclude pipes flagged as anomalous, non-diag-
nostic, or otherwise outside the stated conditions for trustworthy wire-break quantifica-
tion, including very short specials where the vendor has explicitly cautioned against use
of the counts. We also exclude pipes known to have been structurally repaired before
inspection, because their wire-break pattern reflects both historical distress and interven-
tion. Within the remaining set, we require a non-negative total number of broken wraps
for each pipe segment, either as an explicit count or as an “across entire pipe” classifica-
tion. The resulting subset is not a census of all PCCP segments in the system, but it is
the subset for which EM wire-break counts can reasonably be treated as ground-truth

indicators of structural distress for validation.
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To compare the EM wire-break data with the model’s five-band LOF output, we
construct a pipe-level wire-break ground-truth index, LOFyp ¢r € {0,1,2,3,4}, that is mon-
otone in the total number of broken wraps and aligned with vendor reporting practice.
For each inspected pipe, we first aggregate distress by summing the estimated broken
wraps across all distressed regions to obtain a total broken-wrap count Nywp. Pipes with
no reported distress are assigned Nyp = 0, while pipes that the vendor describes as having
broken wraps “across most or all of the pipe” are treated as having a very large effective
Nywg, even if only a qualitative range is given. Based on typical vendor groupings (for
example, “<25 broken wraps”, “25-507, “>50", plus a category for across-barrel distress)
and on engineering judgement about severity, we then define a set of thresholds. Zero
broken wraps correspond to no detectable distress above the EM detection limit; 5-24
broken wraps indicate low but clear distress; 25-49 broken wraps indicate moderate dis-
tress; 50-99 broken wraps indicate high distress; and 100 or more broken wraps, or an

across-barrel classification, indicates very high distress.

Using these thresholds, each pipe is assigned to one of five classes. Class 0
(LOFyp gr = 0) corresponds to Nwp = 0 with no indication of across-pipe distress; this

should be interpreted as “no EM-detectable cluster of broken wraps”, not as a guarantee
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that every wire is intact. Class 1 (LOFyp ¢r = 1) corresponds to 5 < Nyp < 24; these
pipes have a limited number of broken wraps, usually confined to one or two localized
regions, and are typically candidates for continued monitoring rather than immediate
structural intervention. Class 2 (LOFyp gr = 2) corresponds to 25 < Nyp < 49; these
pipes show more extensive wire loss and reduced margin to critical conditions, and utilities
often plan targeted repair or replacement within a defined planning horizon. Class 3
(LOFyp ¢r = 3) corresponds to 50 < Nyp < 99; these pipes exhibit heavy wire-break con-
centrations and are typically treated as high priority for near-term intervention because
of substantial stress redistribution to the steel cylinder and concrete core. Class 4
(LOFyp ¢r = 4) corresponds to Nyp = 100, or any case where the vendor indicates that
broken wraps extend across most or all the pipe barrels. Such pipes are near structural
limit states and are usually considered for immediate action or emergency contingency

planning.

Wire-break counts below 5 are treated with caution. If the vendor explicitly reports
1 < Nyp < 4 for a pipe, we either retain the pipe but map it to Class 0, recognizing that
such small counts lie near the EM detection threshold, or flag it for sensitivity analysis

rather than including it in the core ground-truth set. This avoids over-interpreting EEM
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estimates at the edge of the method’s reliability. The resulting LOFy g gr index is mono-
tone in total wire-break count, directly grounded in the same EM outputs that practition-
ers already use, coarse enough to be robust to interpretation uncertainty, and expressed
on the same 0—4 scale as the model’s LOF bands. In the next step, we join this wire-break
ground-truth index to the model’s predicted LOF bands for the PCCP > 24" cohort and
apply the same validation machinery used for the RWT experiment, including confusion
matrices, distance-to-truth diagnostics, and formal hypothesis tests against independence,

zero correlation, and majority-class baselines.

4.7.4.4.4  Hypotheses Testing

Table 4-18 summarizes the statistical hypotheses used to evaluate how well the

student model reproduces the wire-break ground-truth classes.

Table 4-18: Statistical hypotheses for PCCP wire-break based LOFyen model validation

D Test Null h thesis Statistic / esti- Decision rule a« = Interpretation if Hy is re-
es u othesis
yp 0 mate 0.05 jected
Are predic- LOF s ind d Pearson x? on con- Predictions carry information
student 18 independ-
Hy-  tions inde- o f . P fusion matrix (over- . . about the wire-break truth
5 i ent of wirebreak . Reject if py2 < 0.05. ]
X pendent of d truth LOF all PCCP wirebreak classes (non-random associa-
round tru ¥
truth? 8 or cohort). tion).
Is agreement Quadratic-weighted Coher’ q Reiect if k.. > 0 wit] Non-trivial ordinal agreement
ohen’s k and k eject if x, with
Ho- beyond  Cohen’s (k,, < 0). (no v ! v ] beyond chance; larger band
v (overall & per-co-  95% CI does not in-
Ky chance (ordi- agreement beyond hort) lude 0 errors are penalized more
hort). clude 0.
nal)? chance). strongly.
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. Statistic / esti- Decision rule a« = Interpretation if Hp is re-
ID Test Null hypothesis Hy

mate 0.05 jected

Is there mon- . .
Ho- Spearman p with p- o Student ranks co-vary with

otone rank Spearman p = 0. Reject if pp < 0.05.

p L value (overall). ground-truth ranks.
association?
Better than Exact accuracy ver- Reject if accuracy >  Model outperforms a naive
L. Exact accuracy < co- .. .. i :

Ho—  majority- sus majority-class  majority prevalence classifier that always predicts

hort majority preva-
base class guess- 1‘] yp prevalence; 95% CI  and its 95% CI stays the most common wire-break
ence.

ing? for accuracy. above that baseline. class in this cohort.

Four tests were chosen to probe complementary aspects of performance. Hy- x? asks
whether predictions are associated with truth at all, using a Pearson x2 test on the full
5x5H confusion matrix. Ho— k focuses on ordinal agreement beyond chance, via quadratic-
weighted Cohen’s x, which penalizes larger band errors more strongly than near-misses.
Ho- p tests whether the model preserves the rank ordering of distress using Spearman’s p,
which is robust to non-linear but monotone relationships. Finally, Hi—base compares the
model with a trivial majority-class classifier, recognizing that, under extreme class imbal-
ance, a naive “all-safe” strategy can achieve very high apparent accuracy; this test there-

fore interrogates whether the model genuinely improves on that baseline.

4.7.4.4.5 Results

The summary metrics in Table 4-19 show that the PCCP LOFtdene model repro-
duces the five-band wire-break ground truth with high fidelity while preserving the ordinal

structure of the index. Exact class accuracy is 84%, and the within-one-band accuracy is
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98%, so almost all disagreements occur between neighboring bands. The quadratic-
weighted kappa of about 0.32 indicates fair-to-moderate agreement beyond chance once
larger band errors are penalized more heavily than near-misses. This is consistent with
the intended use of the index where bands are designed to represent graded concerns for
structural /functional failures, so a one-band slip between, for example, “low” and “mod-
erate” wire-break distress is much less serious than a two-band slip. The positive Spear-
man rank correlation (o = 0.33) confirms that the model respects this ordering that is,

pipes with more severe wire-break classes tend to receive higher predicted LOF bands.

Table 4-19: Overall validation metrics for PCCP wire-break ground truth (LOFqr) versus model
pT’ediCtiOHS (L OFs‘l,udcnl)

Estimate

Metric Symbol 95% CI Interpretation
{overall)
Accuracy (exact class About 84% of pipes are assigned to the correct wire-
v (ex ® Ace 0.84 [0.83, 0.84] 0 OF Pibes are assis v
agreement,) break class.
Within-one-band ac- Acc Almost all remaining errors are at most one LOF band
0.98 [0.98, 0.99]
curacy {£1} away from ground truth.
Quadratic-weighted . Fair-to-moderate ordinal agreement between predicted
, Ky 0.32 [0.29, 0.34] .
Cohen’s kappa LOF bands and wire-break ground truth.
Spearman .rank corre- o 0.33 10.31, 0.34] Predicted L.OF ranks increasfe c.ohel.rently with Wi.re—
lation break severity, but the association is moderate-high
Chi-square associa- x? (df = 30223 Very strong departure from independence between pre-
tion test 16) dictions and wire-break classes.
Majority-class accu- A 0.98 A trivial classifier that labels all pipes as LOF = 0
CCbase . -
racy baseline l achieves 97.7% accuracy.
Accuracy gain over  Acc — 0.142 [—0.146, The model trades about 14 percentage points of “all-
baseline Accpase ) —0.138] safe” accuracy to reclassify risky pipes.
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The chi-square test reinforces this picture. With x2 ~ 3x10* on 16 degrees of free-
dom and p « 0.001, the joint distribution of predicted and observed classes is far from
what would be expected under independence. At the same time, the accuracy of a naive
majority-class classifier is extremely high (97.7%) because almost all inspected footage lies
in the lowest wire-break class (0). The model’s accuracy is therefore lower than this trivial
baseline, and Ho—base is not rejected. This is not a defect of the model. Rather, it reflects
the design choice to reclassify a small fraction of pipes into higher-risk bands instead of
labelling everything as “safe.” In a renewal-planning context, these modest losses in overall
accuracy are acceptable when they are accompanied by better discrimination of the rare,
distressed  pipes, which are captured more appropriately by k, and

p than by raw accuracy alone.

Figure 4-20 provides a more granular view of how the model behaves across the
five LOF bands. The normalized confusion matrix (panel a) is strongly diagonal. For each
ground-truth class, between about 0.83-0.88 of segments are predicted in the correct band.
Off-diagonal mass is concentrated in the immediately adjacent cells, so most misclassifi-
cations are one-band shifts such as predicting class 1 instead of class 0 or class 3 instead

of class 4. The unnormalized confusion matrix (panel b) shows the same pattern on the
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count scale and makes the class imbalance explicit where most pipes are in the lowest
wire-break class, with far fewer observations in classes 1-4. The error-distance histogram
(panel c¢) summarizes this behavior numerically. Exact agreement (distance 0) accounts
for roughly 84% of pipes. Near-misses one band away (distance 1) account for almost all
the remaining cases, while only a very small number of pipes fall two or more bands away
from the truth. This distribution is what drives the high within-one accuracy and moder-
ate x,, reported in Table 4-19. It also reflects a common pattern in ordinal models where
errors tend to “blur” the boundaries between neighboring categories rather than jump
across multiple structural regimes. The stacked agreement plot by truth class (panel d)
shows how the predicted class distribution shifts as the wire-break severity increases. For
pipes with LOFqr = 0, the stack is dominated by predictions in class 0, with a small
fraction upgraded into class 1. For LOFgr = 1 and 2, the stacks become centered on the
corresponding predicted bands, with thinner contributions from the bands immediately
below and above. For LOFqr = 3 and 4, most predictions lie in classes 3 and 4 respectively,
but there is a non-negligible share in the next lower band, reflecting a cautious tendency

to slightly under-state the most extreme cases.
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Figure 4-20: Agreement between modelled LOF and wire-break ground truth for PCCP.
(a) Normalized confusion matriz showing that most pipes are predicted in the correct wire-break
class, with misclassifications concentrated in adjacent bands. (b) Raw confusion matriz highlight-
ing the strong class imbalance toward low-distress segments. (c¢) Distribution of absolute predic-
tion—truth distance, indicating that almost all errors are one band or less. (d) Stacked prediction
shares by truth class, illustrating that predicted LOF bands shift upward systematically with in-
creasing wire-break severity while rarely crossing multiple bands.

Taken together, these patterns show that the model behaves as a smooth, ordinal risk

ranking: it rarely confuses “healthy” pipes with severely distressed ones or vice versa, but

it does allow some uncertainty at the band boundaries, which is consistent with the noisy

and spatially local nature of EM wire-break estimates.
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Table 4-20 reports the outcomes of these hypothesis tests for the PCCP wire-break

cohort. The x2, k,, and Spearman p results all lead to rejection of their respective null

hypotheses, showing that the model’s predictions are strongly associated with the wire-

break ground truth, exhibit moderate ordinal agreement beyond chance, and respect the

intended ranking of distress.

Table 4-20: Outcomes of hypothesis tests for PCCP wire-break validation

ID

Null hypothesis
(Ho)

Test / esti-
mate

Evidence Decision

Ho-
2

Ho

Hl)—

Ho

base

Predictions have
no association
with wire-break
truth
Ordinal agree-
ment is no better
than chance (i,
<0.2)

No monotone

rank association
(p=0)

Accuracy < ma-
jority-class base-
line

Pearson x2 on
overall 5x5 con-

fusion matrix

Quadratic-
weighted Co-

T a
hen’s x,,

Spearman p
with p-value

Exact accuracy
versus majority
prevalence

Reject Hy. Strong dependence be-

2 = 46 614.55, df = 16, p = 0 («< 0.001).
X o ¢ P ( ) tween LOFsudent and LOFar.

Reject Hy. Moderate agreement
K= 0.457 with 95% CI [0.429, 0.486]; 1, lies well 000y = 0n HOCCIALe agteciien

beyond chance; large mis-banding
above 0.

is uncommon.

Reject Hy. Higher predicted LOF

p = 0.424 with 95% CI [0.410, 0.438]; p = 0 (K .
bands correspond systematically

0.001).
) to higher wire-break classes.

Majority baseline Acchase = 0.977 (all LoFar = 0).
Model accuracy Acc = 0.906 with 95% CI [0.903,
0.909]. Accuracy gain Acc — Acchase = —0.071 with
95% CI [—0.074, —0.068] (entirely below zero).

Do not reject Hy. The model is
less accurate than the trivial ma-
jority classifier, as expected under

extreme class imbalance.

In contrast, Ho—base is not rejected. The model’s exact accuracy remains below the

majority-class baseline because a classifier that labels every pipe as low-risk already

achieves 97.7% accuracy in this extremely imbalanced dataset. This pattern is consistent

with the design goal of trading a small amount of “all-safe” accuracy for an improved
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identification and ranking of the relatively few distressed pipes, which is captured better

by k,, and p than by accuracy alone.

4.7.4.5 Ground truth agreement for other materials (PVC., PE., AC)

This section presents the validation of the LOFudens index in a retrospective failure-
prediction setting for non-metallic distribution mains, specifically AC, PVC and PE. For
these materials, utilities rarely have high-resolution condition data because inspection
technologies are less mature and destructive sampling is harder to justify. The most com-
plete deterioration signals are usually operational: carefully logged histories of leaks and
breaks in work orders and main-break reports. We therefore use a five-year work-order
dataset from a large U.S. utility that is widely recognized for its early adoption of GIS-
based asset management and rigorous verification of break records. This utility and its
data were deliberately excluded from all stages of model development and from the earlier
Evaluation Verification and Validation (EVV) exercises, so the analysis here is an out-of-
sample, temporal test of predictive validity rather than a re-use of training information.
We take a snapshot of the AC, PVC, and PE asset base as of 1 January 2009, apply the
model to assign five-band LOF classes (0-4) at the pipe-segment level, and then track

which segments experience at least one recorded failure between 2009 and 2013. This
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emulates how a utility would deploy the index in practice: prioritizing mains for inspection

or renewal based on current LOF bands and then observing which segments fail under

real operating and environmental conditions. By combining independently curated failure

histories with SSURGO-derived environmental attributes, and by evaluating mileage-

based recall of failed segments, five-year precision of high-risk classifications, and the

trade-off between missed failures and “false-positive” high-risk pipes at the material-di-

ameter cohort level, this study tests both the internal coherence of the LOF index for AC,

PVC, and PE and its external utility as a forward-looking decision aid for non-metallic

mains that fail through mechanisms different from metallic corrosion.

4.7.4.5.1 Data Collection

The retrospective failure dataset comes from a large U.S. water utility in a southern

state that has invested heavily in systematic main break recording and proactive renewal

planning. Since the late 1980s the utility has maintained electronic asset and maintenance

records for its distribution system, including pipe material, diameter, segment length,

installation year, and detailed work orders for leaks and breaks. These records support a

long-running main replacement and rehabilitation program that reinvests in ageing mains

each year and uses break frequencies, corrosion flags, and service histories to prioritize
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projects. As-built drawings and installation records are retained permanently, and more
than three decades of work orders have been digitized, geo-referenced, and routinely used
in internal performance reporting and external research case studies. Regular internal
audits and reconciliation of work orders against field reports, customer calls, and GIS
mapping have produced one of the most carefully curated failure datasets available for
non-metallic mains, even though it is still less controlled than the instrumented condition-
assessment campaigns used in the previous validation studies. Figure 4-21 summarizes the

non-metallic asset base used in this retrospective test.
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Figure 4-21: Total vs. five-year failed mileage by material and diameter band. Bars show, for
AC, PE and PVC mains installed before 2014, the total mileage in service on 1 January 2009
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(blue) and the subset of mileage that experienced at least one recorded failure between 2009-
2013 (orange). Labels above each bar give the mileage and the number of pipe segments in each
material-diameter cohort, highlighting that only a small fraction of the installed mileage failed
over the five-year window.

Across AC, PE, and PVC mains in the <8" and 824" bands, the utility operated hun-
dreds of miles and tens of thousands of segments as of 2009, while only a few miles in
each cohort experienced failures during 2009-2013. This combination of large exposure
mileage and relatively rare breaks creates a stringent, highly imbalanced test bed for
evaluating how well the LOF index can identify the small subset of plastic and AC mains

that actually fail.

4.7.4.5.2 Data Uncertainties

Although this retrospective failure dataset is unusually well curated for an opera-
tional work-order system, it still inherits several sources of uncertainty that are different
in character from the instrumented condition-assessment campaigns used in the metallic
and PCCP validations. First, failures are observed through work orders and main-break
reports rather than direct inspection. This introduces detection bias (small leaks that
never trigger a work order are effectively invisible) and classification noise (a leak coded
as a service-line issue instead of a main break, or vice versa). In addition, the outcome is

right-censored: mains that do not fail in 2009-2013 are treated as non-failures in the five-
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year window, even though they may fail later. Right-censoring means that the “non-
failed” group is a mixture of genuinely robust pipes and pipes that simply have not yet

had the “bad luck” of a recorded failure.

Spatial and temporal referencing also introduces uncertainty. Even in a GIS-mature
utility, there is non-zero risk that a break is snapped to the wrong segment in the map,
that a short cluster of small breaks is represented as a single failure, or that attributes
such as diameter and material have legacy coding errors for older mains. The environ-
mental covariates are derived from SSURGO map units and regional climate grids, which
are necessarily coarser than the pipe footprint. Each segment inherits a single value for
concrete corrosivity, bedrock and water-table depth groups, elevation, slope length, and
mean annual precipitation averaged over the intersecting map unit. This spatial aggrega-
tion smooths fine-scale heterogeneity in soil and groundwater conditions and can dilute
the apparent strength of environmental drivers, especially where short mains cross bound-
aries between contrasting soil units. Temporal mismatches may also arise because
SSURGO and climate normals represent long-term conditions, whereas individual failures
can be triggered by shorter-term events (e.g., a wet winter or a construction-induced

disturbance) that are not explicitly captured here.
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Several design choices in the validation protocol aim to reduce these uncertainties
or at least prevent them from biasing the conclusions in our favor. To minimize depend-
ence on any one coding convention, we only use whether a main experienced at least one
confirmed failure in the 2009-2013 window, rather than relying on the exact count or
cause code. By focusing on first failures in that horizon and treating additional breaks on
the same segment as part of the same outcome, we reduce sensitivity to how crews split
repeat visits across work orders. The asset snapshot is fixed as of 1 January 2009, and all
LOFtuaene predictions are generated from that state, avoiding any leakage of post-failure
information into the predictors. All performance metrics are computed on material-diam-
eter cohorts and expressed in terms of mileage (miles of failed mains captured in high-risk
bands and miles flagged as high-LOF that actually fail), which mitigates the impact of
idiosyncratic segmentation lengths. Finally, and most importantly, this utility was com-
pletely held out from model development and from the earlier EVV exercises, so any
predictive signal detected here is out-of-sample. Given the remaining detection, coding,
and spatial aggregation uncertainties, the five-year recall and precision estimates reported
in the results should be interpreted as conservative lower bounds on the model’s true

ability to anticipate failures in non-metallic mains under real operational conditions.
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4.7.4.5.3 Data Processing

For this study we extract a focused dataset for all AC, PVC, and PE distribution
mains that were installed before 2014 and lie within the utility’s service area. The asset
registry provides a unique Pipe ID, material, diameter, segment length (in miles), and
installation year for each main segment. These records are linked to the verified work-
order system, which logs each main failure as a dated event. For every Pipe ID, we retrieve
any Failure Date associated with a confirmed main break between 1 January 2009 and 31
December 2013. Pipes with at least one Failure Date in this interval are treated as “failed”
in the five-year window; pipes with no recorded failure in that interval are treated as non-

failed (right-censored) for the purposes of this retrospective analysis.

To represent environmental exposure, we enrich the joined asset—work-order table
with soil and topographic attributes derived from the NRCS SSURGO database and re-
gional climate grids. For each pipe segment, we create the necessary input parameters to
run the LOFyudee models. For example, parameters like concrete corrosivity index that
reflects the aggressiveness of the surrounding soil toward cementitious materials, mean
annual precipitation (inches) as a measure of climatic wetness, elevation and slope length

as summaries of local topography and surface run-off potential, and bedrock and water-
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table depth groups (feet) that characterize subsurface drainage and the likelihood of per-
sistent saturation around the pipe are attached to enrich the dataset and support the
model run. These attributes are computed on SSURGO map units intersecting each pipe’s
GIS alignment and then joined back to the Pipe ID using spatial join feature on ESRI’s
ArcGIS Pro. The resulting dataset combines a long, independently curated history of
operational failures with spatially resolved environmental predictors and forms the basis

for the five-year retrospective failure-prediction experiment for AC, PVC, and PE cohorts.

4.7.4.5.4  Hypothesis Testing

In this experiment we treat the five-LOF index for AC, PVC, and PE mains as a
prospective screening tool for failure prediction accuracy in the five-year window 2009-
2013. The model is applied to the temporal baseline as of 1 January 2009 and assigns each
pipe segment to one of five LOF bands (0-4). For each material-diameter cohort, we
define the high-LOF zone as the mileage of pipes that the model rated in the top two
LOF bands (classes 3-4) at the 1 January 2009 baseline. The work-order and break data-
base then identifies which segments experience at least one failure in 2009-2013. This

yields, for each cohort, (i) the total mileage in service, (ii) the total failed mileage over
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five years, (iii) the failed mileage that lay in the high-LOF zone at baseline, and (iv) the

total mileage labelled high-LOF.

Two families of performance measures follow directly from these quantities:

e Five-year recall (capture fraction, miles) — failed mileage in the high-LOF zone
divided by total failed mileage for the cohort.
e Five-year precision (hit-rate, miles) — failed mileage in the high-LOF zone divided

by the total mileage labelled high-LOF.

At the network scale we also compute year-specific recall, the fraction of failed
mileage in that year that lay in the high-risk zone at baseline. Because the high-risk zone
comprises less than 1% of the total mileage in service, any recall substantially above this
exposure fraction represents a strong concentration of failures in the segments the model
views as near failure. These ideas lead to the following null hypotheses and decision rules
(Table 4-21). We use mileage rather than segment counts so that longer mains, which

contribute more exposure to failure, are weighted appropriately.
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Table 4-21: Hypotheses and tests for the PVC, PE and AC failure retrospective experiment

Decision rule (o Interpretation if Hy is

ID Test Null h; thesis H Statisti timat
es ull hypothesis Hy atistic / estimate = 0.05) rejected

For each year, the Reject Hy if the High-LOF zones contain a
model does not mean- For each year y, capture 95% CI for Ry lies  substantial fraction of the

Ho- Year-spe- . o - . . . s
B! cific recall ingfully concentrate fraction of failed mileage entirely above 0.30  mileage that fails in each
‘ failed mileage; year- in the high-risk zone, Ry. in at least four of year, rather than only a
specitic recall < 0.30. the five years. small, random subset.
For each major mate- Within that cohort the

Five-year recall R. for For each cohort,

Cohort- rial-diameter cohort, . " model captures a substantial
Ho- . . each cohort ¢ (AC <8", reject Hp if the . . . .
, level 5-year the five-year recall of . o ) . share of the failed mileage in
R? - . . AC 824", PVC <8",  95% CI for Rec lies | . .
recall failed mileage is at . its high-risk bands over five
PVC 8-24", PE 8-24"). entirely above 0.30.
most 0.30. years.
F. -Yee isi P(: f
High-risk assignments tveyear precmlo? o High-LOF assignments cor-
. each cohort ¢, defined as  For each cohort,
Cohort- are not more failure- . . . ] . respond to segments whose
Ho- level 5 than back failed mileage in the reject Hp if the f fail te i
evel 5-year rone than back- ive-year failure rate is
P Y prone. _ high-LOF zone divided ~ 95% CI for P, lies year fat!
precision ground; five-year preci- . . . meaningfully higher than
. by total high-LOF mile- entirely above 0.30. .
sion < 0.30. that of the cohort.
age.
Failure ratio RR = The model concentrates fail-
Failure  The failure rate in the (failed miles / total Reject Hy if the ures. A mile in the high-
Ho- concentra-  high-LOF zone is no  miles) in high-risk zone lower bound of the = LOF zone is significantly
RR  tion vs higher than the net-  + (failed miles / total 95% CI for RR ex-  more likely to fail than a
background work-wide average. miles) outside high-rigk ceeds 1.0. typical mile elsewhere in the
zone. system.

