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DEVELOPMENT OF A CAPACITY DEPLOYMENT MODEL
FOR DISRUPTED SUPPLY CHAIN NETWORKS
James D. Burns, Ph.D.

Western Michigan University, 2015

The increasing complexity of modern supply chains is widely accepted as one of the
many drivers of risk that can leave organizations vulnerable to the effects of a disruption.
This acceptance has contributed to an emerging interest in Supply Chain Resilience in the
literature. Resilient supply chains are able to both resist the effects of a disruption and
recover efficiently if the disruption is severe. This new body of literature is still in a
formative phase and has thus far focused on defining Supply Chain Resilience, proposing
frameworks for its implementation, exploring factors that contribute to resilience, and
investigating methods to design resilient supply chains. Among the most accepted factors of
resilience is redundancy, which refers to the auxiliary resources and capacity of a supply
chain that can be called upon during a disruption. Furthermore, the ability of managers to
efficiently navigate the recovery process is believed to be central to overall resilience.
Unfortunately, relatively few studies have sought to align the tools and methods of recovery
with the findings from the broader Supply Chain Resilience literature. This research aims to
narrow this gap by developing and validating a mathematical supply chain network model
that integrates the known resilience construct of redundancy into its formulation in a flexible

manner to support managerial decision-making at the beginning of a disruption.



The value of the model stems from its efficiency in deploying redundant capacity
throughout a supply chain to minimize the impact of a disruption and from its ability to
provide sensitivity information relating to that deployment. The deterministic formulation
incorporates common supply chain structures from contemporary literature. Numerical
studies were performed to examine the behavior of simulated networks under disruption and
to assess the ability of the model to achieve the desired objectives. The findings of this
research support the proposition that the model is able to efficiently distribute capacity
throughout a supply chain to support a recovery effort. The provision of sensitivity analysis
relating to incremental capacity deployment decisions is able to provide insights for managers
who are responsible for balancing the trade-offs between demand and costs during a

disruption.
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CHAPTERI

INTRODUCTION

Historical Background of the Problem

Researchers and business leaders agree that complexity within modern supply chains
is increasing and that this increased complexity is a primary driver of supply chain risk
(Christopher & Peck, 2004). The consensus on increasing complexity along with several
high-profile disaster events, such as the 2011 Japanese tsunami, Hurricane Katrina, and the
September 11" terrorist attacks, has helped to spur on an acceleration of research activity in
the area of Supply Chain Risk Management (SCRM). Although SCRM is an evolving
discipline in its own right (Ghadge, Dani, & Kalawsky, 2012), there is agreement that certain
topics within the SCRM research area deserve special focus. Among them is the
development of methods that will improve resistance to, and recovery from, supply chain
disruptions (Craighead, Blackhurst, Rungtusanatham, & Handfield, 2007; Hu, Li, &
Holloway, 2013; Macdonald & Corsi, 2013). In the literature, a supply chain that is able to
recover effectively from a disruption and quickly return to normal functions is known as a
Resilient Supply Chain (Christopher & Peck, 2004), and the ideas of preparation, resistance
to disruption, and recovery are at the heart of the emerging Supply Chain Resilience research

stream.



Disruptive Events

A supply chain is a network of organizations that are connected by the physical flow
of materials with the goal of meeting customer needs for a product or service within a
specified time period (Craighead et al., 2007). Supply chains themselves have become
increasingly exposed to risks from several different areas. Globalization has caused modern
supply chains to lengthen, exposing them to social and economic turmoil abroad. Lean
production systems, which are a hallmark of modern supply chains and can be highly
efficient, contribute to volatility and risk by focusing on the reduction of inventory (Ghadge,
Dani, & Kalawsky, 2012; Pettit, Fiksel, & Croxton, 2010; Sheffi & Rice Jr., 2005), which is a
known buffer against disruptions. Additionally, the shortened product life cycles that have
accompanied rapid changes in technology leave managers with little margin for error when
facing a disruption. These risks often manifest themselves as disruptions through natural
disasters, extreme weather events, and supply and demand fluctuations. Guarding against
these disruptions is central to risk management. Unfortunately, some disruptive events, such
as a terrorist attack, may require an entirely new and previously unconsidered operating
paradigm for an organization. Other disruptions may originate from known sources of risk
but feature a new means of exposure. For instance, a lightning strike in the year 2000 at a
key supplier in Albuquerque, New Mexico resulted in a major disruption for Ericsson’s
mobile phone business. The fire that ensued led to a $400 million loss for Ericsson that year
and reportedly influenced the firm’s decision to leave the mobile phone market entirely
(Norrman & Jansson, 2004). Presumably the firm, which was headquartered in Sweden, did
not account for the possibility that a single lighting strike in the United States could have
such a devastating impact. Their supply chain was exposed, unprepared, and in retrospect did

not manage the disruption well. Ericsson’s competitor Nokia, who was also affected by the
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disruption, by all accounts managed the event more successfully, and the effects were much

less devastating.

A basic definition of a supply chain disruption is any unplanned event or action that
degrades performance or interrupts the normal flow of goods (Craighead, Blackhurst,
Rungtusanatham, & Handfield, 2007). In this regard, the a supply chain disruption can
originate at the operational level of a single organization in a supply chain, or from an
industry- level event. Disruptions are often characterized by increased costs, and in some
cases the knowledge of the impacts and timing of a disruption may be known about in
advance. An example of this would be when a firm realizes that a planned maintenance
activity originally scheduled to occur in six months must be done within the next month. The
firm understands the impacts and has advanced warning, but the event itself is still
unexpected and is therefore a disruption. Other times a disruption may not be discovered
until well after the triggering event has taken place, such as when a previously undiscovered
quality defect is found by a customer, leading to a product recall. The time prior to a
disruption occurring (or being discovered) has been described as the preparation phase
(Sheffi & Rice Jr., 2005), which is the time where risk planning activities take place. Once a
disruption occurs, preparation becomes action, and the recovery phase begins. Although
there are varying perspectives on what might signal the actual beginning and end of a
recovery, it can best be described as beginning once a disruption is discovered and continuing
on until steady-state planning activities resume. The end of the recover process may also
depend on the circumstances surrounding the disruption, the characteristics of the supply
chain, and the perspective of those managing the recovery process. In other words, recovery
is not necessarily when output is restored to normal.  Figure 1 provides a graphical

representation of the phases of a supply chain disruption as described above.
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Figure 1: Conceptual Disruption Profile