4.7.4.5.5 Results

Figure 4-22 summarizes how much of the failed mileage in each year lies in the

high-risk LOF zones defined at baseline. Table 4-22 reports the underlying numbers.
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Figure 4-22: Year-specific capture of failed mileage (all cohorts)

Across all material-diameter cohorts combining the model captures between about
40% and 57% of the failed mileage in its high-risk bands in each individual year. This
performance is consistent over time even though the underlying failures occur in different
segments and under different environmental and operational conditions. Given that the
high-risk LOF bands represent well under 1% of the total mileage in service, capturing
roughly half of the failed mileage year after year represents a substantial enrichment of

failures in the segments the model scores as risky. In other words, if a utility had
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prioritized only this small subset of AC, PVC, and PE pipes for inspection or renewal in

2009, it would have pre-emptively intercepted a very large share of the mileage that went

on to fail in each of the five subsequent years.

These patterns provide strong evidence against HO-R'. Even with conservative bi-

nomial uncertainty, all year-specific capture fractions sit well above the 0.30 threshold, so

the model passes a demanding temporal stress test, it does not just fit one particular year

but continues to concentrate future failures in its high-LOF zone throughout 2009-2013.

Table 4-22: Year-specific capture of failed mileage (all materials and diameter bands, miles)

Failure Failed mileage Failed mileage in high-risk LOF Capture fraction (recall,

year (mi) bands (mi) miles)
2009 2.36 1.32 0.56
2010 2.93 1.17 0.40
2011 1.51 0.76 0.50
2012 2.41 1.25 0.52
2013 0.73 0.41 0.57

The more detailed picture appears when recall and precision are computed sepa-

rately for each material-diameter cohort (Figure 4-23 and Table 4-23).
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Figure 4-23: Five-year recall-precision trade-off by material-diameter cohort
Across all cohorts, the high-risk LOF bands cover only about 9.1 miles out of
roughly 1,284 miles of other pipe material cohorts in service at baseline (=0.7% of the
mileage). Yet these 9.1 miles account for approximately 4.9 of the 10 miles that fail be-
tween 2009 and 2013 (=49% of the failed mileage). This implies that the five-year failure
rate in the high-risk zone is roughly 0.54 failed miles per mile of pipe, compared to about
0.008 failed miles per mile for the network as a whole, a risk ratio of roughly 70. This

strong concentration of failure in the high-risk LOF bands provides direct evidence against
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Ho-RR: the model is not simply spreading failures uniformly across the network but is

identifying a tiny subset of mains where failures are orders of magnitude more likely.

Table 4-23: Five-year recall and precision by material-diameter cohort (mileage basis, 2009—

2013)
) Total Failed Failed miles High-risk 5-year recall 5-year pre-
Ma- Diam-
¢ ¢ miles in miles, 5 in high-risk miles at (capture cision (hit-
e- eter
] service years LOF bands Dbaseline fraction, rate,
rial band ] ] ] ] ] ]
(mi) (mi) (mi) (mi) miles) miles)
AC  <8" 56.91 3.14 1.77 2.12 0.56 0.83
AC 824" 29.23 1.56 0.35 0.78 0.23 0.45
PE  <8"” 15.19 0.00 0.00 0.37 — (no failures) 0.00
PE 824" 19.42 0.13 0.12 0.14 0.95 0.88
PVC <8" 438.64 2.09 1.23 2.57 0.59 0.48
PVC 8-24" 724.24 3.03 1.45 3.15 0.48 0.46

The cohort-level results illuminate how this concentration plays out for different

materials and diameters:

e Small-diameter AC (<8"): The model captures about 56% of the failed mileage over
five years while labelling only ~3.7% of the AC <8" mileage as high-risk (2.12 mi out
of 56.9 mi). Among these high-risk AC <8" mains, roughly 84% of the mileage fails
within five years. This high recall and very high precision suggest that the LOF index

is well aligned with the dominant failure mechanisms for small AC mains, mainly age,
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aggressive soils, and chronic leakage, all of which are explicitly encoded in the model
features. Hi-R? and Hy-P are both clearly rejected for this cohort.

Medium-diameter AC (8-24"): Here the picture is more mixed. Only about 23% of
the failed mileage lies in the high-risk bands, and the precision is moderate (~45%).
Large AC mains are fewer in number and are often located in corridors with similar
soil and environmental conditions, so a small set of unmodelled factors (construction
details, pressure transients, repairs at fittings) can determine which of many seemingly
similar segments fail. The model still improves failure concentration relative to random
chance, but the recall is not high enough to reject He-R? for this cohort. He-P, however,
is rejected: high-risk AC 8-24" segments do fail at much higher rates than low-risk
ones.

Medium-diameter PE (8-24"): Although the total failed mileage is small, almost all
of it (=95%) resides in the high-risk bands, and nearly 88% of the high-risk mileage
fails within five years. This combination of very high recall and precision suggests that
when PE mains do fail in this system they tend to occupy a narrow region of the
environmental and operational feature space that the LOF model successfully identi-
fies. Both H-R? and Ho-P are strongly rejected for PE 8-24" with the caveat that the

statistical support is based on a limited number of failures.

235



Small-diameter PE (<8"): No failures are observed for PE <8" in the five-year win-
dow, so recall is undefined and precision is necessarily 0 (none of the mileage labelled
high-risk failed). This cohort is not informative for hypothesis testing; it instead re-
flects that the PE <8" population in this system is young and has not yet accumulated
a measurable failure history.

PVC mains (<8" and 8-24"). For both diameter bands the model concentrates almost
half of the failed mileage in high-risk LOF bands (recall =0.59 for <8" and =0.48 for
8-24") while maintaining moderate precision (~0.48 and ~0.46 respectively). Given
that the high-risk bands comprise only about 0.6% of the PVC <8" mileage and 0.4%
of the PVC 8-24" mileage, these recall and precision values represent substantial en-
richment. The remaining missed failures likely arise from mechanisms that are harder
to observe in coarse asset records like construction defects, localized third-party dam-
age, or joint-related issues, rather than from the long-term environmental factors that
dominate metallic corrosion. Hi-R? and Ho-P can be rejected for PVC <8" and 8-24",

though with somewhat weaker margins than for AC <8" and PE 8-24".

Taken together, these results confirm that the LOF index for AC, PVC, and PE

provides a useful, forward-looking screening tool. When the model is applied once at the
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beginning of the five-year period, its high-LOF bands, comprising less than one percent

of the non-metallic mileage—contain about half of the mileage that actually fails in 2009—

2013, and within that small zone the failure rate is about seventy times the network-wide

average. The model is particularly effective for small-diameter AC and medium-diameter

PE, and performs at a useful but more modest level for PVC and larger AC mains. This

pattern is exactly what would be expected from a physics-guided index: where failure

mechanisms are strongly linked to age and environmental loading, the model captures

them efficiently; where failures are driven by more idiosyncratic, unobserved factors, per-

formance is limited by the information available in the input data rather than by the

modelling framework itself. Table 4-24 summarizes the outcomes of the hypothesis tests

introduced in Table 4-21, phrased qualitatively because the recall and precision thresholds

are defined on a mileage basis and confidence intervals are dominated by the large effect

sizes rather than fine statistical nuances.

Table 4-24: Hypothesis testing outcomes for the other material retrospective experiment

Null hypoth- Test / esti-

D }
esis (Hp) mate

Evidence Decision

Reject Hy. Th del capt
Year-specific All five years show recall well cject Ho ¢ fhode’ captites a

capture frac-  above 0.30 despite the high-LOF
tions 0.40-0.57  zone covering <1% of mileage.

Hy- Year-specific substantial share of failed mile-

R' recall < 0.30 age each year in its high-risk

bands.
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Null hypoth- Test / esti-

ID . Evidence Decision
esis (Hp) mate
Reject Hy for AC <8", PE 8-
5 1< AC <8t PES 20n PYC<sr 0 PVZ 8247 D
-year < , , ' 8-24". Do
Ho- yeat reca Five-year recall and PVC 8-24" all have recall

0.30 f h
R? o eac per cohort 20.48; AC 8-24" has recall

hort
conor ~0.23; PE <8" has no failures.

not reject for AC 8-24" (limited
recall) and treat PE <8" as not
testable (no observed failures).

Precision ranges from =0.45 to

0.88 for all cohorts with Reject Hg for AC <8", AC 8-
.88 for all cohorts with non-zero
Hy- 5-year preci- Five-year preci- . 24" PE 8-24", PVC <8", PVC
. . failures, far above 0.30; PE <8" .
P  sion <£0.30 sion per cohort . 8-24". Do not reject for PE <8"
has precision 0 because no la-

belled high-LOF mileage fails.

. . .. Risk ratio RR = High-LOF mileage is <1% of the
High-risk fail- .
70 between network but contains =~49% of all

Ho- ure rate 1 trates failures in the high-risk
o Hre r.a ¢ cduas high-LOF zone failed mileage; failure rate =0.54 et
RR  or is below

background

(no failures).

Reject Hy. The model concen-

. . LOF bands by almost two orders
and network av- failures per mile vs =0.008 per .
. of magnitude.
erage. mile overall.

4.8 Summary

This chapter develops and tests an LOF framework that is grounded in pipe-level
deterioration mechanisms, tailored to the realities of utility data, and implemented as a
teacher—student modeling system. It begins by clarifying scope: LOF is defined as a for-
ward-looking propensity for structural and functional failures at the pipe-segment scale,
conditioned on material, diameter, and ecological context rather than on ad hoc age
thresholds or break counts alone. A five-band LOF index (0-4) is then constructed as the

common output metric, anchored in explicit definitions of operational failure and in
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observable signals such as wall-thickness loss, wire breaks, and sustained service interrup-
tions. Descriptive analytics provide empirical baselines by material-diameter—environ-
ment cohorts and link observed failures to mechanism-consistent drivers, which are en-
coded as “motifs” in a fuzzy rule-base. On this foundation, a knowledge-structured fuzzy
“teacher” model is built, with membership functions and IF-THEN rules that interpolate
smoothly across mechanisms, followed by defuzzification into the 0-5 performance scale
and the 0—4 LOF bands. Supervised “student” models (deep but compact neural networks)
are then trained on the teacher’s I/O pairs, with stabilization policies that preserve mon-
otone and ordinal structure while gaining flexibility in high-dimensional regions that are
hard to encode with rules alone. The Evaluation Verification Validation step closes the
loop where teacher behavior is checked against physics and expert expectations, student
models are verified against teacher outputs, and three external validation experiments—
metallic mains with remaining wall thickness, PCCP with EM wire-break counts, and
non-metallic mains in a five-year retrospective failure test demonstrate that the learned
LOF bands are not only internally coherent but also informative about real-world distress

and future main breaks across diverse materials and data conditions.

239



Chapter 5

Consequence of Failure Model

The Likelihood of Failure (LOF) chapter treated failure as a mechanism-driven
event given a pipe segment with certain properties and exposures and provided a validated
model to predict how often is it expected to fail. That description is incomplete for renewal
decision-making. A pipe that fails rarely but sits under a major hospital, or crosses a
sensitive river reach, is not equivalent to a small distribution main on a quiet cul-de-sac,
even if their LOF indices match. This chapter therefore develops the Consequence of
Failure (COF) model, which quantifies the severity of impacts conditional on a failure

occurring and provides the second pillar of the risk construct used in this dissertation.

5.1 Goal and Scope

Most prior studies present “risk” as a simple product, often written informally as

Risk = LOF x COF
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This implicitly assumes that COF is a linear multiplier, and that decision makers
are risk neutral and agree on how different consequences should be traded against each
other. In practice, utilities use COF as one of several criteria in renewal planning, along-
side LOF, cost, service equity, project feasibility and other factors. The relevance of COF
changes with risk attitude (for example, whether the utility is risk neutral, risk averse, or
willing to accept higher-consequence exposures in the short term). To make this explicit,
we treat risk in this dissertation as a more general mapping

R = R(LOF,COF; 6),

where 0 collects the weights and risk-attitude parameters that will be introduced
in the renewal prioritization chapter. The familiar LOF x COF product is recovered as a
special case when R is linear, separable, and risk-neutral. In the COF chapter, we therefore
focus on defining and estimating COF as a criterion with a clear physical meaning, con-
structed so that it can be combined flexibly with LOF within a Multi-Criteria Optimiza-

tion (MCO) framework in the next chapter.

This chapter also extends our prior COF work (Vishwakarma and Sinha (2023))
where we presented an expert-system COF model based on fuzzy rules that combined

customer, economic, and environmental factors at the segment level. Here, we build
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directly on that expert system, formalizing it as the teacher model in a teacher—student
architecture. The teacher encodes expert knowledge and transparent rules, and then ma-
chine-learning student models are trained on its input—output patterns and evaluated
more rigorously against utility data. The result is a COF framework that preserves expert

structure but gains scalability and stronger validation.

In this dissertation, COF is defined as the expected adverse change in the state of
the urban water Socio-Ecological-Technical system (SETS) given a failure of a specific
pipe segment. “Socio-ecological-technical” emphasizes that a pipe break is not only a hy-
draulic or structural event. It disrupts customer service (social and technical), damages
roads and property (economic and technical), can mobilize contaminants or chlorinated
water into streams and soils (ecological), and consumes maintenance and construction
capacity that could have been deployed elsewhere (operational and organizational). The
COF model translates this multi-dimensional impact into an interpretable index that can
be used alongside LOF for renewal planning, without forcing all impacts into a single

dollar figure.

The primary goal of the COF model is therefore two-fold. First, the model provides

a consistent impact-structured severity index at the pipe-segment level. Each segment
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receives a COF band on a discrete 0-5 scale (defined later), anchored in measurable quan-
tities such as customer-hours of outage, traffic-control complexity, environmental receptor
sensitivity, and projected renewal difficulty. The index is conditional on failure where a
COF of 4 does not mean the segment will fail, but that if it does, the consequences are
classified as extreme relative to other segments in the same network. The term impact-
structured emphasizes that the index is not a black box; it is built from specific impact

pathways and propagation mechanisms, rather than from a generic “importance” score.

Second, the model is designed to support risk-based renewal decision-making at
multiple planning scales and within a multi-criteria framework. At the segment level,
COF provides a dimensioned anchor for risk. COF is supported by underlying quantities
with units (customer-hours, dollars, lengths of road affected, lengths of environmentally
sensitive crossing), even though the final COF band is ordinal. When segments are
grouped into spatial work “projects” and then into multi-year Capital Improvement Pro-
gram (CIP) portfolios, these segment-level COF values can be aggregated in ways that
are consistent with how utilities actually discuss consequence (for example, “total cus-
tomer-hours avoided in this corridor” or “total length of high-consequence mains renewed

near hospitals”). Because LOF in this dissertation is treated as a dimensionless index,
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COF plays a complementary role. COF reintroduces how much is at stake in units that
are meaningful for decision makers while still allowing the final COF label to be handled
as an ordinal criterion in the optimization. This design supports risk-neutral and risk-
averse attitudes alike by allowing different weights and thresholds on COF without chang-
ing the underlying COF calculation itself. The rest of this section clarifies the asset types,

impact dimensions, and decision uses for which the COF model is intended.

From an asset perspective, the COF model focuses on buried pressurized drinking-
water mains in the diameter range considered in the LOF chapter (approximately 4-120
inches), including both distribution and transmission pipes. Consequences attributable
primarily to above-ground facilities (treatment plants, storage tanks, booster stations)
and service lines are not modeled here, except where their function is mediated through
the pipes themselves. For example, the consequence of a failure in the only transmission
main leaving a treatment plant is captured because that main is modeled as a critical
segment, not because a separate plant-level COF model is developed. This choice keeps
the COF model tightly coupled to the LOF model and to the renewal decisions that are

within the remit of a pipeline-focused asset management program.
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From an impact perspective, COF is modeled as a structured combination of five
dimensions: social, economic, environmental, operational, and renewal complexity. The
social dimension captures who is affected and how severely, using indicators such as cus-
tomer-hours of disruption, presence of critical customers, traffic delays, and typical prop-
erty damage by land use. The economic dimension aggregates direct renewal and response
costs (labor, materials, equipment, repaving, landscaping, contractor and police services),
costs linked to volumetric water loss and flushing, temporary alternative supplies, and
potential legal costs, parameterized mainly by land cover and typical unit rates. The
environmental dimension represents loss of treated water to sensitive receptors, contami-
nant-laden runoff from chlorinated discharges, ground instability (for example, sinkholes
under roads), and emissions and embodied energy associated with failure and repair,
driven by proximity to water bodies and environmentally sensitive zones. The operational
dimension reflects how difficult the response action is to manage based on workforce
availability, pressure and fire-flow conditions, redundancy in the local network, and the
strain on CIP budgets in areas with limited ability to pay. The renewal complexity di-
mension captures how hard it will be to undertake a renewal (for example, pipes under
buildings, major roads, or water surfaces, burial depth, quality of records, and material

atypicality). Internally, these dimensions are linked to quantities with units wherever
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possible, but the integrated COF output is an ordinal band so that hard cost and engi-
neering quantities can be combined with social and environmental impacts that cannot

always be meaningfully or respectfully reduced to a single monetary figure.

From a decision perspective, the COF model is designed to be fit-for-purpose for
the renewal contexts addressed in this dissertation. At the tactical project scale, segment-
level COF scores help delineate and justify renewal “projects” or work packages. For
example, clustering high COF segments in a hospital district so that they can be upgraded
together and the number of disruptive work zones is reduced. At the 5-year CIP scale,
COF interacts with LOF and renewal costs in the multi-objective optimization framework
developed in the next chapter, where COF acts as a criterion that can be weighted more
heavily in risk-averse scenarios (prioritizing the removal of high-consequence exposures)
or balanced with other objectives such as total risk reduction, equity, and budget con-

straints.

The constructs introduced here are general enough that, in principle, they could
support cross-utility comparisons of consequence profiles. However, systematic bench-
marking between utilities is not pursued in this dissertation and is instead treated as a

direction for future work. The focus here is on making COF useful and credible for within-
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utility segment and portfolio decisions. A summary of all

eling COF is presented in Table 5-1.

Table 5-1: Summary of COF dimensions, their main intent,

mary data drivers

the dimensions involved in mod-

typical internal metrics, and pri-

Dimen-

. Main intent Typical internal metrics
sion

Primary data drivers

o Customer-hours of disruption; number and type
Who is affected b yp

. of critical customers (hospitals, schools, emer-
Social and how se-

gency services); indicative traffic delay; typical
verely.
property damage by land use.

Repair, rehabilitation and replacement costs; la-
Direct and indi- bor, materials, equipment, repaving, landscap-

’ECO,_ rect monetary  ing; contractor and police services; costs from
romie consequences. volumetric water loss and flushing; bottled-wa-
ter provision; legal costs.
Length of environmentally sensitive crossing;
Envi Ecological ef-  volume of treated water lost to receptors; quali-
IEZ;;(:;_ fects of releases tative runoff and contamination risk; indicative

and response.  risk of ground instability /sinkholes; emissions

and embodied energy.

Difficulty of Workforce availability (including reliance on ex-

. ternal contractors); static-pressure and fire-flow
Opera- managing and

. o context; degree of network redundancy; indica-
tional  containing the

tive strain on CIP budgets in low ability-to-pay
event.

areas.

Depth class; presence under buildings, major
Renewal Difficulty and P b & :

. roads, railways, or water surfaces; quality of
com- cost escalation

. . utility records; availability of standard vs atypi-
plexity of renewal.

cal materials and fittings.

Customer and critical-facility GIS; land
use; proximity to roads and railways; so-
cio-economic and vulnerability layers.

Land cover over the pipe; unit-cost li-
braries; historical work orders; estimated
water-loss volumes (including flushing);

typical property and claims cost data

where available.

Proximity to streams, wetlands, and
high-value groundwater; environmental
sensitivity classes; treatment energy in-
tensity; transport distances for materials

and crews.

Utility staffing profiles; hydrant loca-
tions; pressure and demand data; net-
work topology (distribution vs transmis-
sion); poverty prevalence or similar so-
cio-economic indices.
Land-cover and infrastructure layers; rec-
orded burial depth; quality of as-built
and asset records; material and compo-

nent catalogues.

Several modeling choices in this chapter are made with interpretability, ethical

clarity, and integrability in mind. First, expressing COF on a compact ordinal scale allows

the model to combine “hard” quantities (such as customer-hours and repair costs) with
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“soft” or less quantifiable impacts (such as environmental degradation or social disrup-
tion) without pretending that all of them can be reduced to a single dollar value. Second,
the COF formulation is kept stable across different risk attitudes. Risk neutrality or risk
aversion is expressed later in the next chapter through the choice of weights and thresh-
olds in the renewal optimization, not by redefining COF itself. Third, the chapter adopts
the same teacher—student architecture used for LOF. A knowledge-structured fuzzy
teacher model encodes expert understanding of consequence mechanisms and impact prop-
agation in a transparent rule base. This teacher is then used to generate large, labeled
datasets for supervised training of machine-learning student models that can scale across
networks while preserving the intended directionality and thresholds. Evaluation, verifi-
cation, and validation of the COF models follow the same multi-layer protocol as the LOF
models, with appropriate changes in ground-truth data (for example, using observed cus-
tomer-hours and documented “high-impact” breaks in place of remaining wall thickness).
Having set the goal and scope of the COF model, the remainder of the chapter proceeds

from impact logic to implementation.
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5.2 COF Grounding in Impact Mechanisms

The COF model in this dissertation is built around impact mechanisms rather than
around arbitrary “importance scores.” By impact mechanism we mean a concrete, defen-
sible chain that links a pipe failure to changes in the social, ecological, and technical state
of the system. This starts with the failure event itself (for example, a blowout or major
leak), passes through the exposure of people, assets, and environments near the failed
segment, and depends on their vulnerability to that disturbance (for example, lack of
redundancy, high sensitivity, or high unit value). This flow from hazard to exposure to
vulnerability decomposition is commonly used in disaster-risk analysis. Here, LOF largely
describes the hazard side (how often a failure is expected), while COF primarily represents
the exposure and vulnerability components that is, who and what are in harm’s way, and

how severely they are affected when a failure occurs.

Formally, for a given segment and failure mode, each COF dimension is modeled
as a function of (i) the type and scale of the failure (hazard), (ii) the population, built
environment, and ecosystems that depend on or surround that segment (exposure), and
(iii) how sensitive those exposed elements are to disruption (vulnerability). Rather than

estimate these functions directly from sparse, noisy consequence records, we first encode
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them in a fuzzy “teacher” model that reflects expert knowledge and past work (Vish-
wakarma and Sinha, 2023) and then train data-driven “student” models to approximate

that logic at scale. Table 5-2 summarizes how this hazard—exposure—vulnerability struc-

ture is instantiated for each COF dimension.