A supply chain at risk of disruption can be thought of as one that is vulnerable to
some event which may originate from either an anticipated or unanticipated source. To
reduce vulnerability organizations engage in risk management activities either to mitigate
negative impacts if the event occurs or to reduce the likelihoods of disruptive events
occurring.  Because the scope of potential disruptive events is practically boundless,
researchers have worked to classify events broadly rather than to enumerate them. Terms
such as natural, man-made, intentional, accidental, external, and internal have been used to
describe disruptive events in the literature (Macdonald & Corsi, 2013). Using Macdonald
and Corsi’s classifiers, the fire caused by lightning at Ericsson’s supplier in Albuguerque can
be described as a natural, internal event. Conversely, a labor dispute at an international
shipping port that causes ripples to propagate through the global transportation system may
affect deliveries around the globe. To a firm that does not engage in shipping goods

internationally this would be considered a man-made, external event. However, it is
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generally accepted that absolute prevention of all disruptions is impossible, and even with

predictable risks there is usually some degree of uncertainty related to the probability of its
occurrence (Sheffi & Rice Jr., 2005). There is also uncertainty as to what appropriate
responses for any given disruption might be, so even the best mitigation plans will be unable

to fully control potential negative impacts.

The impact of a disruptive event is usually measured in terms of direct and indirect
financial costs, but can also extend to the loss of goodwill or lost opportunities (Table 1).
Because the significance of financial and service-related impacts is highly dependent on the
industry, size of the firm, and organizational context, disruptions are normally broadly
classified in the literature according to their consequences (light or severe) (Sheffi & Rice Jr.,
2005) and duration (short or long) (Macdonald & Corsi, 2013). Unfortunately, just as it is
difficult to ascribe significance to objectively quantified financial costs, it is also difficult to
interpret the meaning of other types of objective measures for severity or duration.
Nevertheless, there is agreement in the literature that these measures are currently the most
appropriate to quantify the impact of a disruption. Extending this idea to the notion of Supply

Chain Resilience, the severity and the length of time until the supply chain recovers from a

Table 1: Impacts of Disruptive Events

Criteria Description

The monetary cost associated with the disruption. Includes lost sales and

Financial . ’
cost associated with response and recovery.

Service Non-financial costs associated with failing to meet customer demand.

Duration Length of time a supply chain’s performance is degraded.




disruption are also two of the best measures of resilience (Macdonald & Corsi, 2013).

Resilience and Recovery

Although Supply Chain Resilience is a relatively new area of study within the larger
scope of SCRM (Ponomarov & Holcomb, 2009), there is already general agreement
regarding its conceptual nature in the literature. Several definitions have been put forth in the
literature, and in spite of a few subtle differences they all reflect the basic definition of
resilience, which is an ability to recover from or adjust easily to misfortune or change
(Resilience [Def. 2], n.d.). The following definition authored by Ponomarov and Holcomb
(2004) using a multi-discipline perspective is perhaps the most useful for understanding the

essence of Supply Chain Resilience:

The adaptive capability of the supply chain to prepare for unexpected events, respond
to disruptions, and recover from them by maintaining continuity of operations at the

desired level of connectedness and control over structure and function.

However, the agreement on the conceptual definition of resilience has not yet
produced a full understanding as to what actions organizations may take to develop resilience
in their supply chains. Recent studies investigating the antecedents of resilient supply chains
(Scholten, Sharkey, & Fynes, 2014) outlined a resilience framework as a cyclical four-phase
process: preparation, immediate response, recovery, and mitigation. Preparation describes
the steps taken prior to a disruptive event, and in layman’s terms can be described as the risk
analysis, response plan development, and risk-avoidance phase. The immediate response is

an organization’s reaction to a disruption from a managerial perspective, including
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operationalizing contingency plans made during the preparation phase. Recovery and

mitigation phases include both returning the system to a normal state and taking steps to
improve risk-avoidance plans. At this time, the preparation phase begins again. Like many
frameworks, this description is useful for conceptualizing Supply Chain Resilience as a high-

level process, but more operational guidance is needed.

Researchers have also identified a host of organizational capabilities that are thought
to contribute to resilience. The three ideas shown in Table 2 stand out among the most
prominent in the literature: having and making use of redundant capacity, possessing a
comprehensive knowledge of the structures of a supply chain, and flexibility (Pettit, Fiksel, &
Croxton, 2010) (Ponomarov & Holcomb, 2009) (Ponis & Koronis, 2012) (Christopher &
Peck, 2004) (Blackhurst, Dunn, & Craighead, 2011). The first of these ideas, redundancy,
refers to reserve inventory, spare assets, or underutilized assets that may be deployed to
buffer the effects of disruptions (Hu, Li, & Holloway, 2013). Because redundancy is usually
associated with increased costs, its presence within a supply chain is seen as a negative by
managers and modern production theories. Structural knowledge refers to the level of
understanding an organization has regarding the physical supply chain, and some authors

include in it the level of information managers have regarding the status of the individual

Table 2: Selected Supply Chain Resilience Factors

Factor Description
Redundancy Extra capacity or inventory above minimum required (e.g., safety stock).
Structural

Knowledge Awareness of the physical and informational structures of a supply chain.