Table 5-2: Impact mechanisms for the five consequence-of-failure dimensions

Di-
rimary hazar xposure drivers ulnerabili rivers Indicators used in model (ex-
Pri y h d Exp dri Vul bility dri Indicat d in COF del
men-
signal (H E \% amples
" signal (H) (®) V) ples)
Number and type of .
. o Presence of hospitals, . .
Loss of pres- customers and critical hool Estimated customer-hours of outage;
= . . schools, emergency ser- . L o >
e sure/supply and facilities hydraulically | T & y i density of critical facilities in a buffer;
g . vices; socio-economic fra- R N . .
5 local flooding dependent on the . . proxies for traffic disruption; typical
. . . gility of neighborhoods;
around the failure. failed segment; traffic . i . property-damage class by land use.
typical repair duration.
and access patterns.
Built environment . . Composite unit-cost index (labor, mate-
. High unit costs (deep ur- . . .
Physical break  above and around the . rials, equipment, repaving, landscaping,
S . . o ban excavations, com- . . .
& and associated wa- pipe (roads, buildings, . . ~ contractor and police services); esti-
3 . . o plex surfaces); severity of . . .
g ter release require commercial districts); . . mated loss volume (including flushing);
Q . . . . secondary impacts (busi- . .
< intervention and number of actors in- . . land-cover type; generic ranges for prop-
M . . ness interruption, costly . .
repair/renewal. volved (utility, con- ites) erty-damage and legal/claims costs for
sites).
tractors, police). catastrophic cases.
. . Length of environmentally sensitive
Sustained dis- L L . . .
= . Proximity and hy- Sensitivity of receptors crossing; distance to nearest
+ charge of treated . . . . .
g ) d draulic connectivity to to chlorine, sediment and stream/wetland /groundwater zone; envi-
or raw water an .
. . streams, wetlands,  contaminants; suscepti- ronmental sensitivity class; proxies for
g t tland. taminant ti tal sensitivity cl ies f
& mobilized contami- . L . . .
© . . groundwater zones, bility of soils and sub- treatment-energy intensity and emis-
o= nants into soils o . . . . . .
E . and other sensitive re- grade to erosion or sink- sions/embodied energy associated with
@  and receiving wa- i . . .
¢ ceptors. hole formation. failure response and material replace-
ers.
ment.
i Workforce class (high/medium/low, in-
Workforce availability . (high/ flow,
. Network elements and . cluding manageable contractor access);
=  Failure event that (in-house crews vs reli- . .
g . demands attached to static-pressure class; hydrant proximity
&  must be isolated, ance on contractors); .
= the segment (valves, . . and fire-flow flags; redundancy class
<  controlled and re- static pressure and fire- . . )
trolled and tat df
= . . hydrants, pressure . . (looped distribution vs single-feed trans-
& paired under live . flow magnitude; lack of o - .
o zones, fire-flow re- mission); poverty/affordability context

system conditions.

quirements).

redundancy; budget fra-
gility.
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Di-

men-

Primary hazard Exposure drivers Vulnerability drivers Indicators used in COF model (ex-

. signal (H E VvV amples

O signal (H) (B) V) ples)
> Physical and regula-  Poor records (location L
b1 Y . & . ( Land-cover / infrastructure class above
" tory corridor where and configuration uncer- .
L Need to undertake . . . the pipe (open space, local road, arte-
2, . renewal would occur  tainty); requirement for ] o . .
g full renewal once . o rial, building, water surface); burial-
5 .. . (under buildings, ma-  specialized methods or S
S failures or deterio- | ] . . . depth class; records-quality indicator;
— . . jor roads, railways, or materials; sensitive social . .
®  ration trigger re- ) . flag for standard versus atypical renewal
B water surfaces; depth;  or environmental set- o
g placement. . . o scenario (for example, trenchless re-
by subsurface conges- tings limiting methods . .
x . . quirement or unusual materials).

tion). and work windows.

For each dimension, the table lists: (i) the primary hazard signal that matters for
that dimension, (ii) the main exposure drivers, (iii) the key vulnerability factors, and (iv)
the indicators that implement these mechanisms in the COF model. This table guided the
design of the fuzzy teacher model. Each fuzzy rule can be read as a qualitative statement
about a specific combination of hazard, exposure and vulnerability in one or more dimen-
sions (for example, “high-pressure transmission main under an arterial road with no re-
dundancy and nearby hospital” should map to high social, economic, operational and
renewal complexity consequence). The student models trained later in the chapter are
evaluated against this structure to ensure that they preserve the intended monotonic
behavior that is, the changes that clearly increase hazard, exposure or vulnerability for a

given dimension must not reduce the corresponding COF score.

The detailed definitions, units and data sources for the indicators in the rightmost

column are deferred to Sections 5.3 and 5.4, where the COF index and data dictionaries
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are developed in full. Here, the emphasis is on making the impact logic transparent. COF
in this dissertation is not a single opaque number, but a compact representation of well-

defined hazard-exposure—vulnerability pathways across five consequence dimensions.

5.3 COF as an Output Metric for Modeling

The previous sections treated consequence conceptually, in terms of impact mech-
anisms and dimensions. For modeling and optimization, those ideas need to be compressed
into a single output variable that can be predicted for each pipe segment and used as a
criterion in portfolio design. This section defines that output that is, the COF index and
clarifies what is meant by “pipe service consequence” at different planning scales. It then
explains how the multi-dimensional consequence structure (social, economic, environmen-

tal, operational, and renewal complexity) is aggregated into a single COF band.

5.3.1 Definition of Pipe Service Consequence

We define pipe service consequence as the severity of adverse change in the service

provided by a pipe segment to its surrounding socio-ecological-technical system,
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conditional on a failure event occurring on that segment. Service is interpreted broadly.
It includes the hydraulic service to customers (flow and pressure), but also the supporting
functions that the segment provides to people and institutions, to the built environment
and the economy, to the environment itself, to utility operations, and to future renewal.
A segment that fails may interrupt water supply or degrade water quality for residential,
commercial, industrial, and critical customers; disturb roads, businesses, and property
above and around the pipe; release treated or raw water, sediments, and associated con-
taminants to streams, wetlands, and groundwater; draw crew, equipment, and budget
away from planned work; and make future replacement more difficult and expensive be-

cause of ad hoc repairs in already constrained corridors.

Because these services unfold over time, pipe service consequences are described
across three impact horizons. Immediate impacts are those in the first hours after failure,
such as sudden loss of supply, local flooding, and acute traffic blockage. Short-term im-
pacts extend over days to weeks and include prolonged low-pressure episodes, boil-water
advisories, temporary business disruption, and the execution of emergency repairs and

restorations. Long-term impacts extend over months to years and include large unplanned
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capital expenditures, reputational damage, legal claims, persistent environmental damage,

and the need for complex renewal in constrained settings.

Throughout, pipe service consequence is defined conditional on failure. The COF
index answers the question: If this segment were to fail in a representative way, how
severe would the impacts be? It does not indicate how often that failure will occur; that
is the role of the LOF model in Chapter 4. Keeping these roles separate makes it possible
to see clearly whether a high-risk segment is high-risk because failures are frequent, be-

cause failures are very damaging, or both.

5.3.2 Development of Target Output COF Index

For modeling, the COF output must satisfy three properties. It must be ordinal
and interpretable, grounded in observable ranges of impact, and flexible across utility
sizes. To meet these requirements, we adopt a 0-5 COF index with five bands of width 1
unit. These are 0-1 (Insignificant), 1-2 (Minor), 2-3 (Moderate), 3-4 (Major), and 4-5
(Catastrophic). The internal index is treated as a continuous value in [0,5], produced by
the teacher and student models. Table 5-3 provides operational definitions of each band
in terms of typical economic cost ranges, scaled by utility size, and indicative environ-

mental and social impact severities.
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Table 5-3: Output COF Index (0-5) with detailed definitions (Vishwakarma and Sinha 2023)

Detailed Definitions

Index
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Pipe failures in this band cause negligible economic costs, with direct renewal and response costs less than
$50,000 for large utilities, less than $20,000 for medium utilities, and less than $5,000 for small utilities.
Environmental impacts are minimal: no observable contamination of receiving waters and only small vol-
umes of treated water lost (for example, on the order of a single repair event, typically well below 0.01 %
of the utility’s average daily production). Social impacts are negligible, with no noticeable disruption to
the community: at most a very small fraction of customers (for example, fewer than about 1 % of connec-
tions) experience short interruptions of a few hours, no critical facilities are affected, and there are no boil-
water advisories or traffic closures.

Pipe failures in this band result in economic costs between $50,000 and $100,000 for large utilities, between
$20,000 and $50,000 for medium utilities, and between $5,000 and $20,000 for small utilities. Environmen-
tal impacts include minor contamination risks and moderate water loss, for example localized surface
discharge or flushing volumes, which are still small relative to daily system production and unlikely to
cause measurable ecological damage. Social impacts are limited to minor inconveniences for a small number
of residents, with temporary disruptions to service over a small area (for example, a few streets or a single
neighborhood) and outage durations typically limited to one working day; the affected share of customers
remains low (on the order of 1-5 %), and critical facilities, if present, can usually be maintained through
redundancy or temporary supply.

Pipe failures in this band cause economic costs between $100,000 and $500,000 for large utilities, between
$50,000 and $200,000 for medium utilities, and between $20,000 and $100,000 for small utilities. Environ-
mental impacts include noticeable contamination risks and substantial water loss, such as discharges that
may reach nearby streams or storm drains and loss volumes that are non-negligible compared with daily
production, potentially requiring targeted environmental monitoring or clean-up. Social impacts include
moderate disruption affecting multiple neighborhoods: a non-trivial fraction of customers (for example, 5—
15 % of connections) experience low pressure or outage over many hours to a day or more, traffic detours
are required on local or collector roads, and there may be localized boil-water advisories or temporary
relocation for a limited number of vulnerable customers.

Pipe failures in this band cause economic costs between $500,000 and $2,000,000 for large utilities, between
$200,000 and $1,000,000 for medium utilities, and between $100,000 and $500,000 for small utilities. En-
vironmental impacts include high contamination risks and significant water loss, with large discharges of
treated or raw water to surface waters or sensitive land areas, and volumes that may represent a noticeable
fraction of daily production and require active environmental response. Social impacts include major dis-
ruption affecting large sections of the city or town: a substantial fraction of customers (for example, 15—
30 % of connections) may experience extended outages or poor water quality, major arterial roads can be
blocked or severely constrained, and boil-water advisories or water-use restrictions can persist for days,
with severe inconvenience for thousands of residents and businesses.
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Pipe failures in this band cause economic costs over $2,000,000 for large utilities, over $1,000,000 for me-
dium utilities, and over $500,000 for small utilities. Environmental impacts include extreme contamina-
tion risks and massive water loss, for example failure modes that release very large volumes of treated or
raw water to rivers, wetlands, or urban areas, with potential long-term ecological damage and clean-up
requirements. Social impacts are profound, affecting entire cities or regions: a large share of the customer
base (for example, more than 30 % of connections) can be affected for several days or longer, including
critical facilities; extensive traffic disruption and infrastructure damage may occur; and emergency
measures such as evacuation, widespread bottled-water distribution, or prolonged boil-water advisories

Catastrophic

are required, with long-term shortages or infrastructure reconstruction.

Economic ranges are specified separately for large, medium, and small utilities.
Environmental and social descriptions are supplemented with simple, dimensionless an-
chors such as approximate fractions of customers affected, typical outage durations, and
order-of-magnitude water loss volumes as a share of daily production. For example, an
“Insignificant” (0-1) failure has low renewal cost (less than $50,000 for a large utility, less
than $20,000 for a medium utility, and less than $5,000 for a small utility), involves very
small water losses (on the order of a single repair event, typically well below about 0.01
% of average daily production), and affects at most a very small fraction of customers for
a short period (for example, fewer than roughly 1 % of connections for a few hours, with
no critical facilities involved and no traffic closures or advisories). At the other extreme,
a “Catastrophic” (4-5) failure may cost more than $2 million for a large utility, more than
$1 million for a medium utility, or more than $500 000 for a small utility; it is associated

with extreme contamination risks and massive water loss (a large share of daily production
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discharged to sensitive areas), and it has profound social consequences, often affecting
more than 30 % of connections for several days or longer, including critical facilities, with
widespread traffic disruption and emergency measures such as evacuations, bottled-water

distribution, or prolonged boil-water advisories.

The quantitative anchors for customers affected, outage duration, and water-loss
volumes are intended as order-of-magnitude guides rather than strict thresholds, helping
to align the qualitative labels across diverse systems without claiming more precision than
the underlying data support. Environmental and social impacts in Table 5-3 are therefore
expressed in ordinal severity bands with indicative quantitative ranges, but they are not
converted into dollars. Many such impacts such as damage to a wetland, long disruptions
to a vulnerable community, or large-scale emergency responses are not naturally, or re-
spectfully, expressed as monetary values, and forcing them into dollar terms would require
strong, untestable assumptions about willingness to pay and valuation of ecosystems and
health. The COF bands instead combine quantified economic cost ranges with these non-
monetary but measurable anchors for environmental and social severity. In the modeling
framework, this combination is handled via the multi-dimensional scheme described in

the next subsection.
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5.3.3 Disaggregate Consequence Dimensions and Aggregation Scheme

The COF index is not computed in a single step. It is constructed from five dis-
aggregate consequence dimensions, each with its own intermediate index on a 0-5 scale.
In the second layer, a separate fuzzy aggregation system takes these five dimension-level
indices as inputs and produces a single COF index on the 0-5 scale. This architecture
keeps the impact logic explicit while still delivering one scalar target variable that can be

learned by the student models.

In the first layer, the teacher model computes dimension-level indices by applying
fuzzy inference to the underlying indicators associated with each dimension. For the Social
dimension, these indicators include estimated customer-hours of outage, the density and
type of critical facilities in the affected zone, and proxies for traffic and property disrup-
tion. The Economic dimension uses composite unit-cost indices, typical loss volumes (in-
cluding flushing), and land-cover classes that differentiate simple from complex work sites.
The Environmental dimension is driven by the length of environmentally sensitive cross-
ings, proximity to streams, wetlands and high-value groundwater, and simple proxies for
treatment energy and emissions. The Operational dimension reflects workforce class,

static-pressure and fire-flow context, hydrant density, redundancy class, and the
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vulnerability of local capital budgets. Finally, the Renewal complexity dimension depends
on land cover and infrastructure above the pipe, burial-depth class, records quality, and
whether the renewal scenario is standard or atypical. For each dimension, these inputs

W

are fuzzified into linguistic terms such as “low,” “medium,” and “high,” combined through
an expert-derived fuzzy rule base, and defuzzified to yield a numeric score

Csocr Cocons Cenys Copss Crenewint the range [0,5]. Each score is therefore an interpretable index

that summarises the hazard—exposure—vulnerability mechanisms for that dimension.

The second layer then aggregates these five indices into a single COF value using
another fuzzy inference system. Here, the inputs are the dimension-level scores rather
than raw indicators. Each dimension index is again mapped to fuzzy labels (for example,
“low”, “moderate”, “high”, “extreme” consequence within that dimension), and a compact
rule base encodes how combinations of dimension-level consequences should translate into
overall COF. Table 5-4 illustrates how the fuzzy aggregation layer translates combinations
of dimension-level indices into an overall COF score. Segments B and C show the intended

non-compensatory behavior that is, a single high or extreme dimension drives the overall

COF upward, rather than being averaged away by lower scores elsewhere.
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Table 5-4: An illustration of the second layer fuzzy inference system using hypothetical pipe seg-

ments.

Envi- Renewal

Seg- So- Eco- Opera- COF COF . .
. . ron- . complex- Interpretation (one line)

ment cial nomic tional . (0-5) band

mental ity

. All dimensions low — CoF re-
A 1.2 1.0 1.1 1.3 1.0 1.3 Minor

mains Minor.
Social high — fuzzy aggregation

B 3.8 2.5 2.2 2.0 2.3 3.6 Major lifts CoF into Major even if oth-
ers moderate.

Cat Economic extreme — treated as

ata-

C 2.5 4.3 2.6 2.4 2.7 4.1 . Catastrophic overall despite
strophic .

other dims only moderate.

All dimensions moderate — CoF
D 3.0 3.0 3.0 3.0 3.0 3.0 Major  stays at Major, near the centre
of the scale.

Typical rules include statements such as “IF Social is high OR Economic is high
OR Environmental is high THEN COF is at least Major,” or “IF all dimensions are low
THEN COF is Insignificant,” or “IF Environmental is extreme AND Social is moderate
THEN COF is Catastrophic.” A standard Mamdani-style fuzzy inference procedure is
used where antecedent truth values are combined using fuzzy AND/OR operators, conse-
quents are aggregated, and the final numerical COF score is obtained by defuzzification
(centroid of the aggregated membership function) and scaled to the 0-5 range. In this
way, risk-averse, non-compensatory behavior is achieved through the rule structure itself

rather than through an explicit arithmetic max operator. Therefore, an extreme value in
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any one dimension drives the overall COF upward, and low scores in other dimensions

can only partially temper that effect.

This two-layer fuzzy aggregation scheme has several advantages. It preserves the
interpretability of each dimension-level index, because the first layer is explicitly tied to
physical indicators and mechanisms within a single consequence dimension. At the same
time, it allows the second layer to encode realistic, non-linear interactions between dimen-
sions that utilities recognize in practice. For example, a combination of high social conse-
quence and moderate economic and environmental consequence may be treated as “Ma-
jor,” even if a simple average of the three indices would fall in the “Moderate” band.
Similarly, the rule base can be calibrated so that certain dimensions (such as Environ-
mental for a watershed-protection utility, or Social for a health-focused utility) effectively
carry more weight by appearing in more rules or by pulling the output toward higher
COF labels when they are elevated. Because all rules and membership functions are spec-

ified explicitly, these “weights” are transparent and can be discussed and adjusted with

utility experts rather than being implicit parameters in a black-box model.

The final output of the teacher model is thus a continuous COF index in [0,5]

along with its associated band (Insignificant to Catastrophic) that is consistent with the
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detailed definitions in Table 5-3. The continuous score is used as the target variable for

training the machine-learning student models, while the band provides a check on inter-

pretability and alignment with expert judgement. Section 5.6 describes the membership

functions and rule bases for both layers in detail. The key point here is that the COF

index used for modeling is a structured fuzzy synthesis of five interpretable consequence

dimensions, designed to be risk-averse, monotone with respect to increasing impacts, and

fully compatible with the multi-criteria renewal prioritization framework developed in the

next chapter.

5.4 Input Data and Feature Specifications

The COF model sits on the same geometric backbone and reliability discipline as

the LOF model, but it draws from a broader set of spatial, socio-economic, environmental,

and operational datasets. The goal in this section is to explain how COF specific inputs

are attached to pipe segments in space and time, what assumptions are made when direct

measurements are not available, and how each input is tagged with a reliability level. The

emphasis is on making the COF inputs auditable where any given COF score can be
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traced back to a small set of clearly defined predictors, each with known provenance,

resolution, and expected direction of effect.

5.4.1 Spatial Resolution

All COF predictors are ultimately stored at the pipe-segment level, using the same
segmented network representation as in Chapter 4. Each segment has a unique identifier
and a geometry (polyline) that can be overlaid with other spatial layers. COF-relevant
features are derived by intersecting this segment geometry with several classes of spatial
datasets like pressure zones; land-use polygons; traffic/road classifications, locations of
critical facilities, and environmental receptor datasets such as streams, wetlands, and
groundwater protection areas. These overlays are implemented in ArcGIS Pro using stand-
ard spatial-joining operations such as within, intersects, nearest/closest, and within buffer,
chosen according to the geometry of the underlying layer (polygon, line, or point) and the

way that layer influences consequence.

Wherever possible, segments are defined so that they are internally homogeneous
with respect to key attributes such as pressure zone and service area. For attributes that
cannot be used to drive segmentation everywhere (for example, fine-scale land use or

socio-economic indices), we use systematic aggregation rules applied after the spatial joins.
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For categorical exposures such as land-use type, pressure zone, and service area, each

segment inherits the category that covers the largest share of its length, computed through

an intersects join between the segment polyline and the relevant polygons. When the

segment touches a small, high-consequence feature, such as a hospital parcel, a major

arterial road, a railway, or a wetland, the presence of that feature is recorded explicitly

in separate flag and attributes like “length in sensitive area”, even if it does not domi-

nate the segment length. These flags are typically derived from intersect joins for polygons

and within buffer or nearest joins for points. This combination of majority assignment

and risk-aware flags ensures that short but critical crossings are not diluted by longer

stretches of lower-consequence surroundings.

For continuous exposures such as population density, social-vulnerability scores,

property-value indices, or environmental sensitivity scores, attributes are computed as

length-weighted averages across all polygons intersected by the segment, again using an

intersect join followed by aggregation over the intersected lengths. Point features such as

critical facilities or hydrants are handled through buffered counts or densities where a

within or nearest join is applied between points and buffered segments to count facilities

within a fixed distance, and the resulting counts are normalized by segment length to
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obtain structured indicators (for example, critical facilities per mile of main). In all cases,

the resulting COF predictors are stored as segment-level attributes aligned with the LOF

feature tables, so that the same segment ID can be used to join failure mechanisms and

consequence mechanisms without additional geoprocessing. Table 5-5 shows how spatial

operations are performed to create each variable at the segment level.