Flexibility Ability to respond and change quickly.
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components (Ponomarov & Holcomb, 2009). In this way, structural knowledge is closely

associated with another conceptual factor, supply chain visibility, which is an understanding
of the current state of a supply chain. The terms are frequently used together in the literature.
The third prominent idea in the Supply Chain Resilience literature, flexibility, often refers to
the ability to quickly adapt to changes taking place both inside and outside of the supply
chain (Ponomarov & Holcomb, 2009) (Pettit, Fiksel, & Croxton, 2010) (Scholten, Sharkey, &
Fynes, 2014). Like structural knowledge, flexibility is difficult to objectively quantify.
Conversely, redundancy offers organizations a means to objectively measure a resilience
factor (e.g., utilization of equipment). In the context of Supply Chain Resilience, flexibility is
frequently discussed alongside the notion of agility, which has been described as an outcome

of a flexible supply chain (Scholten, Sharkey, & Fynes, 2014).

Resilience requires organizations to accept the inevitability of disruptions and the fact
that no amount of planning will fully insulate a supply chain from either the direct or indirect
effects of disruptive events. In other words, absolute prevention of a disruption is not
possible. This leaves supply chain managers with two basic strategies: investing time and
resources in activities to avoid disruptions when possible, and preparing to respond
effectively when disruptions do occur. The first method is of course preferred and involves
pre-disruption mitigation to reduce the probability of a disruption through effective design
and risk-avoidance. Effective response strategies complement efforts to prevent disruptions
by enhancing the ability to recover in a quick and controlled manner. Unfortunately, research
addressing recovery from a mathematical supply chain modeling perspective is fragmented,
incomplete, and not yet fully aligned with management literature. The aim of this
dissertation is to help bridge the gap between factors that are known to support Supply Chain

Resilience and mathematical techniques that will aid managers in developing and executing



operational recovery plans.

Research

The primary focus of this research is the development and validation of a
mathematical model that assists managers in designing disruption recovery strategies by
offering the ability to model a wide range of supply chain configurations and by providing
information related to trade-offs in resource allocations. As illustrated in the previous
section, there are two basic research streams of literature that relate to Supply Chain
Resilience. The first stream is found in management literature and is comprised of
investigations that employ retrospective techniques such as interviews and surveys. These
research efforts seek to qualitatively develop and test conceptual constructs of Supply Chain
Resilience. As with definitions of Supply Chain Resilience, the findings of the studies that
comprise this research stream are generally aligned and are discussed in Chapter Il. The
second stream of research relates to the use of mathematical models in assessing Supply
Chain Resilience relative to objective criteria such as operational costs, lost demand or
recovery time.  This literature can be further divided into research related either to models
that inform on the design of a supply chain relative to its ability to recover from a disruption,
or to models that control the operation of a supply chain during a disruption. Because
mathematical models focusing on designing a supply chain are of little practical value during
a disruption, their usefulness in this research is limited. However, models focused on
controlling the flow of goods through a supply chain are quite relevant, because they are
tactical in nature and can directly affect resilience by mitigating the impact of a disruption.
Unfortunately, these recovery models are often constructed according to narrowly defined

supply chain or production system configurations and do not provide managers with
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information related to trade-offs in resource allocation decisions.

The most recent resilience frameworks in the literature define factors outlining
strategic business processes that are thought to lead to effective planning and recovery
(Scholten, Sharkey, & Fynes, 2014). There is, however, little guidance related to the
application of these frameworks at the tactical or operational level. The research that is
available, which proposes tactical or operational guidance for recovery strategies, has yet to
be validated or applied broadly by supply chain managers (Hishamuddin, Sarker, & Essam,
2012) (Hu, Li, & Holloway, 2013) (Schmitt, 2011). Because Supply Chain Resilience is a
relatively new area of study, this type of validation might not be available for many years. It
is reasonable that research into methods that simplify the application of resilience
frameworks might help to validate their appropriateness. This notion is supported in the
literature through assertions that developing a solid base of research to better understand the
relationships between resilience factors should be a near-term objective (Macdonald & Corsi,
2013). The mathematical model developed and validated in this dissertation contributes to
the larger body of research through a modeling approach that links resilience factors with the

needs of managers during the disruption recovery process.

Obijectives

This research investigated how incorporating the Supply Chain Resilience factor of
Redundancy into a mathematical supply chain modeling formulation might be useful in
improving the ability of supply chains to recover from a disruption. One objective of the
research were to develop and validate a supply chain modeling approach based on a linear

network flow formulation that efficiently deploys redundant capacity to a disrupted supply
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chain. A second objective was to leverage the ability of linear programming formulations to

provide sensitivity information regarding capacity deployment to establish a method that

guides supply chain managers in the selection the best sources of redundant capacity.

These objectives were based on a proposition that structural knowledge of
redundancies within the supply chain, when properly considered, can improve flexibility and
mitigate the effects of a disruption. The research shows that the sensitivity analysis obtained
in solving the model can be useful in identifying the most effective and efficient manner to
deploy redundant capacity. Contemporary research suggests that redundant capacity
allocation decisions are important in the disruption recovery process, and this research
demonstrates that the decisions can be summarized from a managerial perspective by

answering the following three questions:

1. Should a source of redundant capacity be utilized?
2. How much of the redundant capacity should be utilized?

3. When should the redundant capacity be deployed?

Importance

The findings of the literature review presented in Chapter Il demonstrate the

importance of this research, and can be summarized in the following five points:

1. All supply chains are at risk for disruption (Craighead, Blackhurst, Rungtusanatham,

& Handfield, 2007).

2. The ability to recover from a disruption is a critical component of resilience

(Macdonald & Corsi, 2013) (Hu, Li, & Holloway, 2013) (Pettit, Fiksel, & Croxton,
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2010).

3. Redundancy, Structural Knowledge, and Flexibility of the Supply Chain are among
the chief factors that contribute to resilience (Christopher & Peck, 2004) (Blackhurst,

Dunn, & Craighead, 2011) (Ponis & Koronis, 2012).

4. The coordination of resources and managerial influence prior to and during a
disruption is important to managing a disruption (Craighead, Blackhurst,
Rungtusanatham, & Handfield, 2007) (Macdonald & Corsi, 2013) (Scholten,

Sharkey, & Fynes, 2014).

5. The recovery models found in the literature are not sufficiently able to accommodate
redundant capacity decisions in a flexible manner across a variety of supply chain

configurations.

Research Questions

To achieve the primary objective of this research, a generalized linear programming

model for a supply chain was used to answer the following research questions:

Ql: Can a comprehensive understanding of a supply chain’s redundant capacity

improve the ability to recover from a disruption?

Q2: Can the timing of a manager’s decision to begin utilizing a supply chain’s

redundant capacity affect its ability to recover from a disruption?

Q3: Can a solution procedure for the generalized linear programming model for a

supply chain provide reliable insights into capacity acquisition decisions?
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Q4: Can sensitivity information from the model’s solution procedure provide reliable
insight into locations within the supply chain that would benefit from additional

resources or redundant capacity?

Q5: Do the findings in Questions 1-4 differ when applied to an assembly network

versus a serial network?

Organization of the Document

This document is organized into six chapters as described below:

Chapter | — Introduction. A brief discussion of the topics that frame the research, and

a description of the research objectives.

Chapter 1l — Literature review. A review of contemporary and relevant historical
literature related to the main topic areas, plus a review of relevant mathematical

techniques that form the basis of the research methods. Focus areas include:

1. Supply chain disruption and resilience.

2. Current perspectives and needs relating to supply chain recovery.

3. Current mathematical approaches for supply chain recovery.

4. Gaps in the existing research.

Chapter 11l — A description of the problem and discussion of the methods and
procedures used in the research. This chapter includes descriptions of important

network structures, and a description of the experimental design.
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Chapter IV — Results and analyses.

Chapter V — Case study. Application of the modeling formulation applied in a case

study format for a manufacturing organization that is facing a disruption.

Chapter VI — Discussion, implications, and future directions.



CHAPTER Il

REVIEW OF LITERATURE

This chapter contains a review and discussion of literature that is relevant to the topic
area and to the objectives of the study. The purpose of this review is to frame the research
problem in terms of the Supply Chain Risk Management (SCRM) discipline, the concept of
Supply Chain Resilience, the needs of organizations, and the efforts thus far to address those
needs. This chapter is organized into sections that discuss supply chain disruptions, Supply
Chain Resilience, current perspectives on disruption recovery, mathematical approaches to
recovery, and gaps identified in the existing research. The objective of this review is to
illustrate the need for a mathematical model to assist supply chain managers in recovering

disrupted supply chains.

Supply Chain Disruption and Resilience

Disruption

In SCRM literature the assumption is that disruptions are born out of some
underlying vulnerability, and the impacts of disruptions have the potential to severely affect a
supply chain’s function (Ponomarov & Holcomb, 2009). Recovering from a disruptive event
is a central theme of resilience, and it follows that understanding the nature of disruptive
events is a prerequisite for building resilient supply chains. Because disruptions themselves
are nothing more than realized risk, it is possible to classify and characterize them much in

the same manner that supply chain risks are classified. Several studies have described

15
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disruptions in terms of three basic characteristics: Severity, Duration, and Origin.

In the literature, a severe disruption has been described in multiple ways. One
description states that a severe disruption is one that hampers the ability of the supply chain
elements to ship or receive goods (Craighead, Blackhurst, Rungtusanatham, & Handfield,
2007). Another description of a severe disruption is an event that interrupts the flow of
goods, thereby exacting a financial penalty or another tangible penalty on the supply chain
(Macdonald & Corsi, 2013). The distinction between the two descriptions is that the first
does not explicitly cite a financial implication as a component of a disruption. Craighead et
al. (2007) postulated that the severity of supply chain disruptions was positively correlated to
three design characteristics (Density, Complexity, and Node Criticality). They also believed
that the ability to quickly identify and recover from disruptions would mitigate the severity of
the disruption, suggesting that the severity of a disruption is related to both the physical
design of the supply chain and how it responds to a disruptive event. A subsequent study by
Macdonald and Corsi (2013) concluded that the circumstances surrounding the disruptive
event can influence how a firm perceives its severity. For instance, they found that a team
that was seen as dysfunctional by its supply chain manager resulted in a negative perception
of the recovery efforts of the team. Additionally, their findings suggested that the speed at
which a disruption was discovered had a moderating effect on the perception of a disruption’s
severity if its source was external to the firm. Craighead et al. (2007) proposed the same
connection of discovery and severity but did not distinguish effects related to the origin of

disruption.

Classifying a disruption’s duration has proven to be difficult because the literature is

relatively silent on whether the classification should refer to the event itself or merely the
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impacts on the supply chain. In the case of Ericsson, a ten-minute fire resulted in months of
disturbed shipments (Norrman & Jansson, 2004). However, the origins of a disruption are
relatively easier to classify, and a number of authors have put forth schemes to do so. As
stated before, because disruptions can be thought of as realized risk it is reasonable that their
classification descriptors are somewhat similar to those of SCRM. Among these is a useful
three-category scheme recounted by Macdonald and Corsi (2013). The three categories are
Internal Man-Made Events, External Man-Made Events, and Natural Events. These
classifications are similar to those discussed earlier regarding supply chain risk, and the

illustrative events mentioned previously are useful here as well. This classification scheme is

detailed in Table 3 along with examples.

Resilience

Supply Chain Resilience is a relatively new subset of SCRM research, and so it can

be thought of as an emerging concept within an emerging field. Whereas Supply Chain Risk

Table 3: Classifications of Disruptions

Disruption Type

Example 1

Example 2

Example 3

Internal, Man-Made
Events

External, Man-Made
Events

Natural Events

Supplier bankruptcy
due to default.

Strike at an
international port.

Earthquake that
affects the productive
capacity of suppliers
in a region.

Machine breakdown.

Unexpected change in
regulations or laws.

Lightning strike at an
electrical substation.

Recall related to
quality defect.

Terrorist attacks.