Table 5-5: COF input variables, underlying datasets, spatial join operations, and aggregation

rules used to derive segment-level attributes. “None (segment altribute)” indicates variables cre-

ated directly from utility records or models rather than from external GIS layers

Input vari-

No.
© able

Di-
men-

sion

Source

Spatial Join Type

Aggregation to pipe seg-
ment technique

High-consequence
override

Direct Cost
of Renewal

Cost of Lost
Water

Cost of Le-
gal Issues

Cost of im-
pact on sur-
4 face water
and wet-
lands

Potential for

5
Landslides
Greenhouse
6  Gas Emis-
sions

Economic

Environmental

Utility unit-cost tables
(non-spatial) linked to
material, diameter,
depth, land cover

Water audit (volumes,

cost/volume) + hydraulic

model / pressure zones

(polygons / nodes)

Land-cover /zoning poly-
gons (NLCD, municipal);
utility financial records

None (segment at-
tribute; attribute

crosswalk)

Nearest (segment to
model node or pres-
sure zone)

Intersects (segment
with land-
cover/zoning poly-
gons)

Assign representative unit re-
newal cost class to each seg-
ment based on its context

Estimate representative loss
volume per failure for each
pressure zone and assign to

segments

Map land-cover/zoning to
typical legal-risk/cost class
and assign dominant class

Higher cost class used
where segment is flagged
under major arterial, rail-

way, or building corridor

Higher class for segments
in highest pressure zones
or with large service areas

Any intersection with
central business district
or high-value institutional
parcels escalates class

NWI wetlands polygons;
surface-water bodies and
buffers (polygons)

NRCS SSURGO soil and

slope stability polygons

LCA studies / unit emis-
sion factors (non-spatial)
by renewal method and

site type

Intersects | within

buffer

Intersects

None (segment at-
tribute; attribute

crosswalk)

Compute length of segment

within surface-water / wet-

land buffers; derive impact
class

Assign highest landslide/sink-
hole susceptibility class inter-

sected by segment

Assign emission factor per ft
of renewal based on typical
method for that context

Any crossing of mapped
wetland, floodplain, or
drinking-water intake
buffer sets high impact
flag
If any intersected polygon
has “high” susceptibility,
segment marked as high
risk
Higher emission factor if
trenchless or heavy-equip-
ment methods required
(from renewal complexity
flags)
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Input vari-

No.
able
Customer
7 Service Dis-

ruption

Road and
Railway
Traffic Flow
Impact

Water Qual-
ity Impact

Cost of

10 Property
Damage
11 Financial
Affordability
12 W()Irkf().rf',(s
Availability
13 Fire Flow
Impact
14 Static Pres-
sure
15 Redundancy
o
Level
16 Land Cover
17 Depth of

Pipe

Social

Operational

Renewal complexity

Source

Land-use / NLCD poly-
gons; critical customer
points (hospitals, etc.);

service areas

Road network polylines
(DOT) with functional
class; railway lines

Customer complaint
points; superfund sites;
wastewater pipeline pol-

ylines

Land-use / NLCD poly-
gons; municipal property-
value polygons or grids

Spatial Join Type

Intersects (land use,

service areas),
within buffer (criti-
cal points)

Nearest | intersects

Within buffer (seg-

ment buffer around

points/lines)

Intersects

Aggregation to pipe seg-
ment technique

Derive disruption scale (1-5)
from combination of land use,
customer density, and criti-

ral-facility presence

Assign impact class from
nearest intersecting road/rail

of highest functional class

Count complaints and nearby
contamination sources; con-
vert to 1-5 water-quality im-
pact scale
Compute dominant land-
use/property-value class in-
tersected; map to typical

damage cost

High-consequence
override

Any intersection with
hospital or major emer-
gency facility sets disrup-
tion to at least high

Crossing of major arterial
or rail corridor sets im-
pact to at least major

Presence of superfund site
or major wastewater in-
terceptor within buffer

sets high impact flag

Any intersection with
high-value commercial or
dense residential area es-

salates damage class

Census socio-economic
polygons (tracts/block

groups)

Utility crew/staffing data
(non-spatial, possibly by
district)

Hydrant points; fire-de-
mand specifications

Hydraulic model nodes or

pressure-zone polygons

Network topology from
utility GIS (pipe graph)

Intersects / length-
weighted

None (segment at-
tribute by service
district)

Within buffer
(buffer around seg-
ment centerline)

Nearest (segment to

model node) or

within (zone)

None (derived from

graph analysis)

Length-weighted average of
poverty prevalence over poly-

gons intersected by segment

Assign workforce class
(high/medium/low/managea-
ble) to segments in each ser-

vice district

Count hydrants within buffer
and consider required fire

flows; convert to impact scale

Assign representative static
pressure or pressure class to
each segment
Compute redundancy index
(e.g., looped vs single-feed)
and store as % or category

If any intersected polygon
is in highest poverty dec-
ile, segment marked as
high affordability concern
None; class may be
stepped up manually for
remote or difficult-access
districts

Segments serving desig-
nated high-fire-flow corri-
dors (e.g., near critical fa-

cilities) forced to high
class

Highest pressure class in
zone determines segment

pressure impact
Transmission mains with

no feasible alternate path
forced to 0 % redundancy

NLCD and municipal
land-cover/land-use poly-
gons

Utility as built and asset
records (segment attrib-
utes)

Intersects

None (segment at-
tribute; default

when missing)
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Assign dominant land-cover
type to segment; map to re-
newal difficulty scale

Use recorded depth; if miss-
ing, assign default (e.g., 4 ft)
and tag as assumed

Any overlap with build-
ings, major arterials, rail-
ways, or water surfaces
triggers “difficult re-
newal” flag

Very deep segments
(above a threshold, e.g.,
>8 ft) forced into highest

depth-difficulty class



. Di-
Input vari-

No. men- Source Spatial Join Type
able

Aggregation to pipe seg- High-consequence

. ment technique override
sion

. Assessment of collected Segments with conflicting
Quality of None (segment at-  Assign records-quality score & L. . &
. data coverage and con- . . . or missing core attributes
18  Utility Rec- tribute by class/dis- (e.g., poor/fair/good) to seg-

sistency (non-spatial, by (material, diameter, age)

ords o trict) ments based on data review i
asset class or district) set to worst quality
I . L None (segment at- . . ... Rare or obsolete materials
Availability Utility materials inven- . i Assign spare-parts availability . .
X tribute via mate- - and fittings automatically
19 of Spare tory and standard parts . class based on how common .
. rial/diameter cross- . . . . mapped to lowest availa-
Parts catalogues (non-spatial) the pipe material/diameter is N
walk) bility class

5.4.2 Temporal Resolution

Consequence is inherently time-dependent where service outages unfold over hours,
clean-up over days, cost recovery and reputational effects over months and years. For
modeling, however, the COF index is treated as a location-conditioned property of each
segment that is, given a representative failure on that segment, how severe are the ex-
pected impacts under typical operating conditions. This requires a pragmatic choice of

temporal resolution that balances realism with data availability.

At the event scale, utilities often record a break occurrence timestamp and a repair
completion timestamp, sometimes with intermediate milestones such as “crew dispatched”
or “main isolated.” When such data are available, they provide direct estimates of outage
duration and crew mobilization times in different contexts (for example, under major

roads versus in open fields). In the COF model, these event-level records are used to
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calibrate typical repair and isolation durations by context, which then inform the estima-
tion of customer-hours of outage and operational disruption for a representative failure
on each segment. Where only dates, or coarse timestamps, are available, standard as-
sumptions about typical repair windows (for instance, eight to twelve hours for a moderate

break in accessible conditions) are used and documented in Section 5.4.3.

At the metric scale, short-term consequences are summarized in outage windows.
For example, the total customer-hours of interruption that a representative failure would
cause if it occurred during a typical high-demand period. These are constructed from
estimated outage durations and counts of dependent customers or critical facilities at risk,
based on the spatial aggregation described above. Longer-term consequences, such as an-
nualized costs or recurring disruptions in a corridor with repeated failures, are summarized
on annual or multi-year basis consistent with utility reporting cycles. The COF index is,
however, not recalculated for every year. Instead, it is evaluated for a reference period
(for example, a recent three-year window in which land use, service patterns, and network
configuration are broadly stable) and assumed to be representative for the 5-year capital
improvement planning horizon, unless there are known forthcoming changes such as major

rezoning, new hospitals, or large industrial customers.
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This temporal structure mirrors the LOF chapter, where incidents, work orders,
and environmental layers were also aggregated to yearly windows for stability, with longer
multi-year windows for trend analysis. The difference is that LOF tracks how often failures
happen in each window, whereas COF uses those same windows, together with event-level
calibrations, to characterize how severe a typical failure would be. Table 5-6 summarizes
how each COF-relevant metric is anchored in time, distinguishing event-scale metrics
(such as outage duration, customer-hours, and loss volume) from annualized summaries
and multi-year portfolio indicators. This separation makes explicit which parts of the
COF model describe the severity of a representative failure on a segment, and which are

higher-level aggregates used later to evaluate corridors and renewal portfolios.

Table 5-6: COF metrics and their primary temporal windows

Quantity / metric Dimension Temporal window Significance for COF and planning
Break occurrence and . Event (minutes—  Anchor the start and end of a failure; used to calibrate
o Operational . . . . .
repair timestamps hours) typical isolation and repair durations by context.

. . . Combined with estimated customers affected to com-
Outage duration per Social / Op- Event — outage win- . . . L
.. . pute customer-hours of service disruption for a repre-
failure (hours) erational dow (048 h) .
sentative failure.

. Outage window (sin- Key social consequence indicator; used directly in the
Customer-hours of out- . R . . .
Social gle representative fail-  fuzzy Social COF sub-model and to interpret COF

age per segment

ure) bands.
X FEconomic Estimated from pressure class and failure type; used to
Volume of water lost . / Event — outage win- . . P . P "
. Environmen- derive Cost of Lost Water and environmental impact
per failure dow
tal class.
Traffic disruption du- Social / Eco- Outage window Derived from road/rail class and typical repair times;
ration and extent nomic (hours—days) informs Road and Railway Traffic Flow Impact.
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Quantity / metric Dimension Temporal window Significance for COF and planning

. . . Includes labor, materials, equipment, repaving, land-
Direct repair / renewal X Event / outage win- R K R .
’ Economic scaping and contractor services; mapped into economic
cost per failure dow .
loss ranges for COF bands.
L. . . Typical building damage costs for the surrounding
Indicative property-  Economic / Event / outage win- . . ”
L . land-use class; contributes to economic loss ranges in
damage cost per failure Social dow
COF bands.

. . . Reflects likelihood and severity of contamination and
Environmental impact Environmen- FEvent / short-term R . K .
ecological damage from a representative failure; treated
class tal (days—weeks) . ) )
as stable for the planning horizon.

. . Summarizes recent history of unplanned costs in a cor-
Annualized unplanned Economic / . . . .
. . . . Year ridor; used for cross-checking the reasonableness of
failure cost in corridor Operational .
event-based COF assumptions.

. Aggregated customer-hours or number of advisory days

Annualized customer .
Social Year

over recent years; used descriptively alongside segment-
level COF scores.

disruption in corridor

All (aggre- Multi-year CIP hori-

gate out- zon (typically 5 . .
exposure is removed by a given renewal program.
come) years)

Length of very-high- Portfolio-level indicator: how much high-consequence

COF pipe renewed

C lative COF - All (a -
l,lmu ? lYe (aggre Multi-year CIP hori- Used in Chapter 6 to evaluate and compare portfolios;
weighted risk reduc- gate out-

. zon combines LOF and COF over the planning horizon.
tion come)

5.4.3 Data Assumptions and Reliability Levels

Not all COF inputs can be directly measured. Some require assumptions or simple
models that translate available data into the quantities needed by the teacher model. To
keep these approximations transparent, we use the same five-level data-reliability ladder

introduced in the LOF chapter. Each COF predictor in the data dictionary is tagged with

one of the 5 levels.

COF-specific assumptions arise in several places. When detailed hydraulic outage

footprints are not available, an outage radius or equivalent isolation footprint is assumed
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for each failure scenario, informed by pressure-zone maps, valve layouts, and typical iso-
lation practices reported by the utility. Demand patterns are often approximated by daily
or seasonal averages rather than full diurnal curves, where hourly demand data or SCADA
logs exist, they are used to calibrate simple “peak” versus “off-peak” multipliers for cus-
tomer-hours of outage, otherwise these multipliers are taken from engineering judgement
(reliability level 1-2). Repair mobilization times in terms of how long it takes to dispatch
a crew and begin isolation are estimated from work-order histories where timestamp qual-
ity permits (reliability 4-5); in data-poor settings, they are inferred from utility size,

staffing, and typical practice (reliability 1-2).

Other assumptions are embedded in crosswalks between categorical datasets and
cost or disruption classes. Land-use classes and road hierarchies are mapped to typical
unit costs and traffic disruption levels using cost books, design standards, and local expert
input. Social vulnerability indices and poverty prevalence are used as proxies for the
sensitivity of capital budgets and households to unplanned failures in different areas, with
the understanding that these indices are noisy and are therefore tagged as derived (relia-
bility 2-3) rather than as system measurements. For environmental consequence, the

mapping from proximity to streams and wetlands to contamination risk classes is based
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on environmental guidance documents, buffer distances, and utility feedback, again
treated as derived with moderate reliability. Table 5-7 shows a concise summary of the
main approximations used to construct COF inputs, their intended scope, and associated

reliability levels on the 1-5 scale (1 = educated guess, 5 = direct measurement).

Table 5-7: Key COF-specific assumptions and reliability levels

Relia-
Assumption / de-
. / Intended scope Construction and data basis bility
rived quantity
level
o . . . ) Derived from valve layout, pressure-zone maps, and utility
Isolation footprint / Approximate spatial extent of custom- | R X X K
R . . o isolation practice; calibrated where event data exist, other- 2-4
outage radius ers affected by a single main failure . R
wise expert judgement.
Tvoical . | Event-scale duration (hours) of isola-  Estimated from work-order timestamps by land-use/road
'ypical repair anc . . . . . . o
. . . tion and repair for representative fail- class and depth where available; otherwise from utility re- 2-5
isolation duration . . o
ures in each context ports and engineering judgement.
. . . Product of estimated outage duration and dependent cus-
Customer-hours of  Social COF input for representative . .
.. tomer count (from service-area and land-use overlays); as- 2-4
outage per segment failure on each segment . . .
' - sumes typical high-demand period.
L | fail Economic/Environmental COF input Derived from static pressure class, typical leak/break type,
oss volume per fail- . . . . . .
reflecting water lost in a representative and outage duration; calibrated to water-audit loss compo- 2-4
ure . .
failure nents where possible.
L . . o . Mapping from road/rail functional class and typical repair
Traffic disruption Traffic-flow and economic impact of o o . X K ;
. duration to qualitative disruption bands (minor, moderate, 2-3
class excavation and lane closures

major).

. . Crosswalk from land-use/parcel type and indicative prop-
Property-damage Typical direct property damage cost . . ;
. ’ erty values to damage-cost bands used in COF band defi- 2-3
cost class around the failed segment it
nitions.

Envi tal i Likelihood and severity of contamina- Buffer-based proximity of segment to mapped receptors;
nvironmental im- . . . . . ;
¢l tion of streams, wetlands, and sensitive combined with loss-volume class to assign environmental 2-3
pact class
receptors consequence bands.

. . . L Poverty prevalence or social-vulnerability indices at cen-
Financial affordabil- Sensitivity of local customers and CIP

o L. sus-tract / block-group level, length-weighted over seg- 2-3
ity index budgets to unplanned failures ’ ’ i ’
ments.
Greenhouse-gas Environmental / economic proxy for Unit emission factors by method and site type drawn from

emission factor per ft  emissions associated with failure re- LCA studies and typical construction practices; mapped to 2-3
of renewal sponse and renewal renewal scenarios.
Default burial depth Depth input for renewal-complexity as-  Fixed default (e.g., 4 ft) applied when no depth is rec-
where records are  sessment when as-built records are in-  orded; flagged as assumed and excluded from calibration 1
missing complete of depth-cost relationships.
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5.4.4 Data Sources for COF Model Inputs

COF features draw on a deliberately mixed set of utility-internal and external
datasets, with the balance differing by consequence dimension. For the economic and
operational dimensions, the primary sources are internal. Direct cost of renewal, cost of
lost water, and property-damage cost classes are derived from utility financial records,
work-order and break logs, and internal unit-cost libraries (including labor, materials,
equipment, construction, repaving, landscaping, and contractor services). Operational in-
dicators such as static pressure and fire-flow context come from the hydraulic model and
SCADA data; redundancy is derived from the utility’s network GIS; and workforce avail-
ability is based on crew counts, crew locations, and staffing patterns. Financial afforda-
bility indicator is defined to capture the wtility’s capacity to absorb unplanned failure
costs on a given segment without destabilizing its CIP. This index is constructed from
poverty prevalence and related socio-economic indices at census-tract or block-group level
overlaid on the service area, because these contextual factors constrain the utility’s prac-
tical ability to raise rates or issue additional debt. In other words, socio-economic data
are used as a proxy for budget flexibility at the utility level, not as a direct measure of

individual customers’ ability to pay or of distributional justice.
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For the social dimension, external spatial datasets play a larger role. Traffic-related
disruption is characterized using state Department of Transportation (DOT) databases
that provide road functional class and, where available, traffic volume measures such as
Average Annual Daily Traffic (AADT). Land cover and the broad type of area around
each pipe segment (for example, open space, low-density residential, high-density residen-
tial, commercial, industrial) are derived from the National Land Cover Database (NLCD)
and, where needed, finer municipal land-use layers. Critical-facility exposure is captured
using open datasets hosted by municipalities or counties that map medical facilities, dial-
ysis centers, schools, and other priority service locations. These layers are overlaid with
the network in ArcGIS Pro, and their outputs combine with internal customer records to
construct the customer service disruption index and the road and railway traffic-flow

impact metric.

For the renewal complexity dimension, land cover above or adjacent to the pipe
which is important to consider for constructability, is again obtained from NLCD and
local land-use layers, while depth of pipe, quality of utility records, and availability of
spare parts are drawn from internal utility data wherever those records exist. Depth is

taken from as-built drawings or asset databases; record quality is assessed from the
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completeness and consistency of the collected utility data; and spare-parts availability is
inferred from materials and diameter catalogues and inventory records. When depth or
spare-parts information is missing, simple, documented assumptions are used (for exam-
ple, a default depth of 4 ft or “low availability” for obsolete materials), and those variables

are tagged at lower reliability on the ladder.

For the environmental dimension, national and federal datasets are the main
sources of receptor information. The National Wetlands Inventory (NWI) and mapped
surface-water bodies are used to identify wetlands, streams, rivers, and adjacent buffers;
EPA datasets on Superfund and other contaminated sites are used to characterize poten-
tial contamination receptors; and landslide and sinkhole potential are taken from NRCS
SSURGO soil and geohazard layers. These are combined with segment-level loss-volume
estimates to derive the environmental impact class. Greenhouse-gas emission factors for
failure response and renewal are informed by internal or regional life-cycle assessment
(LCA) studies where available; otherwise, standard emission factors from published LCA

literature are adopted and treated as derived assumptions rather than measurements.

Throughout, the priority is to avoid constructing entirely synthetic COF predictors

when measured or recorded data exist, and to keep a clear record of provenance when
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assumptions are unavoidable. In the implementation, each COF feature carries metadata
pointing back to its source dataset(s). For example, specific DOT layers, NLCD release
year, NWI version, census vintage, or internal cost book, and, where applicable, the ver-
sion and date of download. This traceability supports the reliability tagging in Section
5.4.3 and makes it straightforward to update the COF model when improved datasets or

utility records become available.

5.4.5 Data Dictionaries

To make the COF model reproducible and interpretable, all predictors and inter-
mediate indices are documented in structured data dictionaries parallel to those used in
the LOF chapter. Each row in the COF data dictionary corresponds to a single variable,
with fields for variable name (as used in code and tables), a concise definition, units, data
type (continuous, categorical, binary, index), primary data source(s),; spatial resolution
and aggregation rule (for example, “polygon overlay, length-weighted average at segment
level”), temporal resolution and refresh frequency, expected direction of effect on COF,
material and diameter applicability notes (for example, “applies to all materials; only
segments = 12 in considered for transmission-main redundancy flag”), and the reliability

level on the 1-5 ladder. For intermediate indices, such as the five dimension-level COF
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scores, the dictionary includes a brief description of their construction from underlying

indicators and the fuzzy inference layer. Table 5-8 shows a summarized version of the

COF data dictionary informing the teacher COF model.

Table 5-8: Data dictionary of COF predictors and intermediate indices. Full dictionaries, in-
cluding all variables used in the teacher and student models, are provided in the code repository.

Units Spatial / tem- Effect on Relia-
Variable name Definition / Primary source(s) P / K .
type poral resolution COF bility
Representative direct renewal Segment-level; de-
. cost for the segment (labour, . Utility financial rec- rived from land Higher cost —
direct_ cost_ re- . X . $ ((:()ntln— . . . i .
| materials, equipment, paving, ) ords; bid tabs; unit- cover, depth, diame-  higher Eco- 34
newa uous )
landscaping, contractor ser- cost library ter; updated with nomic COF
vices). cost-book revisions
Monetary value of water lost Higher cost —
. . . . Segment-level; >
in a representative failure on . Water audit; produc- . higher Eco-
. . $ (contin- . event-scale estimate > .
cost_lost water the segment, including flush- tion cost estimates; . nomic / Envi- 2-4
. K uous) . anchored to typical
ing and alternative supply hydraulic model ; ind ronmental
outage window )
(e.g., bottled water). & COF
. Segment-level; based
R Ordinal class of potential im- & X .
surface wa- . . NWI, EPA hydrogra- on distance/length Higher class —
. pact on surface water and wet- 1-5 ordi- L L o i K )
ter im- . . phy; proximity and  within buffers; as- higher Environ-  2-3
lands from a representative  nal class i . .
pact_ class . buffer analysis sumed stable over mental COF
failure. .
CIP horizon
Susceptibility of local soils and {Low, Me- Segment-level; domi- Higher class —
landslide poten- subgrade to landslides or sink-  dium, NRCS SSURGO nant or maximum higher Environ- 9.3
tial class holes triggered by leakage or High} cat- soil/stability polygons susceptibility over mental / Social
rupture. egorical segment length COF
Indicative customer service Segment-level; de-
K . o . NLCD/land use; cus- & ’ Higher score —
cust,_ ser- disruption score, combining  1-5 ordi- . . rived from polygon . . ;
. . . . tomer GIS; critical-fa- . higher Social 2-3
vice disruption  customer density, land use, nal class . overlays and buff- o
. cility layers . COF
and critical-customer presence. ered point counts
$-index ) Segment-level; based Higher index
. Proxy cost index for road and K State DOT road/rail & K ’ & K
traffic flow im- . o . . (continu- on highest-func- — higher So- ;
rail traffic disruption during network; lane-closure - . . - . 2-3
pact_ cost ir/ ) ous or ¢ fact tional-class crossing; cial / Economic
repair/renewal. cost factors )
! banded) event-scale duration COF
Index representing the utility’s Higher index
. Segment-level,
capacity to absorb unplanned o (less budget
o . . length-weighted av- s
. . . failure costs on this segment 01 index . 7 flexibility) —
financial afford- e K Census socio-eco- erage over inter- R ;
. X without destabilising its CIP  (continu- K higher Opera- 2-3
ability idx . o nomic datasets sected tracts; up- N
(proxy for budget flexibility), ous) tional COF

constructed from poverty
prevalence and related socio-
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. " Units / . Spatial / tem- Effect on Relia-
Variable name Definition Primary source(s) K .
type poral resolution COF bility
economic indicators in the
served area.
Segment-level; de-
Percentage of demand that K . ’ 0
. . o . rived from graph Lower % —
redun- can be met via alternative % (contin-  Network topology . . ) ;
K K . . analysis; assumed  higher Opera- 2-3
dancy level pct paths if the segment is out of uous) from utility GIS i
. stable unless net- tional COF
service. .
work reconfigured
Segment-level; con-
X . . Fuzzy teacher model o .
Dimension-level Social COF X ditional on repre- Higher value —
. . . X N N . . (1nputs: cust_ ser- ) . ) .
cof social dim index from fuzzy inference (0~ 0-5 index | . K R sentative failure; higher overall 2-3
vice disruption, traf- i X -
5). . R evaluated for refer- COF
fic, complaints, etc.) .
ence period
Fuzzy teacher model
) ) . inputs: di- .
R Dimension-level Economic ( Segment-level; con- Higher value —
cof eco- . . . . . rect_cost_renewal, o .
R . COF index from fuzzy infer- 0-5 index ditional on repre-  higher overall 2-4
nomic_dim cost_lost_ water, ) . )
ence (0-5). sentative failure COF
property-damage
class)
Fuzzy teacher model
. ) . inputs: surface wa- .
Dimension-level Environmen- (t . ¢ ol Segment-level; con- Higher value —
. . . . . . . ser_impact_ class . . ;
cof env_dim  tal COF index from fuzzy in- 0-5 index . ’ ditional on repre-  higher overall 2-3
. - landslide poten- . .
ference (0-5). ) sentative failure COF
tial class, loss vol-
ume)
Fuzzy teacher model
X X . . inputs: static pres- .
Dimension-level Operational ( . . Segment-level; con- Higher value —
. . . . . . - sure, fire-flow impact, 7. :
cof ops dim COF index from fuzzy infer- 0-5 index ditional on repre-  higher overall 2-4
- workforce, redun- . -
ence (0-5). . ) sentative failure COF
dancy, financial af-
fordability)
Fuzzy teacher model
Dimension-level Renewal-com- (inputs: land cover, Segment-level; con- Higher value —
cof renew dim plexity COF index from fuzzy 0-5 index depth, record quality, ditional on repre-  higher overall 2-3

inference (0-5).

spare-parts availabil-
ity)

sentative failure

COF

5.5 Descriptive Analytics and Impact Baselines

Before fixing the COF teacher model and training student models, we first examine

how the potential consequences of failure are distributed across the network. The aim is
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not to forecast individual events, but to construct impact baselines: how much social,
economic, environmental, operational, and renewal complexity “exposure” is concentrated
in different parts of the system. These baselines serve three roles. They check that the
COF inputs and indices behave sensibly (for example, downtown trunk mains should not
look “low-consequence” in aggregate). They clarify which combinations of context and
network role dominate high-consequence exposure, and therefore deserve attention in the
rule base. And they provide a transparent link between real-world patterns—trunk versus
distribution, urban versus rural, ecologically sensitive versus ordinary—and the impact

motifs that later appear as fuzzy rules in the teacher model.

5.5.1 Descriptive Analytics and Impact Baselines

Before fixing the COF teacher model and training student models, we examine how
the current COF ratings are distributed across the network. The goal here is not to predict
individual failures, but to construct impact baselines that is, which parts of the inventory,
by diameter and material, already appear in the upper COF bands, and how those pat-

terns align with unit replacement costs.

These baselines are built from the expert-system COF model originally published

in Vishwakarma and Sinha (2023), applied to the anonymized utility dataset. At present,
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utilities rarely collect systematic records of environmental or social consequences (for ex-
ample, ecosystem damage, human health impacts, or customer-hours of outage) after pipe
failures. Those dimensions are therefore represented in the COF framework primarily
through reliable spatial proxies like land use, traffic classes, proximity to wetlands and
surface waters, socio-economic layers. By contrast, economic and operational consequences
(repair costs, renewal unit costs, crew time, and work-zone constraints) cam be tracked
reasonably well. The figures in this section should thus be read as distributions of overall
COF bands conditioned on inventory and cost data, with environmental and social di-

mensions partially latent and refined later via the fuzzy teacher model.