Flood that closes a
major transportation
corridor.
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Management literature proposes frameworks that center on identifying and quantifying risk
factors and then eliminating or reducing likelihood of their occurrence, Supply Chain
Resilience presumes that disruptions are unavoidable and is therefore geared toward recovery
(Craighead, Blackhurst, Rungtusanatham, & Handfield, 2007). The term Supply Chain
Resilience began appearing in the literature early on in the 21* century. This research tended
to focus on its definition, proposing frameworks and exploring their underlying constructs,
and differentiating it from similar concepts such as Robustness (Christopher & Peck, 2004).
Several authors have put forth definitions meant to clarify the underlying ideas, and the four
most prominent definitions are shown in Table 4. Ponomarov and Holcomb (2009) presented
what is perhaps the most holistic definition by reviewing and comparing existing supply
chain research to the fields of Ecology, Social, Psychological, Economic, and Organizational

perspectives.  Their definition incorporates all phases of a supply chain disruption, and

Table 4: Definitions of Resilience from a Supply Chain Perspective

Author(s) Definition
The adaptive capability of the supply chain to prepare for unexpected
Ponomarov and events, respond to disruptions, and recover from them by maintaining
Holcomb (2009) continuity of operations at the desired level of connectedness and control
over structure and function.
Christopher and The ability of a system to return to its original state or move to a new, more
Peck (2004) desirable state after being disturbed.
Sheffi and Rice

(2005) The ability to bounce back from a disruption.

The ability to proactively plan and design the Supply Chain network for
anticipating unexpected disruptive (negative) events, respond adaptively to
disruptions while maintaining control over structure and function and
transcending to a post-event robust state of operations, if possible, more
favorable than the one prior to the event, thus gaining competitive
advantage.

Ponis (2012)
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centers on the idea of control. The definition also implies purposeful action on the part of the
supply chain managers. Christopher and Peck (2004) also put forth a definition that is
frequently cited in contemporary literature. Their more concise definition also implies
purposefulness with a reference to establishing an improved state after recovery. Because
resilience has been previously defined in other contexts, much of the current Supply Chain

Resilience research centers on themes that recur in other disciplines.

Supply Chain Resilience is also closely related to the idea of disaster or emergency
management, and although one is not clearly a subset of the other in the literature there is
some overlap in terminology. Disaster management, the more mature discipline, is concerned
with the resilience of networks that serve communities and is characterized by highly
proactive planning processes. Supply Chain Resilience is not so narrowly focused in this
regard as it concerns itself with both minor and catastrophic disruptions. Scholten et al.
(2014) argued that examining the processes of disaster management can provide insight into
how general Supply Chain Resilience can be enhanced, and they recommended the proactive
establishment of networks and infrastructures prior to a disruption occurring in order to
mitigate its impacts (Scholten, Sharkey, & Fynes, 2014). This mirrors many of the findings
in Supply Chain Resilience literature, in particular the idea that managers should have a

comprehensive structural knowledge of the supply chains they manage.

In addition to clarifying the overall definition of Supply Chain Resilience, a goal of
recent literature has been to understand the relationships between supply chain attributes
(e.g., Flexibility and Agility) or organizational activities (e.g., risk planning and effective
communication) that might affect resilience. Several authors have proposed frameworks

based on either conceptual or empirical justification (Blackhurst, Dunn, & Craighead, 2011)
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(Pettit, Fiksel, & Croxton, 2010) (Ponis & Koronis, 2012). However, there are few
meaningful differences in the central arguments or themes, and the only distinguishing
features are the number of factors identified and the arrangement of various elements that
comprise the factors. For instance, the framework proposed by Blackhurst et al. (2011)
contained three broad elements and thirteen sub elements, whereas Pettit et al. (2010) used
sixteen elements, and Ponomarov (2009) discussed seven aspects in the development of a

resilience capabilities matrix.

Ponis (2012) uses a literature review to form a framework based on four elements
(Agility, Redundancy, Collaboration, and Physical and Informational Structure), arguing that
more of an element will improve resilience. In this work, Flexibility was identified as a
component of Agility. Similarly, Pettit et al. (2010) identified sixteen resilience capability
factors. In their work, the flexibility was comprised of two factors (Flexibility of Sourcing
and Flexibility of Production), and the elements that Ponis used to define Physical Structure
were distributed between other factors such as Dispersion and Visibility. Collaboration
appeared in both works, with no significant differences in its underlying elements. Pettit et
al. (2010) also uses seven vulnerability factors which are said to degrade resilience, and they
propose that effective Supply Chain Resilience strikes a balance between capabilities and
vulnerabilities to avoid eroding profits or becoming overexposed to risk. This mirrors the
approach by Blackhurst et al. (2011), which organizes a framework around Resilience
Enhancers and Reducers in a 2x2 matrix. They propose that balancing Supply Chain
Resilience is achieved by increasing the level of Enhancers and lowering the level of

Reducers.

For the purposes of this literature review, these common factors have been condensed
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to: Redundancy, Structural Knowledge of the Supply Chain, Flexibility, Visibility, and Risk
Management Activities. Table 5 provides a basic definition of each factor, along with an
indication as to whether or not it was explicitly or prominently featured in the foundational
works listed. This research proposes that the first two factors listed, Redundancy and
Structural Knowledge of the supply chain are both central to recovery from disruptions and

related to mathematical models that may be used to formulate improved recovery policies.

Ponomorov and Holcomb (2009) acknowledged that flexibility was a formative
element of Supply Chain Resilience, and stated that it was a product of a coherent logistics
structure with the ability to respond to disruptions. In this way, flexibility is seen both as a

physical characteristic of the supply chain and as a trait that the supply chain exhibits. In

Table 5: Resilience Factors in Literature

L. _ Paper Number
Factor/ Description/Definition P
Element ! 2 3 : >

Spare capacity within a supply chain.
Redundancy: Includes redundant capital resources and X X X X X
excess capacity or idle time.

Understanding of the physical structure of the

Structural . supply chain and the connections between its X X X X X

Knowledge:
elements.

Flexibility: Ability to quickly f:hange configuration to X X X X
adapt to new conditions

Visibility: Awareness of the status of supply chain X X X X X
elements and customer demand.

Risk Activities undertaken to identify risks, and

Management work done to prepare for or prevent risks X X X X

Activities: from becoming manifest.