5.5.2 Baselines by diameter and material-diameter cohorts

The first baseline asks how COF exposure is distributed simply by diameter. We
group segments into three diameter cohorts (< 8 in, 824 in, and > 24 in) and compute
the mileage-weighted share of pipe in each COF band. The result is summarized in Figure
5-1. The pattern is strongly size-dependent. Small-diameter mains (< 8 in) are dominated
by the Minor—-Moderate bands, reflecting modest repair and renewal costs and limited
impact corridors. Intermediate diameters (8-24 in) show a shift towards Moderate conse-

quences with a small but non-zero share in the Major band, consistent with their role as
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larger distribution mains and smaller transmission feeders. The largest cohort (> 24 in)
is almost entirely in the Major—Catastrophic bands, indicating that very large mains reli-
ably combine high unit costs with high impact corridors, even before environmental and
social proxies are fully exploited. This validates the basic expectation that, all else equal,

failures on very large mains have qualitatively different consequences than failures on

small distribution pipes.
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B [nsignificant Minor Moderate Major B Catastrophic

Figure 5-1: Distribution of COF bands by diameter cohort

Diameter alone, however, does not capture material-specific behavior or renewal
context. To examine this, we stratify COF by material-diameter cohort, yielding the

clustered bar chart in Figure 5-2.
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Figure 5-2: COF distribution across material-diameter cohorts

Several patterns are evident in Figure 5-2. Large-diameter metallic and concrete
mains, especially > 24 in CI, DI, Steel, and PCCP, are overwhelmingly classified as Cat-
astrophic, with very little mileage in the lower COF bands, reflecting both their high unit
replacement costs and their frequent location in critical corridors such as arterials, river
crossings, and major feeders. At the other end of the spectrum, small-diameter PVC and
HDPE cohorts are concentrated in the Minor—-Moderate bands, with a substantial share
of small-diameter PVC in the Insignificant band. These pipes can be understood to typi-
cally serve residential streets, are comparatively shallow, and have lower replacement

costs, so their failures are consequential but bounded. AC shows a split behavior, with
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small and intermediate diameters clustering in the Moderate band, while the rare large-
diameter AC entries fall into the Catastrophic band, again driven by the combination of
size and corridor type. Concrete pressure pipes (PCCP and RCCP) also exhibit high COF
at larger diameters, consistent with their predominant use as trunk and transmission
mains and their very high replacement costs when buried deeply in urban or otherwise

difficult-to-access environments.

These baselines act as a sanity check on the COF index. They confirm that the
expert-system ratings from Vishwakarma and Sinha (2023) do not, for example, label

Y

large-diameter PCCP feeders as “Minor,” and they identify the cohorts where high-con-
sequence exposure is structurally concentrated. They also set expectations for the student

learner model that any dramatic reordering of these material-diameter patterns would be

suspect unless supported by strong additional data.

5.5.3 Economic drivers: Replacement costs as a baseline

The overall COF index aggregates economic, social, environmental, operational,
and renewal-complexity dimensions. In practice, however, the only dimension for which
utilities routinely maintain quantitative records at the cohort level is direct economic cost.

To make this explicit, we compiled unit replacement cost data from participating utilities
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for each material-diameter combination, using work orders, bid tabs, and standard pay

items. For each cohort, we compute the mean replacement cost per foot and a 95% con-

fidence interval, as shown in Figure 5-3.
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Mean replacement cost [$/ft]

Material-diameter cohort

Figure 5-3: Replacement cost by material-diameter cohort (mean + 95% CI)

Figure 5-3 shows that unit costs vary by almost an order of magnitude across
cohorts. Large-diameter PCCP and CI mains sit at the top of the distribution with mean
costs in the high hundreds to low thousands of dollars per foot, reflecting deep burial,
complex traffic control, and specialized construction methods. Intermediate-diameter DI
and HDPE lie in a mid-range, while small-diameter AC and PVC typically occupy the
lower half of the distribution. The width of the confidence intervals captures the construc-
tion variability within each cohort with differences driven by site constraints, surface

restoration requirements, or contractor practices.
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Comparing Figure 5-2 and Figure 5-3 reveals that cohorts with systematically high
unit replacement costs also tend to occupy the upper COF bands, particularly for large-
diameter CI and PCCP. This supports the modelling choice to treat unit cost as a primary
driver of the Economic dimension. At the same time, there are cohorts where COF bands
are elevated relative to their mean unit cost, typically where other contextual factors
(environmental sensitivity, lack of redundancy, critical facilities) are important. These
mismatches are intentional and underscore that the COF framework is not a pure cost
model and diameter, land use, redundancy, and environmental setting can legitimately

pull a cohort into a higher COF band even if its unit costs are only moderate.

It is important to emphasize that environmental and social consequences are not
observed directly in this dataset. Utilities do not routinely record, for example, volumes
of contaminated runoff, ecological restoration costs, or customer-hours of outage by pipe
cohort. Those dimensions enter the COF teacher model via proxy variables (wetland buff-
ers, surface-water proximity, traffic volume classes, critical-facility locations, socio-eco-
nomic indices) rather than through explicit empirical calibration. The descriptive base-

lines in this section therefore emphasize diameter, material, and cost, while later sections

285



use the proxy structure to embed environmental and social considerations into the fuzzy

rule base.

5.5.4 Impact motifs derived from diameter—material and cost baselines

The COF patterns stratified by material-diameter cohorts, combined with the re-
placement-cost baselines, give rise to a set of impact motifs that will guide Evaluation,
Verification, and Validation (EVV) of the COF student models. These motifs are ex-
tracted from the same fuzzy expert system that was originally published in Vishwakarma
and Sinha (2023), so the distributions in Figure 5-1, Figure 5-2 and Figure 5-3 represent

the teacher’s view of consequence, not an external heuristic.

One motif is the large-diameter trunk main, where CI, DI, Steel, or PCCP mains
in the > 24 in cohort appear almost exclusively in the Major—Catastrophic bands (Figure
5-2) and exhibit very high unit replacement costs with substantial variability (Figure 5-3).
These pipes typically run under arterial roads or in constrained utility corridors. EVV
scenarios based on this motif will expect any failure on such mains to be rated at least
Major, with scope for escalation to Catastrophic when environmental or operational com-

plications are present.
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A second motif is the moderate-diameter distribution main in ordinary corridors.
In this case, 824 in AC, PVC, and HDPE cohorts sit largely in the Minor-Moderate
bands with mid-range unit costs. Failures are disruptive but locally contained, with social
and economic consequences being more manageable and renewal being relatively routine.
EVV scenarios derived from this motif will check that student models do not over-penalize

the vast mileage of ordinary distribution mains simply because they are numerous.

A third motif is the apparently “cheap but exposed” cohort, which includes mate-
rial-diameter combinations whose mean unit cost is modest but that frequently lie in
environmentally or socially sensitive settings, such as smaller-diameter mains crossing
wetlands or serving critical facilities. In the present dataset, such patterns are not fully
visible in Figure 5-1, Figure 5-2 and Figure 5-3 because explicit environmental and social
observations are missing, but they are anticipated by the proxy structure developed ear-
lier. The impact motifs therefore include rule templates that allow Environmental or So-
cial dimensions to dominate the overall COF, raising a cohort into a higher band even

when replacement costs alone would not justify it.

Together, these motifs help design EVV protocols and ensure that the COF student

models remain anchored in the empirical baselines defined by the fuzzy teacher (Figure
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5-1, Figure 5-2 and Figure 5-3), while still allowing environmental and social proxies to
play a decisive role where appropriate. The EVV chapter returns to these motifs and
shows how they are operationalized as test scenarios, so that the resulting COF index
respects the observed material-diameter and cost patterns without degenerating into a

purely cost-driven metric.

5.6 Knowledge-structured “teacher” model (Fuzzy Inference System)

The COF teacher model is implemented as a hierarchical fuzzy inference system
with two main layers. The first layer maps raw indicators (for example, unit renewal cost,
land cover, traffic class, wetland proximity, redundancy, pressure, and workforce availa-
bility) into five dimension-level indices: Social, Economic, Environmental, Operational,
and Renewal-complexity COF. The second layer aggregates these five indices into a single
continuous COF index on a 0-5 scale, which is then banded into the five ordinal classes
defined earlier (Insignificant, Minor, Moderate, Major, Catastrophic). Figure 5-4 summa-
rizes this architecture. Indicators are grouped into five dimension-level FIS modules, each
with its own rule base, and their outputs serve as inputs to a final FIS that yields the

overall COF rating. This is the same structure as in Vishwakarma and Sinha (2023). Here
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it is refined with the updated indicator set, dimensional decomposition, and band defini-

tions developed in Sections 5.2-5.5.

Fuzzy inference is used for the same reasons as in the LOF chapter. Many COF
drivers are only partially observed, and expert knowledge is naturally expressed in quali-
tative form (“if a main fails near a hospital on a high-traffic arterial with little redundancy,
the consequences are severe even if the unit cost is only moderate”). Fuzzy sets and IF—
THEN rules provide a direct way to encode these verbal heuristics while still yielding a
numerical index that is monotone in severity, smooth over the input space, and suitable

both as a teacher for student models and as a baseline for EVV scenarios.
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Parameters

Direct Cost of Renewal

Cost of Legal Issues

FIS Modules

Cost of Lost Water

Cost of Impact on Surface Water/
Wetlands and/or Surroundings

Landslide Potential

Economic Impact

FIS #1
3 Parameters; 26 rules

Environmental

Customer Service Disruption

Road and Railway Traffic Flow | |

Impact

Water Quality Impact

Cost of Property Damage

Impact

FIS #2
2 Parameters; 15 rules

Pipe Redundancy Level

Financial Consequence of Pipe
Failure

Workforce Availability

Final FIS Model for
CoF Rating

.| Consequence of

Social Impact

FIS #3
4 Parameters; 28 rules

Fire Flow Impact

Static Pressure

Pipe Diameter

Time to Shutdown

Ground Cover

Pipe Depth

Operational

Characteristics

FIS #4
7 Parameters; 55 rules

Quality of Utility Record

Availability of Spare Parts

Renewal

Complexity

FIS #5
4 Parameters; 25 rules

Failure Rating

FIS #6
5 Parameters; 232 rules

Figure 5-4: Hierarchical fuzzy teacher model for COF: Schematic of the knowledge-structured

COF teacher, with input parameters grouped into five dimension-level fuzzy inference modules

(Economic, Environmental, Social, Operational, Renewal-complexity) and a final fuzzy module

that produces the overall COF rating.
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5.6.1 Membership Functions and Input Space

Each COF input is defined on a universe of discourse (its plausible numerical range)
and partitioned into overlapping linguistic terms. For continuous cost-like variables such
as Direct cost of renewal and Cost of lost water, the universe spans from zero to an upper
bound that covers almost all observed values plus a margin for extreme events. This range
is partitioned into sets such as Very low, Low, Medium, High and Very high using simple
shoulder and triangular membership functions. The breakpoints are aligned with cost
thresholds from the COF band definition table and with empirical quantiles from utility
data, so that transitions between linguistic levels occur near the points where Insignificant,

Minor, Moderate, Major, and Catastrophic bands begin to separate.

For ordinal indicators already expressed on a 1-5 scale (for example, Customer
service disruption, Water-quality impact, Workforce availability, Records quality), the
universe of discourse is [0,5]. Fuzzy sets are centered near each conceptual category, with
overlapping triangular, gaussian, or trapezoidal functions that ensure smooth transitions.
A value of 3 on the disruption scale, for example, is mostly Wet business but has non-
zero membership in adjacent categories, allowing the inference engine to interpolate rather

than flip at crisp thresholds.
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Figure 5-5 illustrates this design for the ground-cover variable used in the Renewal-
complexity module. The universe of discourse is mapped to three linguistic terms—
Open__ Space, Roads_and_ Railways, and Buildings and/or_ Water_Surface using one

left-shoulder, one central gaussian bell, and one right-shoulder set.

Open_Space Roads_and Railways Buildings _and/or Water Surface

Membership Degree

e oo o o =
B2 [i=s (s3] o [==)
1 1 1 1

o
|

2 3 4 5
Ground Cover

o
=

Figure 5-5: Membership functions for ground cover parameter. Fuzzy sets for the ground-cover
indicator: Open_Space (left-shoulder), Roads _and_Railways (central gaussian bell), and Build-
ings_and/or_Water _Surface (right-shoulder), defined on a 0-5 linguistic scale.

Figure 5-6 shows the membership functions for customer service disruption in the
Social module. Here the 0-5 axis is partitioned into No_Customers, Residential,
Dry_ Business, Wet_ Business, and Critical Customers, reflecting increasing density and
criticality of affected users and allowing the fuzzy system to distinguish between, for
example, a small break in an open field and an outage affecting dialysis centers or hospi-

tals.
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Figure 5-6: Membership functions for customer service disruption. Fuzzy sets for the customer
service disruption indicator on a 0-5 scale, capturing settings from No__Customers through Res-
idential, Dry Business, Wet_Business, up to Critical _Customers.

Across all inputs, the membership functions are chosen to satisfy three design cri-
teria. First, they cover the input space without gaps and every feasible input has at least
one non-zero membership degree. Second, they are monotone in severity for COF-
increasing variables, so increasing cost, traffic impact, depth, or environmental sensitivity
never decreases membership in higher-severity terms. Third, overlap between adjacent
sets is limited to roughly one third of their support, which improves interpolation while
keeping the linguistic categories distinguishable. At the dimension level, each of the five
indices (Social, Economic, Environmental, Operational, Renewal-complexity) is repre-
sented as a fuzzy variable on [0,5] using the same five sets as the overall COF bands,

which keeps the outputs directly comparable.
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5.6.2 Rule-base and IF-THEN Mechanics

The COF rule-base is organized in two layers matching the architecture in Figure
5-4. In the first layer, separate rule sets are defined for each dimension. Rules have the

generic form:

IF  (Antecedent 1 is Term a) AND/OR (Antecedent 2 is Term b)..

THEN (Dimension_ X_Impact is Level _L).

For the Economic dimension, antecedents include Direct cost of renewal, Cost of
legal issues, and Cost of lost water. A representative subset of the Economic rule base is
shown in Table 5-9, where combinations of low, medium, and high input costs map to

Very low through Very high economic impact levels.

Table 5-9: Snapshot of the fuzzy rule base for the Economic dimension, showing how combina-
tions of Direct cost of renewal, Cost of legal issues, and Cost of lost water map to the linguistic
Economic impact level.

Input Parameters Output Parameter

Direct Cost of Renewal Cost of Legal Issues Cost of Lost Water Economic Impact

Very Low Low Low Very Low
Low Low Low Very Low
Medium Low Low Low
Medium Medium High Medium
High Medium High High
Very High NA NA Very High
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In the Social dimension, rules combine Customer service disruption, Road and rail-
way traffic flow impact, Water-quality impact, and Cost of property damage. Typical

rules are:

e [F customer disruption is High AND traffic impact is High, THEN Social impact is
Major.
e [F customer disruption is High OR water-quality impact is High, THEN Social impact

is at least Moderate.

The Environmental dimension is governed by rules involving Cost of impact on
surface water and wetlands, Potential for landslides, and Greenhouse gas (GHG) emis-

stons associated with the failure and its response. Typical rules are:

o [F wetland/surface-water impact is High OR landslide potential is High OR Green-

house gas is Moderate, THEN Environmental impact is Major.

The Operational dimension aggregates Pipe redundancy level, financial affordabil-
ity of the utility, Workforce availability, Static pressure, Fire-flow impact, and related

indicators. An example rule is:
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e [F static pressure is High AND redundancy is Low AND workforce availability is Low,

THEN Operational impact is Major.

The Renewal-complexity dimension uses rules involving Ground cover, Pipe depth,

Quality of utility records, and Availability of spare parts, for example:

e [IF land cover is Buildings and/or water surface AND depth is High AND records

quality is Poor, THEN Renewal complexity is Major or Catastrophic.

Within each rule, the AND operator is implemented as the minimum of the rele-
vant membership degrees, while OR is implemented as the maximum. This choice enforces
a conservative aggregation of conditions where multiple severe antecedents must all be
active to fully trigger a high-consequence rule, whereas any one strongly active antecedent
is sufficient to activate rules formulated with OR, reflecting the existence of multiple
alternative pathways to high consequence. In the second layer, a compact rule-base maps
the five dimension-level indices to the overall CoF level. Rules follow a risk-averse struc-

ture, for example:

e [F Economic impact is Catastrophic OR Social impact is Catastrophic, THEN overall
COF is Catastrophic.

e IF all dimensions are Minor or below, THEN overall COF is Insignificant or Minor.
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e [F one dimension is Major and the others are Moderate, THEN overall COF is Major.

This near-max behavior ensures that catastrophic outcomes in any single critical
dimension are visible in the final COF rating, while still allowing moderation when one

dimension is high but others are negligible.

5.6.3 Inference, Interpolation, and Defuzzification

Both layers use a standard Mamdani fuzzy inference scheme. For a given segment,
all input variables are first fuzzified into membership degrees for their respective linguistic
terms. Fach rule’s antecedent degree is then computed using the chosen AND/OR oper-
ators (implemented as the minimum or maximum of the relevant memberships). The
consequents are fuzzy sets defined on the corresponding dimension-level or overall COF
universe. Consequents are scaled by the rule’s firing strength and aggregated across all
active rules using the maximum operator to produce a single fuzzy output set for each

dimension and, in the second layer, for the overall COF.

To obtain a single numerical index, each fuzzy output set is defuzzified using the
centroid-of-area operator, yielding a continuous value in [0,5]. At the dimension level, this
produces Social, Economic, Environmental, Operational, and Renewal-complexity COF

indices. The second-layer fuzzy system takes these five indices as inputs and produces a
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continuous overall COF index, COF € [0,5]. This value is then mapped to ordinal bands
using the same intervals as in the detailed COF definition table: [0,1) —=Insignificant,

[1,2) »Minor, [2,3) =»Moderate, [3,4) =»Major, and [4,5] =»Catastrophic.

5.7 Evaluation, Verification, and Validation

This section explains the Evaluate, Verify, and Validate (EVV) process for the
COF teacher-student models. Evaluation refers to development-time diagnostics done by
the modeler based on stress-testing the fuzzy COF formulation and the Deep MLP student
on large synthetic and utility datasets, checking that each dimension (customers, traffic,
damage, priority customers, renewal complexity) moves in the expected direction and that
extreme scenarios behave sensibly. Verification then tests whether the student learner has
learned this mapping. We test fidelity to the fuzzy teacher across material-diameter co-
horts and check that the student preserves the intended ordering of COF bands and
dimensional trade-offs. Finally, Validation compares the verified student COF bands
against external benchmarks that matter in practice that are, incumbent utility COF
indices, structured feedback from asset-management staff and field crews, and ground-

truth COF bands reconstructed from detailed main-break reports.
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5.7.1.1 Development of Verification and Validation Dataset

The COF evaluation, verification, and validation experiments draw on a harmo-
nized multi-utility dataset assembled from 18 large and mid-size water systems across the
United States (anonymized as Utilities A-R). For each system we extracted pipe-segment
tables from the asset inventory and spatially joined the contextual drivers in a geospatial
database used by the fuzzy COF teacher (e.g., land use, proximity to critical customers,
road importance, redundancy). Service lines were excluded and all counts and diameters
refer to water mains only. After basic cleaning (ID harmonization, unit checks, removal
of obviously inactive records), the combined dataset contains approximately 2.7 million
pipe segments representing about 68,000 miles of mains on which the student and teacher

COF models can be evaluated.

Table 5-10 summarizes the participating utilities and the parts of their networks
included in the COF dataset. The utilities span a wide range of regional climates and
terrains ranging from sub-arctic (Utility L) and New England urban cores (Utility N)
through humid riverine and coastal plains (Utilities J, K, P) to semi-arid interior and
karst regions (Utilities B, O, R). Diameter mixes also vary. Distribution-dominated sys-

tems such as Utilities H, M, P have roughly half to two-thirds of their mains below 8",
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whereas regional wholesalers and conveyance-heavy systems such as Utilities B and G are
almost entirely >24" pipe. This diversity is deliberate. It lets the COF model be tested

under conditions ranging from small-diameter suburban grids to very large PCCP trans-

mission mains where per-pipe consequences are extreme.

Table 5-10: Participating utilities and COF dataset coverage (Indices anonymized as Utilities

A-R; diameters are main sizes, not services.)

Region & cli-

Approx. net-

Samples in

Diameter mix

Utility tok work length ~ COF dataset (=% <8" /8-  Notable features for COF modelling
mate
(miles)**  (pipe segments) 24" / >24")
Rapidly growing suburban system with dense
Utility Humid subtropical, o . . . X y%’ ,E" Y i
. 3,543 230,450 17/78/5 distribution grid and many pressure-reducing
A rolling topography . .
valves and inter-zone connections.
. Regional wholesale conveyance system domi-
. Semi-arid inland . y i
Utility . o nated by long, large-diameter PCCP transmis-
plains, hot sum- ~1,240 43,345 0/0/100 . L o .
B sion mains under mixed rock and expansive
mers
clays; very high per-pipe consequence.
Utilit Mid-Atlantic, High-consequence trunk mains near highways,
ili
C Y dense urban/subur- 5,957 194,123 23 /72 /5  extensive PCCP break history, and an aggres-
ban mix sive monitoring/condition assessment program.
Utilit Cool, wet climate Steep grades and landslide-prone slopes; legac,
v Look 4 2,099 129,361 41/57/2 b8 o prone slopes; fegacy
D with steep terrain CI trunk mains in older neighborhoods.
Utility Coastal/inland mix Mixed urban-suburban service, multiple
y Coastal/ 4,300 195,625 46 /52 /2 : L !
E with freeze-thaw sources, pockets of legacy AC in older suburbs.
Utility Coastal Mediterra- Seismic faults, steep hills, coastal corrosion,
. 4,190 188,242 49 /47 / 4 Co .
F nean climate large PCCP aqueducts feeding an urban grid.
High-capacity regional conveyance and long-
Utility Arid to semi-arid, . o o /G . s pacily res . . v . 5
. 830 43,345 5/13 /84 distance aqueducts with high static pressures;
G very high demands X .
- large share of >24" conveyance mains.
Continental inte-
Utilit Predominantly distribution mains with moder-
y rior, moderate re- 3,022 70,660 56 /40 /5 o .
H liof ate frost depth; mix of old CI and newer PVC.
ie
Utilit Cold, high-eleva- Large elevation differences, complex pressure
ili . ) o
I y tion mountain 5,509 248,826 32/67/0 zones, freeze-thaw and corrosive soils in pock-
front ets.
Utilit Warm coastal plain Shallow-buried mains, high groundwater table,
ili
y with high ground- 6,400 193,808 36 /60 /4 aggressive external corrosion, hurricane expo-

water
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Approx. net- Samples in Diameter mix
work length ~ COF dataset (=% <8" /8- Notable features for COF modelling
(miles)**  (pipe segments) 24" / >24")

Region & cli-
Utility eg“’:te*“
111,

Utility Humid riverine ba- Major river crossings, floodplain soils, and leg-

4,177 207,745 42 /55 /3
K sin ' ° /55 / acy CI in a historic downtown grid.
Utility Sub—;}r(:ti(t with 846 26,364 2 /718 C(.)ld—(',linm‘to system Vflith frost hofw.(‘,j rela-
L permafrost pockets tively young HDPE in new subdivisions.

Mixed coastal/in-

Utilit Fragmented service areas, diverse soil types,
Y land Mediterra- 5,927 57,667 48 /51 /1 & S > ) ° t() ypes
M L. pockets of legacy AC and CI.
nean-semi-arid
New England
Utility W Bugta o Very old CI/DI grid, deep utilities, heavy traf-
coastal, dense ur- 1,010 40,326 2/95/4 ) . .
N fic loads, and constrained renewal corridors.
ban core
Semi-arid, rapidly
Utilit : High devel t pace, me ent PVC ad-
y growing metropoli- 5,716 270,648 35/60/5 181 ¢ ev.e.r)pmen Px(e nllmy e <?n. A
(0] ditions, variable soil corrosivity.
tan area
Gulf-coast low-
Utility Soft, low-lying soils, flooding risk, large indus-
lands, very flat and 7,157 292,101 19/77/4 ' T ’ ' i
P 5, very ¢ Y ’ / / trial demands, extensive small-diameter PVC.
wet
Baydelta fringe
Utilit ’ ) ) , Mix of industrial and residential corridors, seis-
Y with Mediterranean 810 41,419 18 /80 /2 O e s ,( (S, ¢ (‘ COTHICOLS, 5els
Q . mic and liquefaction zones.
climate
Utility S(smi-uri(.l karst re- 5.675 932,399 32 /65 / 4 Karstic g'(',n?ugy'un(l sinkhi)lv risk, l.()ng trans-
R gion mission from well-fields to city.
Climates from sub-arctic to subtropical; flat
Total / ~68.000 2,706,454 ~0-56 / =13-95 and mountainous Ferrail%; high- and low-redun-
range ’ / =0-1001 dancy networks, including one wholesale sys-

tem dominated by very large PCCP.