Paper Index: [1] (Pettit, Fiksel, & Croxton, 2010), [2] (Ponomarov & Holcomb, 2009), [3] (Ponis
& Koronis, 2012), [4] (Blackhurst, Dunn, & Craighead, 2011), [5] (Christopher & Peck, 2004)

“X” Indicates the presence of the factor or element in the research.
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their overview of resilience, flexibility and agility were listed as elements of the same
construct. Conversely, Ponis (2012) suggested that Flexibility was an antecedent of Agility,
and a supply chain must possess flexibility in order to demonstrate agility. Christopher and
Peck (2004) saw flexibility as a physical property and an output of effective design and
management of redundancies within the supply chain. Pettit et al. (2010) identified
flexibility in sourcing and flexibility in order fulfillment as separate resilience capability
factors, which are more aligned with physical properties of the supply chain than traits of its
function. Stevenson and Spring (2007) stated that flexibility in and of itself is a multi-
dimensional construct that has yet to be fully clarified in the larger supply chain literature but
that it is a capability that does not have to be demonstrated to exist. It has also been
suggested that in addition to improving resilience, flexibility has benefits in the normal
course of operations (Sheffi & Rice Jr., 2005). Although there is no empirical method to
measure flexibility across supply chains, the literature reviewed suggests that flexibility is not
a function of the physical characteristics of the supply chain, but is rather a description of its

operation and a trait that can be exhibited.

There is considerable alignment in the literature in regard to redundancy, which can
take on many forms. Safety stock, backup capital equipment, reconfigurable equipment,
open capacity, multiple suppliers, reserve workforce, and multiple routings are all sources of
redundant capacity. Some studies discuss redundancy in general terms, calling it a primary
factor or capability of resilience (Pettit, Fiksel, & Croxton, 2010). Others cite the benefits of
specific forms of redundancy, such as safety stock, but see it as a less important component
of Supply Chain Resilience (Blackhurst, Dunn, & Craighead, 2011). Nevertheless,

redundancy is discussed frequently in Supply Chain Resilience literature, and it represents a
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paradox for practitioners in terms of Supply Chain Resilience because it imposes an
incremental cost on a supply chain (Sheffi & Rice Jr., 2005) and is frequently driven out of
the supply chain by modern production theories such as Lean Manufacturing, which often

involves highly specialized processes and low levels of inventory.

Structural knowledge of the supply chain and its underlying themes were specifically
highlighted in each of the resilience frameworks in the studies reviewed. Some frameworks
deemed structural knowledge to be a “fundamental prerequisite” or primary factor of Supply
Chain Resilience (Christopher & Peck, 2004). Others described it as an antecedent of
resilience but not a primary factor (Ponis & Koronis, 2012). The common theme of structural
knowledge of the supply chain can be summarized as an understanding of the physical and
informational connection between the individual elements (Choi & Hong, 2002), and an
understanding of where pinch points, risks, and critical paths reside within a system
(Christopher & Peck, 2004). It is believed that this understanding leads to more effective
disruption preparation and mitigation. In their framework, Pettit et al. (2010) placed these
elements under the factors of Dispersion, Collaboration, and Adaptability. In their
descriptions, Dispersion and Collaboration represent an awareness of both physical and
informational structures, while Adaptability is the ability to act in a manner that mitigates the
impact of a risk. Blackhurst et al. (2011) characterized the idea of structural knowledge as a
monitoring of risks at each node of the supply chain, and as the ability to quickly redesign the
physical supply chain. Blackhurst et al. (2011) also discussed structural knowledge in terms
of redundancy by highlighting that the location and amount of safety stock in a supply chain

was important to improving resilience.
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Measuring Resilience

One problem in regard to Supply Chain Resilience is that researchers have yet to
develop and validate a method to objectively quantify it across supply chains. Pettit et al.
(2010) extended their own earlier work to develop an assessment tool and measurement
model based on their sixteen capability factors and seven vulnerability factors (2013). Soni,
Jain, and Kumar (2014) developed a deterministic model for measuring Supply Chain
Resilience based on an amalgamation of resilience factors found in the literature. Both
studies propose fixed scales (0%-100%) that are sufficient for assessment within and across
supply chains, but the methods have not been validated through comprehensive empirical

studies.

Because the process of recovering from a disruption is central to Supply Chain
Resilience, characteristics of the recovery process are often used as a proxy for resilience in
the literature. As discussed previously, measurements such as financial impact and duration
are only meaningful when placed into the context of a specific supply chain and disruptive
event. Those measurements, however, are the primary method for investigating methods to
improve resilience and are illustrated in the following section, which discusses supply chain

recovery.

Supply Chain Recovery

Although there have been several supply chain and operational recovery models put
forth in the literature, there have been few that seek to develop general models for the

purpose of recovering from a disruption. Recovery models to date usually center on very
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specific operational conditions and assumptions, meaning they are not easily adapted to other
configurations. Furthermore, this review has found little evidence in quantitative literature
that factors of resilience, beyond spare inventory or production capacity, have been
effectively integrated into modeling techniques. This is not necessarily surprising,
considering that the study of Supply Chain Resilience is still in its infancy and that new
research is continually shaping how academics and practitioners understand resilience. Also,
much of the literature related to recovery policy predates recent foundational work in
identifying resilience factors. Another problem is that many of the quantitative studies that
are specific to a particular type of network design seek to find a long-run mathematical
optimum relative to operational costs, which is known to be only one of many components to
an effective recovery. This suggests that recovery in a Supply Chain Resilience framework

involves more than finding optimal solutions using network modeling.

Macdonald and Corsi (2013) cited the lack of post-disruption research currently
available as a problem and suggested that a better understanding of managing recovery
processes would be of value. This, along with their findings that the severity of a disruption
and its impact on an organization are subject to firm-specific circumstances, suggests that the
process of recovery is more akin to a tactical or operational process than an overarching
strategic process. Scholten et al. (2014) reinforces this idea with their assertion that
managers ought to preemptively establish networks and infrastructures so they may “direct
and prioritize resources accordingly” during a disruption. In doing so, managers will stand a
better chance of influencing the effectiveness of the recovery, as well as the organization’s
perceptions of the disruption and recovery process. In a similar finding, Ponomarov and

Holcomb (2009) thought a thorough understanding of the supply chain (Structural
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Knowledge) was important when responding to a disruption, because by understanding the
capabilities and connectedness of its elements, managers are able to make decisions with
increased effectiveness and confidence. The importance of managerial decision-making and
influence is not often addressed in recovery models, but is clearly an important component of

resilience and recovery.

Recovery Models

Most mathematical recovery models found in the literature investigate specific
supply chain design configurations and treat disruptions as random “shocks” to the system.
These shocks are normally in the form of lost capacity or a supply shortage for a period of
time. The effectiveness and efficiency of the recovery are usually based on objectives that
center on minimizing costs associated with production, inventory, and lost sales. Although
the volume of research that has been conducted precludes an exhaustive exploring of this
research stream, recovery models can be generalized into two broad categories: 1) models
that optimize recovery costs for an existing supply chain configuration that has been
disrupted, or 2) models that seek to optimize the configuration of a supply chain to improve
its propensity to recover quickly. Because this research is centered on recovery as opposed to

design, emphasis is given to the first category.

One of the simplest supply chain configurations is that of a single machine under
predictable demand, which can be managed using an Economic Order Quantity (EOQ)
approach. Tang and Lee (2005) developed a strategy for recovering a two-product, single
machine system that experiences probabilistic breakdowns. Their solution procedure

involves a manager selecting a strategy to pursue once the machine is returned to service
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(e.g., continue running the current product vs. switching products). They found that
generalized rules could be formulated to guide the manager in selecting the best approach.
Their objective was to return the production schedule to normal in terms of inventory levels
so that the original scheduling strategy could be resumed. In this least-cost approach, the best
strategy was largely a function of holding costs and inventory levels of products. Backorder
and lost sales costs were not considered. Similarly, Hishamuddin, Sarker, and Essam (2012)
investigated a recovery model for a single-stage production and inventory system under
random disruption occurrence and duration. The solution algorithm developed for this work
produced both optimal lot sizes and the number of production cycles needed to return the
system to the normal schedule. Their objective was to minimize total cost over the recovery
period when considering setup, inventory holding, backorder, and lost sales costs. Although
the model allows for advance notice of a disruption’s occurrences, a limitation of their
approach is that it stipulates that sufficient idle time be available in the system to absorb the
shock. In other words, there is no means to supplement production with redundant capacity
that may be available. Eisenstein (2005) investigated a similar condition, the case of cyclical
production on a single machine, using a dynamic Produce-Up-To (PUT) policy for recovering
from disruptions. This work also leveraged the inherent idle time of the system to adjust PUT
parameters when disruptions produce either an inventory shortfall or an inventory surplus
through single or multiple shocks. The objective of the approach is to determine the efficient
sequence and PUT levels for the next jobs as the current job’s production cycle ends.
Performance in this research is measured in terms of cost and stability of the inventory levels

compared to a steady-state.

Chen, Zhao, and Zhou (2012) developed a model for periodic review systems with a
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single backup supplier (a source of redundant capacity) to describe optimal replenishment
policies for cases when the usual supplier is unable to fulfill demand due to a disruption. In
their formulation, an assumption is that the backup supplier has limited capacity, larger fixed
and variable costs, and longer lead times relative to the preferred supplier. Their formulation
incorporates this source of redundant capacity into the supply chain structure, and utilizes a
probabilistic assessment by a manager for the availability of the primary supplier to arrive at

an ideal quantity to order from the backup supplier for the period in question.

Other approaches have been extended to cover more complex situations. Schmitt
(2011) developed a network model for a multi-echelon system which might face disruptions
at any level and also incorporated a strategy to employ backup facilities and inventories.
These strategic backup resources represent both reactive and proactive approaches to
mitigating disruptions, and the study investigated important relationships between the
model’s parameters, such as the amount of inventory held in strategic reserve and the number
of planning periods required for backup facilities to begin contributing to demand. The
limitation of this study was that the objective was maintaining a long-run service level

requirement.

The most comprehensive work to date in modeling supply chains for the purpose of
improving resilience was performed by Hu (2013) and consisted of the modeling of
manufacturing enterprises. In this work, a mathematical model for generic manufacturing
structures was developed to determine optimal production and inventory policy when one
area of the enterprise experienced a disruption. Unlike prior research, which is limited by the
specific configuration(s), the general model presented in this research is able to describe

almost any production-inventory system.  Additionally, the model incorporated a
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comparatively wider array of cost structures than has been considered in previous research
and included production, storage, backorder, and setup costs. The underlying purpose of the
model was to provide a minimum cost solution for inventory levels once a disruption’s

occurrence became known.

Another important aspect of supply chain recovery that is not frequently mentioned
in the literature is that the actual state of a supply chain at the beginning of a disruption will
reasonably influence the recovery strategy chosen by managers. Inventory levels, resource
availability, and the speed at which a supply chain’s entities can physically respond to a
disruption will all likely carry great influence over the recovery strategy pursued by
managers. Although some recovery models, such as Eisenstein (2005), have the ability to
integrate some state variables into a solution procedure, the ability to tailor the networks
parameters is not adequately addressed in current recovery formulations. To illustrate,
consider the proposed model of Hishamuddin et al. (2012), which stipulates that there be
sufficient capacity in the system to absorb a shock in order to solve for a recovery plan. It is
conceivable that a system that is able to absorb a shock when inventory levels are high might
not have sufficient idle capacity to absorb the same shock when inventory levels are low,
meaning the usefulness of the model is dependent upon the state of the system. In contrast,
the formulations developed in this research are structured to allow for feasible solutions

regardless of the state of the supply network.