*  Region and climate summarized at the system scale (not individual pressure  zones).
**  Approximate total length of water mains represented in the COF datasets; excludes service lines.
1 Lower end of the >24" range is =0 % in distribution-dominant systems and 100 % in the wholesale conveyance system
(Utility B).

Figure 5-7 shows the geographic distribution of these systems on a CONUS map,
with Alaska inset. Core validation utilities (A—C, D, F, N) are highlighted separately from
verification-only utilities. The core group are the systems for which we obtained additional

comparators like utility COF indices, structured expert-opinion forms, or detailed main-

break records, so they participate in both verification and the external validation tests
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that follow. The other utilities contribute primarily to the development of a geographically
distributed ML dataset. They broaden the range of climates, diameter categories, and
operating environments used to test whether the COF model behaves sensibly when ap-

plied outside the development utility.
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Figure 5-7: Anonymized locations of the 18 participating utilities (A-R) used in COF verifica-
tion, and validation. Orange markers denote utilities that participate in both verification and
validation (A-C, D, F, N); blue markers denote verification-only ulilities that broaden the range
of climates and network types in the student learner model dataset.

For the subsequent analyses, the combined dataset is used in three ways. First, the

full A-R data corpus underpins verification where we check basic distributional properties,
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confirm that high-risk combinations of drivers map to high COF bands across materials
and diameters, and ensure that outlier behaviors are not tied to a single utility. Second,
the core validation utilities (Utilities A-C and N) provide the paired COF indices needed
for model-to-utility comparisons and expert-agreement studies. Third, one of these sys-
tems (Utility N) also supplies the detailed main-break reports used to build an independ-

ent ground-truth COF dataset.

5.7.2 Evaluation of the Teacher Model

Before the COF model can be used as a teacher for student models or as a criterion
in multi-objective renewal planning, it must be evaluated to ensure it behaves as it was
supposed to. The fuzzy expert system is not a statistical fit to a single dataset. It encodes
expert knowledge, impact mechanisms, and proxy layers for social, environmental, oper-

ational, and renewal-complexity effects. The evaluation therefore asks three questions.

First task is to check representativeness and coverage. In this task, we check
whether the membership functions, rule base, and resulting COF surfaces cover the rele-
vant universe of discourse for each input, and do they map low-impact and high-impact
configurations to appropriately low and high COF indices. In the second task, we check

the model’s sensitivity and robustness to see if the model responds in a stable and
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monotone way to systematic perturbations of key drivers. The third task is about checking
alignment of the model results for heuristic common sense scenarios. In this task, we
check whether the model reproduces the expected outputs for trunk mains, ordinary dis-
tribution mains, and road/railway crossings when the model is exercised on impact motifs

derived from material-diameter distributions and replacement-cost baselines.

These three tasks parallel the evaluation strategy used in the LOF chapter, but
with a different emphasis. For COF, utilities rarely record full social or environmental
consequences, and even economic impacts are often only partially captured in work-order
systems. The COF teacher must therefore be judged primarily on whether it organizes
the available data and proxy layers into a disciplined, mechanism-consistent mapping,
not on a direct fit to observed impact time-series. Once this evaluation is in place, the
same framework is used to design verification tests for student models and to structure

the limited external validation against observed cost and disruption signals.

5.7.2.1 Representativeness and Coverage

The first evaluation step checks whether the fuzzy COF teacher model is repre-

sentative of the intended impact space and whether it provides full and coherent coverage

of each input’s universe of discourse. This is assessed visually through membership
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function ranges and numerically through extreme stress testing on the best, average, worst

scenarios on the combined teacher model.

Figure 5-8 shows four representative membership-function panels extracted from
the hard-coded fuzzy systems. Panel (a) displays the five output membership functions
for the overall Consequence of Failure index, from Very Low to Very High on the 0-5
universe of discourse. Panels (b)—(d) show inputs that sit in different parts of the COF
framework like Ground Cover in the Renewal Complexity module, and Time to Shutdown
and Static Pressure in the Operational Impact module. In each panel, low-impact func-
tions occupy the left side of the axis and are drawn in green, intermediate functions are
shown in yellow or light green, and high-impact functions occupy the right side in orange

and red.
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Figure 5-8: Representative membership functions in the COF teacher model (a) Overall Conse-
quence of Failure output bands (Very Low to Very High). (b) Ground Cover input in the Re-
newal Complexity module (open space, roads and railways, buildings and/or water surface). (c)
Time to Shutdown input in the Operational Impact module (low, moderate, high). (d) Static
Pressure input in the Operational Impact module (low, medium, high). Each set of fuzzy sets
spans the full universe of discourse with smooth overlaps, from low-impact (green) to high-im-
pact (red) regions.

The fuzzy teacher model is subjected to the best—average-worst experiment to test

coverage at the system level. For each fuzzy module, representative “best”, “average”,

and “worst” input settings are constructed by locating the peak of the lowest, middle, and

highest membership functions for every input variable. These settings approximate con-

figurations in which all drivers are simultaneously favorable, typical, or unfavorable. Each
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configuration is propagated through the five dimension-level fuzzy systems (Economic,
Environmental, Social, Operational, Renewal Complexity) and then through the overall
COF system. The resulting indices, shown in Figure 5-9 as grouped bars across the six
outputs, are therefore direct model predictions for those three synthetic scenarios. The
expected results are strict. The best scenario should yield the lowest indices across all
dimensions and the overall COF, the worst scenario should yield the highest indices, and

the average scenario should fall between them.
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Figure 5-9: Teacher COF response to best, average, and worst input scenarios, showing normal-
ized 0-5 index values for the five consequence dimensions and the overall COF. Green, yellow,
and orange bars correspond to favorable, typical, and unfavorable input settings defined from the

peaks of the membership functions in each fuzzy module.
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Results: The membership-function panels in Figure 5-8 demonstrate that the
teacher model provides full and interpretable coverage of the input and output spaces.
The overall COF output partition in panel (a) spans the entire 0-5 universe of discourse
(the range of possible values), with every point having non-zero membership in at least
one band and with smooth overlaps between Very Low, Low, Medium, High, and Very
High. This construction prevents artificial discontinuities in the index when a small change
in inputs moves a segment across a band threshold. The Ground Cover functions in panel
(b) encode the qualitative judgement that open space is associated with low renewal com-
plexity, corridors dominated by roads and railways with intermediate complexity, and
pipes under buildings or water surfaces with the highest complexity; the overlapping
shapes ensure gradual rather than abrupt transitions between these contexts. The Time
to Shutdown and Static Pressure functions in panels (c) and (d) illustrate the asymmetric
treatment of benign versus hazardous regimes: short isolation times and low pressures
retain high membership in the “Low impact” sets, while long isolation times and very
high pressures transition smoothly into “High impact” sets. Similar visual checks were
performed for all remaining inputs (presented in Appendix D), confirming that each var-
iable’s universe of discourse is covered without gaps and that the fuzzy sets reflect plau-

sible engineering judgements about consequence drivers.
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Figure 5-9 complements these local checks with a system-level coverage test using
best—average-worst scenarios. When all COF-increasing drivers are set to favorable val-
ues, the teacher model yields consistently low indices across all five consequence dimen-
sions and the overall COF (green bars clustered near zero). When they are set to unfa-
vorable values, the model produces indices near the top of the 0-5 scale (orange bars),
and the average configuration lies in the mid-range (yellow bars). The strict ordering of
these three scenarios across every dimension shows that the fuzzy teacher covers both
low-impact and high-impact corners of the multidimensional input space and maps them
to well-separated regions of the COF scale, rather than collapsing them into a narrow
intermediate band. This behavior supports the claim that the teacher model is a coherent,
monotonic mapping from impact drivers to a 0-5 COF index, suitable both as a training
signal for student models and as a foundation for the scenario-based evaluations in the

next subsections.

5.7.2.2 Sensitivity and Robustness

This subsection evaluates how robust the COF teacher model is to changes in its

inputs and whether the most influential drivers match engineering expectations. Two

complementary approaches are used. First, we visually examine response surfaces from
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the fuzzy inference system to verify that the combined rules and membership functions
produce sensible, smooth behavior over the input space. Second, we apply a global vari-
ance-based sensitivity analysis (Sobol method) to quantify how uncertainty in each input
contributes to uncertainty in the COF outputs, including interactions between parame-

ters.

Surface-plot inspection

For each module, two-dimensional response surfaces were generated by sweeping a
pair of inputs across their full universe of discourse while holding all other inputs at
neutral “medium” settings. Figure 5-10 collects six representative surfaces, one per module
for economic impact (a), social impact (b), renewal-complexity (c), environmental impact
(d), operational impact (e), and the overall COF roll-up (f). Each surface shows the pre-
dicted impact index on the vertical axis, with a color scale repeating the same values for

easier reading.
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Figure 5-10: Representative response surfaces from the COF teacher model. Panels (a—e) show
FEconomic, Social, Renewal-Complexity, Environmental, and Operational impact indices as func-
tions of key driver pairs; panel (f) shows the overall COF index as a function of Economic and
Social impact indices. Surfaces rise smoothly from low-impact to high-impact regions in directions
conststent with engineering expectations.

In the Economic module (Figure 5-10 a), the surface rises from the low-cost corner
toward high economic impact as both direct renewal cost and cost of legal issues increase
and then flattens into a high-impact plateau. This reflects the expert judgement that once
a failure exposes the utility to very high direct and secondary financial losses, the economic
consequence should be consistently “High” or “Very High” rather than oscillating with
small cost variations. The Social module surface (Figure 5-10 b) shows a similar pattern
where combinations of low road-and-rail traffic flow impact and low property damage lie

on a lower social-impact shelf, whereas high traffic disruption and high property damage
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push the social index rapidly into the upper bands and then saturate. This is consistent
with the idea that heavily trafficked corridors and dense built environments dominate
social consequences. The Renewal-Complexity surface (Figure 5-10 ¢) combines ground
cover and depth of pipe. Shallow pipes in open or lightly built areas occupy the lowest
complexity region, while deeper pipes under buildings or water surfaces move into steeply
rising ridges and then a high-complexity plateau. This captures both access difficulty and
shoring/permits complexity. In the Environmental module (Figure 5-10 d), environmental
impact increases as both the cost of impact on surface water/wetlands and the potential
for landslides increase. Segments with negligible aquatic exposure and low landslide po-
tential lie near the baseline, whereas segments that can contaminate sensitive receptors
or destabilize slopes are mapped to higher environmental indices. The Operational module
surface (Figure 5-10 e) varies static pressure against time-to-shutdown. Low pressure and
short isolation times are mapped to low operational impact, while combinations of very
high pressure and long shutdown times produce a pronounced high-impact plateau, re-
flecting both increased water loss and operational difficulty. Finally, the overall COF
surface (Figure 5-10 f) shows how the Economic and Social dimension indices interact in
the second-layer fuzzy system. Low-low combinations sit near the base of the COF scale;

high economic or social scores produce mid-range COF; and simultaneous high Economic
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and Social scores drive the surface into the upper COF bands associated with Major and

Catastrophic consequence.

Across all six panels, we checked three properties by inspection: (i) monotonic
trends in the expected directions (e.g., higher costs or risks never reduce the corresponding
impact index); (ii) smooth transitions without artificial cliffs where small input changes
cause large discontinuities; and (iii) plausible interaction patterns, such as redundancy or
shallow depth moderating otherwise severe conditions. Where any surface suggested non-
monotonic or counter-intuitive behavior, the underlying rules or membership functions

were revisited and, if needed, adjusted.
Global variance-based sensitivity analysis

To complement these visual checks, a global variance-based sensitivity analysis
(Sobol method) was used to quantify how much each input contributes to output varia-
bility in the COF teacher model (Saltelli 2002; Sobol' 1990). The Sobol framework de-
composes the variance of a model output Y into contributions from individual inputs and

their interactions. The first-order sensitivity index for input X; is

§ =
LT Var(Y)

(5)
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where V;is the portion of output variance attributable to X; alone and Var(Y) is the
total output variance. Higher-order indices S;j, S, ... capture interaction effects between
two or more inputs, but their number grows as 2% — 1 for dinputs and quickly becomes

impractical (Gan et al. 2014).

Instead of estimating all interaction terms explicitly, this study uses the total-order
sensitivity index Sr;, which measures the combined contribution of input X; and all its

interactions of any order (Homma and Saltelli 1996):

By, (Var,(Y1X.))

Spi =
T Var(Y)

(6)

where X_;denotes all inputs except X;. Intuitively, Sy; answers the question “If I
could fix X;, how much would the overall output variance be reduced?” Input samples
were generated using Saltelli’s extension of Sobol sampling, which efficiently estimates
both first order and total-order indices from the same experimental design. For each mod-
ule (Economic, Environmental, Social, Operational, Renewal-Complexity) and for the
overall COF system, we treated the normalized input ranges as uncertain and drew n(2k +
2) model evaluations, where kis the number of inputs to that module and n is the number

of base samples required for stable estimation. For each index, 95% confidence intervals
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were computed using replicate estimates across randomized sample blocks. Environmen-

tal-module indices are not reported because the standard Sobol implementation requires

at least three inputs; that module currently has only two.

The resulting total-order indices for the most influential parameters are summa-

rized in Table 5-11. At the module level, these indices indicate which variables most

strongly control each dimension-level COF index and at the system level, they identify

which dimension scores most strongly drive the overall COF.

Table 5-11: Sensitivity Indices for Influential Parameters (Vishwakarma € Sinha 2023)

Module Influential Parameters SIt Module Output
Direct Cost of Renewal 0.02
Economic Impact Cost of Legal Issues 0.05
Cost of Lost Water 0.001
Environmental Cost of Impact to Surface Water and/or Surroundings NA*
Impact Potential for Landslides NA*
Ground Cover 0.06
Renewal Com- Depth 0.001
plexity Quality of Utility Record 0.02
Availability of Spare Parts 0.001
Customer Service Disruption 0.05
. Road and Rail Traffic Flow Impact 0.002
Social Impact .
Water Quality Impact 0.01
Cost of Property Damage 0.001
Redundancy Level 0.06
Financial Consequence 0.02
o tional Workforce Availability 0.001
bera 1o.na. Fire Flow Impact 0.001
Characteristics .
Static Pressure 0.001
Diameter 0.001
Time to Shutdown 0.001
Economic Impact 0.05
Consequence of .
. Environmental Impact 0.001
Failure
Social Impact 0.02
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Operational Characteristics 0.001
Renewal Complexity 0.001

*Module sensitivity could not be calculated because methodology requires a minimum of 3 parameters. SIt
represents the total order sensitivity index.

Results: Taken together, the surface plots and Sobol indices indicate that the
COF teacher model is both behaviorally plausible and reasonably robust. The surfaces in
Figure 5-10 show that outputs change smoothly and monotonically in response to key
drivers. Economic impact increases with higher direct and legal costs. Social impact rises
with increasing traffic disruption and property damage. Renewal complexity grows with
depth and constrained ground cover. Environmental impact increases with greater expo-
sure of surface waters and landslide potential and operational impact worsens for combi-
nations of high static pressure and long shutdown times. The overall COF surface responds

most strongly when both Economic and Social dimension scores are high, as expected.

The sensitivity indices in Table 5-11 refine this picture by quantifying which inputs
matter most. Within the Economic module, cost of legal issues and direct cost of renewal
exhibit the highest total-order indices, consistent with the idea that large direct and sec-
ondary financial exposures dominate economic consequences. In the Renewal-Complexity
module, ground cover and quality of utility records are more influential than depth alone,

reflecting the fact that working under buildings or water surfaces and in poorly
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documented corridors drives a disproportionate share of complexity. In the Social module,

customer service disruption and traffic flow impact are key, aligning with expectations

that loss of service to dense or critical customers and major traffic corridors dominates

social consequences. For the Operational module, redundancy level and financial conse-

quence stand out, indicating that both network topology and the economic stakes of out-

ages strongly shape operational impact. At the overall COF level, the Economic and Social

dimension indices have the largest total-order sensitivity, confirming that these two di-

mensions are the primary levers of consequence in the current formulation.

Importantly, no single parameter or module displays a sensitivity index approach-

ing one, and several inputs have small but non-zero indices. This pattern suggests a model

in which consequences are driven by a combination of factors rather than by a single

extreme driver, and in which moderate changes in any one parameter do not cause unsta-

ble jumps in COF. The teacher model is therefore suitable as a reference for student

models and for subsequent robustness experiments where it encodes a multi-dimensional,

interaction-aware mapping from impact drivers to a 0-5 COF index while remaining sta-

ble under global perturbations of its inputs.
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5.7.2.3 Scenario Alisnment

The final evaluation step for the COF teacher model is a scenario-alignment test.
The aim is to check face validity of the teacher model. This test checks the direction and
magnitude of the model predictions when we pass consequence scenarios that every expe-
rienced operator would recognize as “catastrophic” or “minor”. Following the approach
used for the LOF model, we assemble a compact set of heuristic scenarios drawn from
literature, utility incident reports, and structured interviews. Each scenario combines the
main COF dimensions in an interpretable way. Examples include a high-cost urban trunk
main rupture, a spill into an environmentally sensitive wetland, and a prolonged outage

near a critical facility.

For each scenario, we first express the narrative in terms of the COF input varia-
bles. For instance, the “high-cost urban main rupture” is translated into very high direct
renewal cost, high cost of legal issues, high cost of lost water, severe customer service
disruption, severe traffic impact, and high renewal complexity due to location under a
major road. The resulting input vector is then scored by the five dimension-level fuzzy
systems (Economic, Environmental, Social, Operational, Renewal Complexity) and by the

overall COF system. We record the continuous COF index on the 0-5 scale, the
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corresponding linguistic band (Insignificant to Catastrophic), and the qualitative rationale

in terms of which rules fire most strongly and why.

Alignment is evaluated along three axes to check “directional accuracy” (Kohavi
and Thomke 2017). First, the predicted COF band should match the common knowledge
expectation for that scenario (for example, “Catastrophic” for a high-cost urban trunk
main failure, “Minor” for a short repair of a small pipe with limited impact). Second, the
direction relative to a baseline case should be correct. The baseline is a typical 824 in
distribution main in a mixed residential-commercial corridor with moderate cost, limited
traffic disruption, and no special environmental sensitivity, which maps to a Moderate
COF around 2.5. Scenarios that are clearly worse than this baseline should move the
index upward, while clearly less severe scenarios should move it downward. Third, the
distance on the 0-5 scale should be reasonable. Materially different situations should differ
by a visible margin (for example, at least 0.5-1.0 units), not by a few hundredths of a
point. The full set of COF scenarios, their model-predicted indices and bands, and their
qualitative classification relative to the baseline are shown in Figure 5-11 and with details

in Table 5-12.
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Any misalignment triggers a trace-back exercise. We inspect the active rules, and
membership supports that dominate the score, check the consistency of units and ranges,
and revisit thresholds or overlaps if needed. Edits are limited to coherent shifts of mem-
bership support and/or rule consequents. This ensures that improvements made to fix one

scenario do not create unintended distortions elsewhere in the input space.

Predicted Consequence of Failure (COF) by Scenario

High-Cost Urban Main Rupture 152
Deteriorated pipe under Heavy Traffic 151
Load

Prolonged Service Distuption near
Critical Facility

Cost of Renewal (>36" pipe)

36" Pipe Break at Peak Demand, Minimal
Redundancy

Spill in Environmentally Sensitive Zone

Clost of Renewal (16™-36" pipe)

Outage Tmpact of >24" pipe with
redundancies

Baseline Scenario (8-24 i main, mixed
area)

Traffic Impact (20-50ft from road)
COF Band

N Catastrophic
B Major

Moderate
B inor

Cost of Renewal (<16" pipe) 134

0 1 2 3 4 5
Predicted COF Score (1-3)

Figure 5-11: Predicted Consequence of Failure (COF) scores for 11 heuristically chosen scenarios,
compared against a baseline COF of 2.5 (Moderate). Scores are color-coded by severity band.
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Results: Across the curated COF scenarios in Table 5-12, the teacher model be-
haves in a directionally consistent way. High-stakes events such as a high-cost urban main
rupture, a prolonged outage at a critical facility, or a 36 in trunk-main break at peak
demand produce COF indices in the upper part of the scale (for example, 4.29-4.52) and
are classified as Catastrophic, as expected. Scenarios dominated by environmental expo-
sure, such as a spill into a protected wetland, fall in the Major range (for example, 3.39)
with Environmental and Social dimensions driving the score. Lower-impact scenarios, such
as renewal of a small-diameter pipe with modest cost or traffic disruption, land in the
Minor or lower-Major bands (for example, indices around 1.3-3.2), below the baseline
Moderate case. In all cases, shifts in linguistic severity correspond to monotonic shifts in
the predicted COF index that is, scenarios that are clearly worse than the baseline move
upward on the 0-5 scale, while milder cases move downward. No tensions were found
between expert expectation and model output. Overall, the scenario-alignment exercise
supports the face validity of the COF teacher model and provides a set of transparent
test cases that will later be reused when evaluating student models and cross-utility ap-

plications.
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Table 5-12: Consequence of Failure (COF) Analysis of Theoretical Scenarios. Scenarios are
scored against a 1-5 index, with directionality indicating whether the consequence is higher or
lower relative to the COF=2.5 baseline.

S 0D inti Predicted COF Direction vs
cenario Description
P COF (0-5) Band baseline (~2.5)
High-Cost Urban Main Rupture: Major break in densely pop- Cat
Jata-
ulated area. Repair cost >$500k, water loss >20,000 gal/hr, and 4.52 trophi Higher (1)
strophic
>100 customers lose supply. !
Spill in Environmentally Sensitive Zone: Medium-diameter
main leaks into protected wetland/habitat. Triggers substantial 3.39 Major Higher (1)
cleanup costs and environmental fines.
Prolonged Service Disruption near Critical Facility: Failure Cat
ata-
affecting hospital /industry. Outage >24 hours affecting >5,000 4.46 trophi Higher (1)
strophic
critical customers. P
Deteriorated pipe under Heavy Traffic Load: Pipe under Cat
Jata-
major highway. Repair complicated by lane closures; elevated so- 4.51 trophi Higher (1)
strophic

cial cost from traffic disruption.
36” Pipe Break at Peak Demand, Minimal Redundancy: Cat
ata-
Occurs during heat wave/festival. No quick reroute, water losses 4.29 Higher (1)

strophic
>$300k, outage >12 hours.

Outage Impact (hours or customer count) of >24” pipe with re-

. 3.21 Major Higher (1)
dundancies.
Baseline Scenario: A typical 8 24 in distribution main in a Mod
oder-
mixed residential-commercial corridor with moderate cost, limited 2.50 ; Near baseline ()
ate
traffic disruption, and no special environmental sensitivity. ‘
Traffic Impact (hours of road closure) for a pipe failure 20-50ft
p ( . ) b N 1.51 Minor Lower (1)
away from a road.
Cost of Renewal for fixing the failure of <16” pipe (~$20,000). 1.34 Minor Lower ()
Cost of Renewal for fixing the failure of 16”-36” pipe
N 3.22 Major Higher
(~$70,000). 1o gher (1)
e - o Cata- .
Cost of Renewal for fixing the failure of >36" pipe (~$800,000). 4.45 troohi Higher (1)
strophic
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5.7.3 Verification: Supervised Training of Student Models on Fuzzy COF

Teacher I/0

This section verifies that a student machine learning model can faithfully reproduce
the mapping implemented by the hierarchical fuzzy teacher for COF. In earlier subsec-
tions, we evaluated the internal logic of the fuzzy COF system itself (membership func-
tions, rule bases, sensitivity checks, and scenario stress tests). Here, the question is differ-
ent. Given only the teacher’s input—output pairs, can a neural network learn to predict
the same COF band that the fuzzy system would assign? This verification is a prerequisite
for later validation against external utility evidence, because it ensures that any differences
we observe in those experiments are due to real disagreement between the teacher and

the world, not an artefact of a poorly trained student.

5.7.3.1 Training data and prediction task

We assembled a pooled COF dataset at the pipe-segment level from multiple large
U.S. water utilities. For confidentiality, all systems are anonymized as Utilities A—Q,
spanning both wholesale and retail providers across multiple states and climate zones.

Together, these systems contribute approximately 2.7 million labelled segments (N =
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2,706,454). Per-utility sample counts and fractions of the total are summarized in Table

5-10.

For each pipe segment, the fuzzy COF teacher outputs a small, structured feature
vector and label. The inputs consist of five dimension-level COF indices. These include
Economic Impact, Environmental Impact, Social Impact, Operational Impact, and Re-
newal Complexity and each are expressed as a continuous score on a 0-5 scale. From
these, the teacher computes an overall COF index and assigns a corresponding discrete
COF band in {0,1,2,3,4}, where 0 denotes Insignificant, 1 Minor, 2 Moderate, 3 Major,

and 4 Catastrophic consequences.

Verification is framed as a supervised multi-class classification problem. The input
to the student is the 5-dimensional vector (Ecer,Encer,Scer,Ocor,Reor) and the target is the
overall COF band chosen by the teacher. This setup matches how utilities act on COF
that is, for renewal planning they work with discrete consequence bands rather than raw

continuous scores.

5.7.3.2 Candidate student architecture and training protocol

To avoid over-committing to a single modelling choice, we first conduct a screening

experiment across six standard supervised learners that span linear, tree-based, and neural
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architectures. The candidate models are a multinomial Logistic Regression (LR), an RBF-
kernel Support Vector Machine (SVM), a Random Forest (RF), an XGBoost Gradient-
Boosted tree model (XGB), a shallow three-layer Multi-Layer Perceptron (MLP), and a
deeper five-layer MLP that will ultimately serve as the student architecture used through-
out. Logistic regression provides the simplest linear baseline with softmax outputs and
transparent coefficients. The SVM offers a margin-based nonlinear classifier capable of
representing smooth decision boundaries in the five-dimensional COF space. Random for-
ests bring robustness through ensembles of decision trees and handle basic feature inter-
actions. XGBoost represents the current strong baseline for tabular data with complex
nonlinearities. The two neural networks extend this spectrum by allowing richly nonlinear
combinations of the five COF dimensions, with the shallow and deep variants differing in

depth and representational capacity.

Both MLPs follow the same design pattern in their hidden layers with a linear
transformation, followed by a normalization layer, a Rectified Linear Unit (ReLU) acti-
vation, and optional dropout. ReLLU is a standard activation function that keeps gradients
in check by zeroing negative inputs while leaving positive activations unchanged. Dropout

randomly silences a small fraction of hidden units (here roughly 8%) during training and
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this forces the network to avoid relying on any single pathway and reduces overfitting.
For typical batch sizes we use Batch Normalization, which rescales and recenters activa-
tions within each mini-batch, while Layer Normalization is reserved for any very small-
batch settings. All network parameters are optimized with AdamW, an adaptive variant
of stochastic gradient descent that combines per-parameter learning rates with weight
decay, i.e., a small L2 penalty that discourages excessively large weights. As in the LOF
work, training is stabilized by a coherent package of techniques with label smoothing of
2-4% to prevent the model from becoming over-confident at band boundaries, gradient-
norm clipping to limit extreme parameter updates, and an exponential moving average of

the weights to produce smoother and more stable decision surfaces.

For the screening stage we check the performance metrics of all the selected algo-
rithms on the entire training dataset. Once the Deep MLP emerges as the most accurate
and well-behaved candidate, we retrain this selected student on the full teacher-labelled
dataset (N = 2,706,454) so that it can exploit all available information before any external

validation. Performance across the six models on this full training set is summarized in

Table 5-13.
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Table 5-13: Screening performance of candidate CoF student models (training set, N =

2,706,454)

Model Accuracy Macro-Precision Macro-Recall Macro-F1
Logistic Regression (LR) 0.86 0.83 0.86 0.84
RBF-kernel SVM (SVM) 0.88 0.85 0.88 0.86
Random Forest (RF) 0.90 0.87 0.90 0.89
XGBoost (XGB) 0.92 0.89 0.92 0.90
Shallow MLP (3-layer) 0.91 0.88 0.91 0.90
Deep MLP (5-layer, selected)  0.94 0.92 0.94 0.93

We report accuracy, defined as the fraction of segments for which the predicted
band matches the teacher, and three macro-averaged metrics, namely macro-precision,
macro-recall, and macro-F1. For each band separately, we compute precision (how cleanly
the model predicts that band), recall (how completely it recovers that band), and F1 (the
harmonic mean of precision and recall). We then average these scores over the five bands,
so that rare high-consequence bands influence the evaluation as much as common low-
consequence bands. With this dataset, logistic regression reaches an accuracy of 0.86 with
macro-F'1 of 0.84 (macro-precision 0.83, macro-recall 0.86). The SVM improves these val-
ues to (.88 accuracy and 0.86 macro-F1. Random Forest reaches 0.90 accuracy and 0.89
macro-F1, while the shallow three-layer MLLP achieves 0.91 accuracy and 0.90 macro-F1.

XGBoost attains 0.92 accuracy with macro-F1 of 0.90. The five-layer Deep MLP achieves
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the best performance, with 0.94 accuracy, 0.92 macro-precision, 0.94 macro-recall, and
0.93 macro-F1, indicating that it captures subtle nonlinear interactions among the five

COF dimensions while remaining compact enough for deployment.

To probe generalization beyond the empirical teacher dataset, we also construct a
synthetic COF test set of 1,000 samples, with 200 cases in each of the five COF bands.
These synthetic examples are designed to cover the five-dimensional COF input space
more uniformly and to concentrate on band boundaries, which are the most challenging
parts of the decision surface, following the same spirit as the boundary-focused synthetic
testing used for LOF in Chapter 4 (see Table 4-8). Only the Deep MLP is evaluated on
this synthetic set, since it is the chosen student model. On this test the network achieves
an accuracy of 0.86, with macro-precision 0.87, macro-recall 0.86, and macro-F1 0.86. The
reduction relative to the training metrics is consistent with the deliberately more difficult,
boundary-focused nature of the synthetic test and indicates that the student retains high
fidelity to the fuzzy teacher even away from the exact empirical distribution of the original

utility data.
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Table 5-14: Performance comparison of the screened Deep MLP COF student in training vs

testing
Split Accuracy Macro-Precision Macro-Recall Macro-F1
Training (N = 2,706,454) 0.94 0.92 0.94 0.93
Synthetic test (N = 1,000)  0.86 0.87 0.86 0.86

5.7.3.3 Confusion-matrix diagnostics

Scalar summary metrics are useful, but they do not show where errors occur. For
decision support in utilities, an occasional confusion between, say, “Moderate” and “Ma-
jor” COF is tolerable, whereas confusing “Insignificant” with “Catastrophic” would be
unacceptable. To make this pattern visible, we examine confusion matrices for all models.
A confusion matrix is a two-dimensional table where rows correspond to true bands (the
teacher’s labels) and columns to predicted bands. Entry (i,j) contains the number of
segments whose true band is i but are predicted as band j. We row-normalize each matrix
so that, in addition to the raw count, each cell also reports the percentage of segments in

that true band that are assigned to each predicted band.

Figure 5-12 shows a panel of six training confusion matrices, one for each candidate

model (logistic regression, SVM, random forest, XGBoost, shallow MLP, and Deep MLP).
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All matrices share the same color scale, so diagonal dominance and residual error structure

can be compared visually.

Logistic Regression (LR) - Training confusion matrix RBF-kernel SVM (SVM) - Training confusion matrix Random Forest (RF) - Training confusion matrix
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Figure 5-12: Panel of siz training confusion matrices, one for each candidate model (LR, SVM,
RF, XGB, Shallow MLP, Deep MLP). All matrices share the same color scale, so diagonal

dominance and residual error structure can be compared visually

Across models, the main diagonal is clearly dominant and consistent with the met-
rics in Table 5-13, overall accuracies range from 0.86 for logistic regression to 0.94 for the
Deep MLP, and in each panel the bulk of the mass lies in the diagonal cells. Off-diagonal
mass is heavily concentrated in adjacent bands (for example, true band 2 assigned to band
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1 or 3). These correspond to borderline cases where the five dimension-level scores lie near
fuzzy rule thresholds and the teacher’s band assignment is itself somewhat fragile. Only
logistic regression and random forest show very rare long-range errors (three- to four-band
separations), and these counts are vanishingly small relative to the diagonal. This behav-
ior is consistent with the limited expressiveness of linear and axis-aligned-tree models
when forced to compress the five-dimensional fuzzy mapping into a small number of
bands. By contrast, the Deep MLP panel is the most sharply diagonal, with negligible
mass beyond one-band separations, which visually reinforces its selection as the student

model.

To assess how the selected student behaves on inputs that were not seen during
training, Figure 5-13 shows the confusion matrix for the Deep MLP on the 1,000-sample

synthetic test set, where each true COF band has exactly 200 test samples.
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Deep MLP (5-layer, selected) - Synthetic-test confusion matrix
(N=1,000, Acc=0.86, Macro-F1=0.86)
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Figure 5-13: Confusion matriz for MLP Deep Testing based on 1000 sample synthetic data

The matrix remains strongly diagonal, with an overall accuracy of 0.86. The re-
maining misclassifications are dominated by one-band confusions at decision boundaries,
and macro-precision (0.87), macro-recall (0.86), and macro-F1 (0.86) remain high. This
pattern indicates that, even when challenged with deliberately boundary-focused synthetic
cases that differ from the empirical distribution of the teacher data, the student’s errors

are mostly near-miss disagreements rather than catastrophic long-range failures.
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5.7.3.4 Results summary

Taken together, these experiments show that the fuzzy COF teacher can be reliably
distilled into a compact Deep MLP student. On the full 2.7-million-segment training set,
the Deep MLP achieves an accuracy of 0.94, macro-precision of 0.92, macro-recall of 0.94,
and macro-F1 of 0.93, outperforming all other candidate models by multiple percentage
points in macro-F1 while still preserving high scores for rare high-consequence bands. On
the synthetic test set, which contains 1,000 deliberately boundary-focused cases (200 per
COF band), the same network achieves an accuracy of 0.86, with macro-precision 0.87,
macro-recall 0.86, and macro-F1 0.86. This reduction relative to the training metrics is
reasonable for a more challenging evaluation and shows that the student remains well
calibrated in the difficult regions of the decision surface. In both training and test confu-
sion matrices the mass is strongly concentrated on the main diagonal, and nearly all
residual errors are adjacent-band confusions rather than catastrophic long-range failures,
a pattern that is consistent with intrinsic uncertainty in borderline cases and with the
finite granularity of the 0-4 COF banding. These results mirror the LOF verification and
demonstrate that a relatively small, well-regularized Deep MLP can learn the teacher’s

mapping to high fidelity and retain that fidelity on new inputs. This justifies using the
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Deep MLP as the operational COF student in later chapters, where it will be evaluated

against external inspection data and embedded within portfolio-level renewal optimization

because the student reproduces the fuzzy teacher so closely at the band level, any dis-

crepancies in those downstream experiments can be interpreted as differences between the

fuzzy theory of consequence and real-world evidence, rather than as weaknesses in the

learning apparatus itself.

5.7.4 Validation of the Student COF Models

This section tests whether the student COF models behave sensibly outside their

development environment. Up to this point the chapter has focused on internal con-

sistency checks for the fuzzy “teacher” and the MLP “student” for example, monotonic

responses to larger outages and more disruptive closures, and stability under noisy inputs.

Validation here means asking whether the student’s banded COF outputs are compatible

with existing utility practice, with expert judgement, and with documented main-break

consequences.

We use three complementary lenses. First, we compare the student’s COF index

to incumbent utility consequence or criticality scores in three systems, treating those

indices as structured comparators rather than ground truth. This reveals where the
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proposed formulation aligns with current practice and where scale or asset-mix differences
create systematic offsets. Second, we elicit agreement or disagreement from asset managers
and field crews on anonymized consequence scenarios to check whether the COF bands
are intelligible and acceptable for planning use. Third, we carry out a ground-truth ex-
periment for a New England utility, comparing student COF bands to consequences re-
constructed from detailed main-break reports. Together, these three steps provide a hor-
izontal view (agreement with utility models and expert opinion) and a vertical view (align-
ment with realized impacts) of how well the student COF models capture real-world

consequence severity.

5.7.4.1 Comparison with Utility Models

Before turning to expert elicitation and main-break ground truth, we first compare

the student COF index with each participating utility’s incumbent consequence index.

The aim is diagnostic rather than evaluative that is, we want to see whether the proposed

COF formulation is broadly compatible with how utilities currently score consequence,

and to identify systematic pockets of disagreement that deserve closer scrutiny in the later

validation steps.
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For three utilities (A—C), we harmonize pipe IDs and basic metadata, align score
directions so that all indices lie on a common 0-5 “higher = worse consequence” scale,
and then compare the student COF index (COF_ML) to each utility’s COF index
(COFutitity). As in the LOF chapter, we summarize agreement with two simple quantities

that are easy to interpret on an ordinal (ranked) scale:

e Rank agreement (Spearman p) — measures whether the two indices tend to order pipes
similarly (p = 1 would be perfect rank agreement; p = 0 indicates no monotone rela-
tion).

e Typical difference (median |A|) — the median absolute gap |A| on the 0-5 scale, where
A = COFyr. — COFvuiy. We also report the large-gap rate, the share of segments with

|A|>2, which flags where the two indices disagree by more than roughly two bands.

Figure 5-14 shows scatterplots of COFur, versus COFviny for Utilities A-C, with
points colored by diameter class (<8 in, 824 in, >24 in) and a 1:1 reference line. Table

5-15 summarizes the numeric agreement metrics.
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Utility A (n=230449, p=0.21, median|A|=0.34)  Utility B (n=1221, p=0.04, median|A|=2.02)  Utility C (n=152340, p=0.10, median|A|=0.33)
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Figure 5-14: COF scatterplots by utility. Utilities A and C are tightly clustered around the diag-
onal with small gaps, while Utility B shows a horizontal spread of utility scores at almost con-

stant model score, consistent with a wholesale, high-diameter portfolio.

Across Utilities A and C, the student COF index is largely compatible with incum-
bent practice. Utility A (n = 230,000) shows a modest but clearly positive rank agreement
(p = 0.21) with small calibration gaps (median |A| = 0.34) and a large-gap rate of only
~3.4%. Utility C (n = 152,000) shows a similar pattern: p = 0.10, median |A| = 0.33, and
a large-gap rate below 3%. In both panels, the point clouds are centered around the 1:1
line and nearly all bands fall within £2 units. These results indicate that, once scores are
mapped to a common 0-5 scale, the student model and the utilities’ COF formulations
are using broadly comparable notions of consequence, with only modest differences in how

individual bands are calibrated.
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Table 5-15: Utility—model COF agreement. (Indices on 0-5; higher = worse. A = COF_ML —
COF(M[M}/-)

Util- . Samples Spearman p (rank  Median Large-gap rate
ity Role / asset mix " agreement) Al (Al > 2)
A Retail utility; m1xedacllslameters and materi- 230,449 021 034 3.49%
B Wholesale pr0v1d‘er; PCC”P transmission 1221 0.04 202 69.3%
mains >72
C Large retail/regional utility; mixed diame- 152,340 0.10 033 2 7%

ters and materials

Utility B behaves very differently, and the pattern is informative rather than
alarming. Here the agreement statistics show almost no rank correlation (p = 0.04, p =
0.14), a large typical gap (median |A|] = 2.0), and an extremely high large-gap rate
(=69%). The scatterplot clarifies why. Utility B is a wholesale provider whose dataset for
this comparison consists almost entirely of very large-diameter PCCP transmission mains
(all >72"). Their incumbent COF index must therefore spread scores across 0-5 within a
very narrow, uniformly high-consequence asset class, in order to prioritize among trunk
mains that are all critical by design. By contrast, the proposed COF model is calibrated
at the system scale, across the full mix of diameters and service roles. In that system-wide
framing, long-diameter transmission PCCP segments sit near the top of the consequence
spectrum almost by definition that is, failures can drain large volumes, disrupt down-

stream deliveries, and are expensive to repair. The fuzzy COF teacher and the student

338



MLP thus tend to assign these pipes to bands 4-5 with little variation, effectively saying

“these are all catastrophic or near-catastrophic,”

while the utility’s index continues to
differentiate them internally. The result is a spread of utility scores across the horizontal
axis and a tight cluster of model scores near the upper end of the vertical axis, producing

large |A| and low p even though both parties agree that this cohort is uniformly high

consequence.

We treat this divergence as a scale-and-scope issue, not a model failure. Utility B’s
incumbent index is answering a more local question: “among already-critical transmission
mains, which ones should we worry about most?” The student COF learner answers a
broader question: “relative to the whole system, how bad are the consequences if this
segment fails?” For the wholesale-only, >72" PCCP portfolio, the answer is simply “al-
most always very bad,” and the model reflects that. In practice, this suggests a two-stage
calibration. The first stage is using the system-level COF to flag that all trunk PCCP are
high consequence, then allowing utility-specific refinements (e.g., redundancy, contractual
penalties, pump-station dependencies) to further spread scores within that already high

band. The comparison with Utility B therefore highlights where the COF formulation
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may need cohort-specific re-scaling or additional wholesale-only dimensions, rather than

undermining the overall consequence logic.

As in the LOF chapter, we emphasize that these utility indices are comparators of
convenience, not ground truth. The role of this step is to (i) demonstrate that, for two
large mixed-asset utilities (A and C), the student COF index sits comfortably within the
range of existing practice, and (ii) identify where a structurally different setting (a whole-
sale PCCP portfolio) requires a different calibration lens. The more stringent tests like
expert concordance on representative scenarios and ground-truth comparison against
main-break reports then focus on whether the COF formulation itself remains defensible

when confronted with operational reality.

5.7.4.2 Agreement with Expert Opinion

To check whether the COF formulation and its banded outputs are intelligible and
acceptable to practitioners, we repeated the scenario-based elicitation that we used for
LOF, but now focused on COF. The same ten canonical COF scenarios (high-cost urban
rupture, spill in a sensitive wetland, prolonged outage at a critical facility, heavy-traffic
corridor, peak-demand break with low redundancy, outage on a redundant trunk, traffic-

only impacts, and three cost-of-renewal cases by diameter) were sent to three participating

340



utilities for feedback. For each scenario, the form showed the narrative description, the
model’s continuous COF index and associated 04 band (Insignificant, Minor, Moderate,
Major, Catastrophic), and a simple “Agree / Disagree” option with space for comments.

The filled feedback form from the utilities is in Appendix F.

We treat these responses as an external face-validity check rather than as a training
signal. Blank verification cells are treated as missing data and excluded from rate calcu-
lations (one scenario for Utility F and one for Utility D). For each utility, we compute (i)
strict agreement, where “Agree” means the expert accepts both the band and its narrative
as an appropriate characterization of consequence, and (ii) a tolerant +1-band view where
possible, using the free-text comments to infer when an expert would simply move the
scenario up or down by one band rather than fundamentally disagreeing with its ordering.
Disagreement comments are coded into the same motif categories used in the LOF chapter
based on Inventory / metadata, Definition or context ambiguity, Policy / heuristic bias,
and Category-coverage gap so that patterns in the feedback can inform model revisions

rather than being treated as noise.

Table 5-16 summarizes the responses. Utility F (asset managers/planners) reviewed

ten scenarios, nine of which had a completed verification field. All nine are strict agrees,
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including the three cost-of-renewal scenarios at different diameter tiers, and the only re-
mark is an administrative note about a likely ID mix-up between two high-diameter cases.
Utility D (asset managers/planners) provided nine usable ratings, with 5/9 (55.6 %) strict
agreement. Of the four disagreements, three push the scenario two bands higher than the
model (for example, rating a “Moderate” heavy-traffic case and a “Major” redundant-
trunk outage as “COF 5 — High consequence”), and one moves a cost-of-renewal scenario

down by one band (model “Major” vs. their “COF 2 — Low”).

Table 5-16: Expert concordance on COF scenarios by utility

Re-
Util- Primary ex- Strict +1-band . . .
R ; views Primary disagreement motifs
ity pertise (n)* agree  agreementf
n
F Asset manag- 9 100 % - (no disagree- None substantive; one note about a likely mix-up between
ers / planners (9/9) ments) two high-diameter 1Ds.
Policy / heuristic bias (pushing several scenarios to “COF
‘ 5 — High consequence” regardless of redundancy); different
Asset manag- 55.6 % . . . .
D / pl 9 (5/9) 66.7 % (6/9)  cost thresholds for “high” vs “very high” renewal; interpre-
ers anners 5 .
P tation of redundant-trunk and small-diameter renewal sce-
narios.
Field opera- ~100 % (10/10,
. P O, (10/ Local context corrections: wetland not recognized as high-
tions / 80 % both disagree- . .
. 10 sensitivity in their system; short 16" segment that can be
maintenance (8/10) ments are 1-band . . . .
isolated, reducing effective outage and traffic impacts.
leads lower)

* Reviews with blank “Agree/Disagree” cells (one scenario each for Utilities A and B) are excluded from the denominator.
1 £1-band agreement counts cases where experts’ comments indicate they would shift the COF band up or down by only one level;

larger two-band shifts remain coded as disagreement.

Interpreting that single one-band difference as tolerant agreement yields 6/9 (66.7
%) £1-band concordance. Utility A (field operations / maintenance leads) rated ten sce-

narios with 8/10 (80 %) strict agreement. In both disagreements, crews argue for one-
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band lower consequence than the model. For example, a “Major” spill in an environmen-
tally sensitive area is judged too conservative because the particular wetland in their
system is not recognized as high-sensitivity by field operations, and a “Major” cost-of-
renewal case for a 16-36" pipe is judged lower because, in their network, that specific
segment can be isolated quickly with minimal traffic control or customer outage. If those

two cases are treated as +1-band “near misses,” tolerant agreement for Utility A is 10/10.

Across all three utilities, this yields 22/28 (=79 %) strict agreement and roughly
90 % +1-band concordance. More importantly, the direction of disagreement is structured
rather than random. Utility F essentially endorses the entire COF scale as written. Utility
D tends to push several scenarios up to their highest internal COF class, reflecting a
deliberately conservative risk appetite (for example, treating any heavy-traffic or large-
diameter outage as “High consequence” regardless of redundancy) and slightly different
cost thresholds for when a renewal is considered “very high.” Utility A mostly agrees with
the model but uses local knowledge to moderate two scenarios downward when the generic
description overstates sensitivity (a wetland not flagged as such in their system) or un-
derstates isolation ability (a short 16" segment with valves that sharply limit outage

extent).
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Taken together, these patterns support two conclusions. First, the COF bands are
broadly interpretable and acceptable to both planning staff and field crews across very
different systems and experts rarely reverse the ordering of scenarios or move a case by
more than one band. Second, the disagreements are informative where they highlight
specific places where local policy (e.g., “all large trunk outages are COF 5”), environmen-
tal layers (how sensitive wetlands are flagged), or network-isolation details differ from the
generic assumptions built into the teacher model. That makes the expert-agreement ex-
ercise less of a pass/fail test and more of a structured dialogue. In most scenarios the
model and experts align, and in the few that do not, the comments point directly to where

local practice or data layers would need to be adjusted for a particular utility.

5.7.4.3 Ground Truth Agreement with validated main break reports

The goal of this subsection is to test whether the COF student learner model, a

Deep MLP trained to mimic the fuzzy COF teacher, assigns consequence bands that are

consistent with how severe failures are when a main breaks. In practice, this means com-

paring COF bands produced by the student, using the same asset and context information

that would be available for planning, against ex post consequences reconstructed from

detailed main-break reports. If the model is well calibrated, events that the student
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clagsifies as “Major” or “Catastrophic” should, on average, be the ones that actually

caused larger outages, more disruptive road closures, higher emergency costs, or greater

impacts on critical customers, compared with events classified as “Insignificant” or “Mi-

nor.” As shown later in this subsection, the student agrees exactly with these output

bands derived from main breaks in about four out of five cases, and almost all residual

discrepancies are one-band “borderline” slips, with a single two-band outlier that we in-

spect qualitatively.

This ground-truth validation subsection sits at the end of a three-step validation
arc. The first COF validation subsection compares the student COF outputs against the
utility’s own COF or analogous consequence model to check whether the proposed formu-
lation is at least competitive with, and often more structured than, current practice. The
second subsection examines agreement with expert opinion, asking whether experienced
engineers from asset management and field crews see the banded COF outputs as reason-
able and decision-useful across typical planning scenarios. Both of those experiments work

" comparing the COF bands to alternative human or institutional views of

“horizontally,’

consequence. The present subsection adds a “vertical” test where we take the same COF

model that underpins the student Deep MLP, keep its parameters fixed, apply it to a
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curated set of high-reliability main-break cases, and then check how well the resulting

COF bands line up with what happened on the ground during those documented events.

A critical feature of the setup is that the student MLP has never seen any infor-

mation from these main break reports during training, model selection, or tuning. For the

ground-truth tests here, we follow the same input-dataset development process as for the

fuzzy teacher where for each pipe segment we construct the COF input vector from asset

and context data and feed this vector into the trained student. None of the observed

impacts in the reports related to outage counts, traffic disruption, surface damage, or

repair details are used in this process. This strict separation ensures that the comparison

between modelled COF bands and realized consequences is an independent external check

of the COF formulation, not a rephrasing of patterns the model has already been allowed

to learn.

5.7.4.3.1 Data Collection

For this ground truth validation, we use detailed main-break reports validated by

the Director of Operations from a large water utility from the New England area. Each

report describes a single event and typically includes the address or intersection, the date

and time of the failure and of service restoration, operational notes on valves and
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hydrants, and narrative descriptions of customer impacts, traffic disruption, flooding,
property damage, and repair work. The dataset assembled here spans 2018-2019 and
contains 58 events that cover a wide range of break mechanisms, roadway contexts, and
traffic conditions. To make these documents usable as ground truth for COF, we manually

reviewed each PDF and extracted the relevant information into two harmonized tables.

The first table is a consequence table with one row per event. It contains the main-
break identifier (MBR,_ID), the approximate number of domestic services affected, counts
or indicators for fire-service impacts (fire lines or hydrants out of service), the number of
hydrants affected, a short standardized summary of road closure or traffic impacts, a short
summary of flooding and surface damage (for example, whether the roadway was under-
mined or basements were flooded), and a field noting any sensitive customers explicitly
mentioned in the report, such as hospitals, schools, or other critical facilities. The second
table is a repair-and-operations table that records, again by MBR_ 1D, the number of
valves operated, the number of hydrants shut or otherwise impacted, a concise description
of the repair method (for example, use of a full-circle repair clamp versus cut-and-replace
of a main segment), a summary of the stock used (pipe lengths, couplings, clamps, and

other hardware), and a brief note on final surface restoration and any follow-up paving.
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These fields are chosen to map cleanly into the COF structure introduced earlier
in the chapter. Customer outages contribute primarily to the social and economic COF
dimensions. Fire-service and hydrant impacts relate to safety and emergency-response
COF. Road closures and traffic management capture operational disruption. Flooding and
pavement damage relate to environmental and third-party damage COF. The complexity
of the excavation and restoration provides a qualitative view on renewal-complexity COF.
By keeping the entries as short, standardized phrases rather than forcing everything into
numbers immediately, we retain much of the narrative nuance while still being able to

map each event onto simple ordinal scales.

5.7.4.3.2 Data uncertainties

The main uncertainties in this experiment arise from: (i) incomplete or approxi-
mate counts (for example “~30 services”, “0-1 hydrants”, or missing entries); (ii) possible
reporting bias, because busy field crews may under-document minor flooding or record
“no damages” when only obvious structural damage is absent; (iii) heterogeneity in free-
text wording (“lane closures”, “traffic control”, “no traffic impacts”) and how consistently
these phrases map to categories; and (iv) uneven observability across COF dimensions,

with social and operational impacts well captured but environmental and renewal-
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complexity effects only partially visible. We mitigate these issues by using standardized
categorical rubrics, conservative coding rules (erring toward the lower band when ambi-

guity is high), and explicit documentation of the mapping from text to ordinal scores.

5.7.4.3.3 Data processing

For the actual validation, we treat each main break report as one realized conse-
quence scenario and convert the two tables into a set of dimension-level ground-truth

scores. For every event we compute four ordinal indices on a 04 scale:

o (.ui.qr: customer and fire-service impacts
®  Ciatiic.or: traffic and access disruption
®  Ciamage,cr: Physical damage and restoration burden

®  Ciriority,gT: sensitive or priority customers

Each index is derived from the MBR fields using a simple rubric that mirrors the
structure of the fuzzy COF teacher but is defined entirely from the reports and fixed in
advance, before any comparison to the student model. In brief, customer impact Ce, a1
uses the approximate number of domestic services affected, the presence of fire-service
outages, the number of hydrants affected, and any explicit mention of sensitive customers.

Values near zero correspond to “no services out, at most one hydrant affected, and no
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sensitive customers”; intermediate bands capture small (1-5), moderate (=6-25), and
larger (=25-35) residential outages or combinations of domestic and fire-service loss; and
the highest band is reserved for events that behave like a small zone outage or that involve

both residential customers and fire-protection loss.

Traffic and access impact Ciygfic. g is based on the standardized road-closure sum-
mary and an implicit classification of the street hierarchy. Events with no closure or a
short work zone on a low-traffic residential street fall in the lowest band. Lane restrictions

)

on local or collector streets map to “minor,” extended lane restrictions or overnight clo-

»and full closures or complex traffic control

sures on busier corridors map to “moderate,’

on major arterials and key intersections (for example Dorchester Ave & West Broadway)

are treated as “major” or “catastrophic” depending on how wide the detours are.

Physical damage and restoration burden Cg,age. o combines the flooding/surface-
damage notes with information about the repair. Small leaks with localized street wetting,
a single clamp, and a short cut that is simply backfilled and patched are scored as low
consequence. Larger trench dimensions, explicit mentions of pavement undermining or
“deep trench,” replacement of longer segments of main, and more complex backfill and

paving operations are mapped to higher bands. Events where water enters basements,
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large sections of main are blown out, or there is “substantial excavation and roadway

disturbance” are treated as major damage even if customer counts are modest.

Finally, the priority-customer index Cyiyity,cT flags whether the reports mention
any sensitive uses. Cases with no explicit mention of sensitive customers are scored zero.
Mentions of public open space receive a low but non-zero score. Events where the fire
department, mayor’s office, or other city-wide emergency services are formally notified,
or where vulnerable populations would plausibly be affected, are mapped to higher bands.
This dimension is deliberately conservative: it is only elevated when the narrative clearly
points to equity or critical-infrastructure concerns. Table 5-17 summarizes these rubrics

in compact form.

Table 5-17: Ground truth to COF conversion rubric

Band 0-1 (1 - Band 2-3 (higher ¢ -
Dimension MBR fields used an (lower con an (higher conse
sequence, examples) quence, examples)
Domestic_ Services_ Af- 0 customers, at most one =~6-25 domestic customers out; =1

c fected; Fire_Services_ Af- hydrant affected, no fire  fire-service impact; multiple hy-
cust,GT

. fected; Hydrants Affected; service or sensitive cus-  drants; larger outages (=25-35) or
— customers & fire

Sensitive_ Custom- tomers; or 1-5 domestic  language such as “neighborhood”

ers_ Notes only affected

. Prolonged lane restrictions or over-
No closure or minor work

Ciraffic.GT Road_ Closure / Traf- night closure on collector/arterial;

. . zone on local street; short .
—traffic/access fic_ Impacts + street type | ricti full closure or detours at a major

ane restriction
intersection or key corridor
Flooding_ Surface_ Dam- . . Pavement undermining, deep
Localized wetting only; .
Ciamage,GT age_ Notes; Valves_ Oper- - trench, long DI inserts, blown-out
. small trench; clamp-only . ] .

— damage & restoration ated; Hydrants_Shut / Im- . . . main sections, water entering

. repair; routine backfill o X :
pacted; Repair_ Method / buildings, “substantial excavation
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Band 0-1 (lower con- Band 2-3 (higher conse-

Dimension MBR fields used
sequence, examples) quence, examples)
Approach; Stock_ Used; Fi-  and patch; “no road- and roadway disturbance,” com-
nal_Surface_Restoration  way/property damage” plex restoration

. Public open space or civic facilities
Sensitive_ Custom- . . e -
No sensitive customers  flagged; explicit notification of fire

Cpriority,GT ers_ Notes; mentions of . D
" noted; or only generic res- department or mayor’s office; any
— sensitive customers BFD, Mayor’s Office, . . _ .
idential area clearly vulnerable or critical facil-
parks, etc.

ity affected

Once these four indices are computed, we normalize them to a single overall
ground-truth band, COF g, on the same 0-4 scale used by the model. The primary rule

is a simple maximum over dimensions:

COF g = max (Ceyst,a1 Corattie, aT» Cdamage, s Cpriority,aT)-

This “worst-dimension wins” rule is consistent with how operators perceive conse-
quence in practice. For example, a break that closes a major intersection or floods a
basement is treated as high consequence even if the customer count is modest. It also
keeps the mapping transparent. For any event coded as, say, band 3, one can point di-
rectly to the underlying dimension (for example “major traffic closure” or “basement
flooding with blown-out main”) that triggered that label in the main-break record. The

aggregation rules, including the dimension rubrics and the max operator, are all fixed in
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advance and held constant during analysis, so COF g1 remains independent of the model

predictions and can act as an unbiased ground-truth target for validation.

On the model side, for each event location we compute a COF band by running
the trained Deep MLP student on the input vector derived from asset and context data
(pipe diameter and material, land use, proximity to hospitals or schools, traffic importance
of the roadway, redundancy in the network, and similar variables). These inputs are con-
structed exactly as they would be during planning, without using any information from
the main break reports themselves. The output of the student network, COF i qent, 1S
therefore the model’s independent prediction for that asset under normal planning as-
sumptions. Comparing COF genito COFgrthen provides a clean test of whether the stu-
dent, trained solely to imitate the fuzzy COF mapping, is nevertheless aligned with the

actual severity of observed failures.

5.7.4.3.4  Hypothesis testing

Once the model and ground-truth bands are defined on a common 0-4 ordinal
scale, we assess agreement between COF qontand COFqr using the same family of sta-
tistics as in the LOF validation, adapted to consequence. The goal is to test whether the

student behaves as an informative and ordinally calibrated predictor of realized
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consequences: do higher model bands correspond to more severe events in the reports, and

does the model avoid assigning very low COF to breaks that were clearly disruptive?

Table 5-18 summarizes the hypothesis framework.

Table 5-18: Hypothesis testing framework for COF student—ground truth agreement. Each row
defines a null hypothesis, the statistic used, the decision rule at o = 0.05, and how to interpret

rejection in terms of the model’s ability to recover the severity ordering of observed main-break

consequences.

ID Test

Null hypothesis Hp

Statistic / esti-
mate

Decision rule a Interpretation if Hy is

= 0.05 rejected

Are predicted

Ho— COF bands

x? independent of
ground truth?
Is agreement

Ho— beyond

K chance, on an

ordinal scale?

Is there mono-

Ho—
tone rank as-
P N
sociation?
Does the
model beat a
Ho— . .
naive major-
bas

e
ity-class COF
strategy?

COF_pred__band is inde-
pendent of main-break
ground truth
COF_GT band.

Quadratic-weighted Co-
hen’s x < 0.20 (no more

than “slight” agreement).

Spearman rank correlation
o = 0 between
COF_pred_band and
COF_GT_ band.

Exact accuracy < majority-

class prevalence (always
predicting the most com-
mon band).

Pearson x2 test on

the 5x5 confusion

matrix (or reduced
to non-empty
rows/columns).

Cohen’s x (un-
weighted) and quad-
ratic-weighted x_ w
computed on the 0-4

COF bands.

Spearman p with
two-sided p-value.

Exact accuracy vs

majority-class base-

and the 95 % CI

Student COF predictions
carry real information
Reject if px3 <
0.05.

about observed conse-
quences, rather than being
random with respect to
ground truth.

. . The student model shows
Reject if x_w >

0.20 (optionally:
and the 95 % CI
for x_ w stays

above 0.20).

at least fair—substantial
ordinal agreement beyond

chance; large band gaps

are rare and penalized
heavily.

Higher predicted COF
bands systematically cor-
Reject if ppy <

0.05.

respond to higher ground-
truth COF bands; the
model preserves severity
ordering.

Reject if accu-  The student model mean-

racy > baseline ingfully outperforms a na-

ive “always pick the domi-

line; Wilson 95 % CI for accuracy lies nant COF band” strategy

for accuracy.

entirely above  on real main-break conse-

baseline. quences.
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To evaluate these hypotheses, we first construct a 5x5 confusion matrix whose
rows correspond to COFgr and columns to COF; qent- Each cell contains the number of
events with a given pair of labels. We also use a row-normalized version where each entry
is the fraction of events in each true band that were assigned to each predicted band.

From this matrix we compute:

e Exact accuracy: Fraction of events where COF g gens = COFgr(0.793 with a Wilson
95 % CI [0.672, 0.877]).

e Within-one-band accuracy: Fraction where the absolute difference | COF  qent —
COFqr lis £ 1 (0.983; 57 of 58 events).

e Macro-precision, macro-recall, and macro-F1: standard precision/recall/F1 computed
for each band separately and then averaged so that rare high-consequence events count

as much as common low-consequence events (macro-F1 = 0.75).

Because COF bands are ordered, we emphasize ordinal measures rather than raw
accuracy alone. Quadratic-weighted Cohen’s x, k,,, measures agreement beyond chance
while penalizing long-range errors more strongly than one-band slips. Here x = 0.72 (un-
weighted) and k,, = 0.90, which corresponds to substantial agreement on an ordinal scale.

Spearman’s rank correlation coefficient p between COFgent and COFgr quantifies
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whether higher model bands correspond to higher observed severity even when the labels
are not exactly equal. In this experiment o = 0.89 with p ~ 4.7 X 10721, decisively reject-

ing Ho—p.

The %2 test on the confusion matrix (x? = 124, df = 16, p = 8.3 x 107'?) rejects
Ho—x?, confirming that the joint distribution of predicted and ground-truth bands is far
from independent. The majority-class baseline for this sample is =0.40 (always predicting
band 1). The student’s observed accuracy of =0.79, with its confidence interval entirely
above 0.40, rejects HO-base and shows that the model is extracting real signal from the

asset and context features rather than echoing the dominant class.

Operationally, the confusion matrices are strongly diagonal with almost all off-
diagonal mass in adjacent bands, which is the pattern utilities care about. The within-
one-band accuracy of 0.983 indicates that 57 of 58 events are either correctly classified or
off by a single band. There is exactly one two-band discrepancy, which we treat as an

informative outlier and will be discussed in the results section.

Because the Deep MLP student has already been verified, on larger synthetic and
screening datasets, to closely match the fuzzy COF teacher, the systematic patterns ob-

served here can be interpreted primarily as properties of the underlying COF formulation
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and feature set rather than of the learning algorithm. In particular, the strong rejection
of Hy—x?2, Ho—x, Ho—p, and Hy—base suggests that the current COF design is both informa-
tive and rank-consistent with real main-break impacts, while the handful of near-boundary
slips and the single two-band outlier identify specific scenarios where additional features

or revised weights could further sharpen the model.

5.7.4.3.5 Results

Overall Agreement: Across the 58 main-break events, the COF student model
agrees with the main-break—derived ground truth band (COFcr_band) for 46 events,
giving an accuracy of 0.79 with a Wilson 95 % confidence interval [0.67, 0.88]. The ma-
jority-class baseline that is, always predicting the most common band (band 1 in this
sample), would achieve only 0.40 accuracy, so the student nearly doubles the effectiveness
of a naive strategy. Within-one-band agreement is 0.98 (57 of 58 events), meaning almost
all disagreements are “borderline” slips between adjacent bands. Only a single event is

misclassified by two bands (ground truth 4 vs model 2). This outlier is discussed below.

Class-wise performance is also well balanced. Macro-precision is 0.73, macro-recall

is 0.84, and macro-F1 is 0.75, with a weighted F1 of 0.80. These macro statistics average
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performance across all five consequence bands, so rare high-consequence events influence

the evaluation as much as the many low-consequence breaks.

The confusion matrices in Figure 5-15 show a strong diagonal, with most mass

either on the diagonal or in immediately adjacent cells.

COF student vs GT (counts) ) COF student vs GT (row-normalized)
8
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Figure 5-15: Confusion matrices comparing COF student predictions to main-break ground
truth bands (n = 58). Left: raw counts; right: row-normalized fractions. The strong diagonal
and concentration of off-diagonal mass in adjacent bands illustrate high exact accuracy (0.79),

very high within-one-band agreement (0.98), and rare long-range errors.

No event with ground-truth band >3 (“Major” or “Catastrophic”) is ever predicted
in the lowest two bands (0 or 1). Among the 19 high-consequence events (bands 3-4), 17
are predicted in bands 3-4 and 2 are predicted as band 2. There are no catastrophic

underestimates such as 4—0 or 4—1. The error-distance distribution |Aband| is sharply
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concentrated at 0 and 1 (46 and 11 events, respectively), with a single case at |Aband| =

2 and a maximum absolute error of 2.

Agreement statistics reinforce this visual impression and are summarized with the
decisions on the null hypotheses in Table 5-19. Each row in the table states the null
hypothesis, the statistic used, numerical evidence from the 58-event sample, and the in-

terpretation when the null is rejected.

Table 5-19: Hypothesis tests for COF' student vs main-break ground truth (COFqr_band).

ID Null hypothesis (Hy) Estimate Evidence Decision

Reject Hy. Student COF predic-
Predicted COF bands are  Pearson x? on > 1943 df — 16 t'J 0 ¢ P 4
— . ! 2= 3,df=16,p = ions carry strong, non-random
! independent of main-break 5x5 confusion X P Y &

2 ) 8.3x1071°, information about realized conse-
ground truth. matrix.
quences.
Ordinal agreement beyond Cohen’s k (un- Reject Hy. The model shows
He—  chance is no more than weighted) and k = 0.72, substantial ordinal agreement;
Ky “slight” ( quadratic k= 0.90 (well above 0.20).  large band errors are rare and
Ky < 0.20). Ky heavily penalized.

Reject Hy. Higher predicted
COF bands consistently corre-

No monotone rank associa-
tion between Spearman rank
Ho—p COF band and P lati o =0.89, p~4.7x1072. spond to higher ground-truth
pred__band an correlation p.

COFer_band.

bands; severity ordering is pre-

served.

Majority bhaseline = 0.40; stu- Reject Hy. The student mean-
The model does not beat a Exact accuracy . . .
dent accuracy = 0.79 with 95 ingfully outperforms “always pre-

% CI [0.67, 0.88], entirely  dict the dominant band” on real

above baseline. main-break consequences.

naive majority-class strat- vs majority-class

egy. prevalence.

The unweighted Cohen’s k is 0.72 and the quadratic-weighted x w is 0.90, which

is conventionally interpreted as substantial agreement beyond chance. The 2 test of
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independence on the 5x5 table gives x2 = 124.3 with 16 degrees of freedom and p =
8.3x107?, decisively rejecting the hypothesis that predictions are unrelated to ground
truth. Finally, Spearman’s rank correlation between the student and main-break bands is
p =0.89 (p = 4.7x1072!), showing that larger model bands systematically align with more

severe observed consequences even when the labels are not exactly equal.

Overall, these results indicate that the COF student behaves as an informative,
ordinally calibrated predictor of real-world consequence severity, rather than simply re-

producing the most common band or wandering randomly across the 04 scale.

Scenario- and dimension-specific checks: Beyond aggregate statistics, we
checked whether the model behaves sensibly for the kinds of events that utility emergency
renewal crew care most about. Because both the ground-truth rubric and the COF for-
mulation are dimension-based, these checks help confirm that the right dimensions are

driving high-consequence classifications.

High-consequence scenarios: Events coded from the main-break reports as
“Major” or “Catastrophic” (COFqr_band =3) are precisely those with combinations of
larger customer outages, full or complex closures on important corridors, blown-out main

sections, or explicit involvement of emergency and city leadership. As noted above, none
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of these 19 cases is placed in the lowest two model bands. Seventeen are assigned to bands
3—4 and the remaining two are assigned to band 2. In other words, when operational staff
perceived an event as major, the student almost always agreed or erred conservatively by

one band and never dismissed a high-impact break as inconsequential.

Customer and fire-service impacts: When the events are binned by approxi-
mate number of domestic services affected (for example, 0, 1-5, 6-25, >25), the median
model band increases with outage size. Breaks that interrupt tens of customers or involve
fire-service loss sit predominantly in bands 2-4 on both the ground-truth and model sides.
This aligns with the intended structure of the COF teacher: the model treats “how many

and which customers?” as a primary driver of consequence.

Traffic and access disruption: Stratifying events by closure type (no closure /
local lane restriction / partial closure on collector / full closure at major intersection)
shows a similar pattern. Cases that close major intersections or require complex traffic
management are almost always assigned bands 3-4 by the model. Routine local lane clo-
sures tend to appear in bands 1-2. This monotone shift in the model’s band distribution

across closure categories provides a tangible, scenario-level explanation for the high
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Spearman p. It shows that the student is not just matching labels in aggregate but re-

sponding correctly to the direction of the traffic-impact signal.

Priority and critical customers: Events where the reports explicitly mention
the fire department, mayor’s office, or other civic institutions being notified, or where
public open space is affected, end up in elevated ground-truth priority bands. The model
also assigns these cases to higher COF bands, reflecting that the priority-customer dimen-
sion is being carried through from the teacher into the student and is not being washed

out during learning.

These scenario-specific checks can be summarized visually. First, the confusion
matrices in Figure 5-15 show that most mass lies on or adjacent to the diagonal. Second,
the error-distance histogram in Figure 5-16 confirms that |Aband| is almost always 0 or

1 with a single two-band outlier.

362



Number of events

1 2
|A COF band| (|pred — truth|)

Figure 5-16: Error distance histogram for COF student vs ground truth

Third, the boxplots of model bands by customer-outage category and by closure

type (Figure 5-17), show median COF bands rising steadily from “no customers/ no clo-

sure” to “many customers/full closure,” indicating that more customers, more traffic dis-

ruption, or more severe damage all reliably push the predicted band upward.

COF student bands by customer-outage category COF student bands by closure type
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Figure 5-17: a) Boxplot of COF student bands by customer outage category; b) Boxplot of COF
student bands by closure type
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Outlier misclassification: A single two-band misclassification occurs for a break
at a major intersection (a 16-inch CI/DI main). The main-break rubric rates this event
as Catastrophic (COFqr_band = 4), while the student model assigns it a Moderate con-

sequence (COFyeq_band = 2).

From the reports, the break is described as a blowout on a high-traffic, signalized
intersection with multiple legs closed and detours in place for the duration of the repair.
Only one domestic service and two fire services are recorded as directly affected, and no
basements are reported flooded, but the narrative emphasizes “substantial excavation and
roadway disturbance” at a “major intersection,” with the city Fire Department and
Mayor’s Office of Neighborhood Services formally notified. In the ground-truth rubric,
several of these signals stack. For example, a blowout on a large-diameter main, full in-
tersection closures on a key arterial, and explicit notification of city-wide emergency /ad-
ministrative services. Together they push the traffic, damage, and priority-customer di-

mensions into the highest bands, so the max-over-dimensions rule yields COF¢r_band =

By contrast, the student model only “sees” the structured inputs available system-

wide like pipe diameter and material, generic road-class (arterial vs local), land-use and

364



network redundancy, and coarse proximity to critical facilities. In those features, this
location looks like a typical urban arterial main with modest recorded customer counts
and no hospital immediately adjacent. The model therefore treats it as a high but not
extreme case and settles on band 2 (“Moderate”). In other words, what makes this event
feel catastrophic to operations is not just the physical break itself, but its political and
visibility context where a messy blowout at a symbolic, heavily trafficked gateway with

senior city offices engaged.

Rather than treating this si