Gaps in Existing Research

These and other studies relating to supply chain recovery conceptually demonstrate

the effects of disruptions on a system, but are rigid in their configurations and assumptions.
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Researchers have suggested that generalized models with few rigid assumptions would be
useful in practice (Schmitt, 2011). It is also likely mathematical models will not find
widespread use until such a model is developed and validated. Furthermore, although
optimizing long-run operational parameters is practical, recovery models within the context
of Supply Chain Resilience should also be designed to provide clear information to managers
regarding the trade-offs of their decisions. This is a gap between the needs of supply chain
managers and the available tools for managing the recovery. This research aims to narrow

this gap by addressing the following problems:

1. Despite agreement in the literature that traditional supply chain metrics are favorable
for solving supply chain recovery problems, researchers have yet to develop a general
model that is both useful for the supply chain recovery process and adaptable to a

variety of supply chain configurations.

2. Existing models have not provided a means for, or guidance relating to, the necessary
interaction between supply chain managers and the recovery models. This research

proposes that the most pressing needs in this regard are the ability to:

a. Integrate sources of redundant capacity that are outside of the usual supply chain
into the recovery process, and allow managers to choose recovery strategies that

access those sources according to their preferences or needs.

b. Assess trade-offs between different strategies for deploying redundant capacity,
or trade-offs within a specific strategy in regards to recovery costs, while

maintaining the ability to pursue optimal strategies.
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METHODS AND PROCEDURES

Problem Description and Modeling Approach

As discussed in Chapter Il, current literature suggests that research efforts for
recovery models thus far have been primarily geared toward the adaptation of preexisting
supply chain and production models to the recovery problem. As a result, the models
available to practitioners are restricted to narrowly defined supply chain configurations, and
they often do not consider the important resilience factor of redundancy in the formulation.
Findings from the Supply Chain Resilience literature have also indicated that the disruption
recovery process requires more than just modifications to existing planning methods. More
specifically, the efficient deployment of redundant capacity at the opportune time and
location appears to be central to the recovery of disrupted supply chains. Furthermore,
research suggests that managerial decisions early in the recovery process are vital to
recovery, meaning models that only provide optimal solutions without providing information
regarding capacity trade-offs or pinch points in the supply network might be of limited

practical value during a disruption.

Guided by the findings of the literature review, a Linear Programming (LP) model
was developed to integrate these important characteristics and facilitate a flexible approach
that is suitable for modeling a wide variety of supply chain configurations. Numerical

experiments were used to validate the model and to test hypotheses related to the research

31



32
guestions presented in Chapter . The underlying structure of the model is that of a Minimum
Cost Network Flow Problem (MCNFP) formulation, which was chosen for its ability to
effectively represent a variety of supply chain network configurations. Side constraints were
used to augment the standard model and accommodate different network configurations.
Binary variable constructions were used to control decisions related to acquiring redundant
capacity, resulting in a Mixed Integer Programming (MIP) formulation for the final model.
Modifying the MIP formulation by removing binary decision variables and adjusting the
Right-Hand Side (RHS) values for specific constraints in the formulation allowed the model
to be solved as an LP relaxation to yield valid sensitivity information for redundant capacity
decisions. This chapter discusses important characteristics of the network structures used in
the development of the mathematical formulation for this research and describes the

experimental procedures used to validate the model.

Network Structures

Basic Flow Network Structure

One of the most basic flow networks is the minimum-cost network flow model
(Figure 2). The MCNFP formulation is a generic network form that has been useful in
modeling a wide variety of supply chain configurations. The objective of the formulation is
to send flow from source nodes, which represent the supply chain’s resources, to a sink node
representing customer demand. Flow is routed through the arcs of the network according to
decision variables that relate to managerial decisions. The model’s constraints and

parameters represent the design and structure of the supply chain itself and include those for
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productive capacity, storage capacity, and demand. When solved, variables, constraints, and
parameters provide a least-cost solution. The value of the MCNFP is that the formulation can
be tailored to accommodate a wide array of network conditions through the addition of side

constraints.

In terms of a supply chain, the nodes of an MCNFP network can represent machines,
factories, warehouses, customers, or can be indexed to accommodate discrete time periods.

The network’s arcs can represent both the production of goods and the movement of material
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x;j = number of units of flow sent from node i to node j through arc ij

Xy,; = number of units of flow sent from node k to node i through arc ki

b; = net supply (outflow — inflow)at node i

¢;j = cost of transporting 1 unit of flow from node i to node j through arc i, j
l;j = Lower bound on flow through arc i, j

u;; = Upper bound on flow through arc i, j

Figure 2: Basic Network Flow Model
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between machines, factories, warehouses, or time periods. The presence and direction of the
network’s arcs relative to its nodes dictate the function of the node itself. Nodes that only
have arcs originating from them are source nodes, which supply the network with flow.
These nodes are usually, but not necessarily, the physical structures of the network. Nodes
that only have arcs terminating at their location are sink nodes, which accumulate all the
flows of the network. Nodes with arcs in both directions are transshipment nodes and
represent the physical structures of the network. It is often the case that a network contains a
single source and a single sink, referred to as a global source or sink. The formulation
developed for this research incorporates a global sink node to accumulate all customer
demand that has either been filled or left unmet. The formulation uses multiple source nodes,
which either represent the beginning of the supply chain or provide additional flows

necessary to fill demand that is left unmet by the supply chain.

Supply Chain Structures

Although the MCNFP formulation is capable of solving a wide array of network
problems, it often requires that its structure be modified for specific conditions. This
generally involves the addition of side constraints but may also involve changes to the basic
constraint structure. Structures that are featured prominently in the supply chain literature
include those for accommodating multiple production sources, assembly operations, multi-
period planning, and the scaling of flows, as well as the ability to accommodate late or unmet

demand.

The first structure illustrates a scenario where flow within a supply chain arrives from
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more than one location, as is the situation when multiple facilities or machines can be used to
meet demand (Figure 3). In the general case, the production volume at any location is
determined by the relationship of its associated cost parameters to the other resources. The
nature of the minimization formulation forces the lower cost option for filling demand to be
utilized first. However, it is also possible that the use of multiple sources occurs only in

special situations such as a capacity disruption. In these cases a decision is necessary and

minz = 1,000}/1‘1,2 + lealz + 5x1b'2 + 8x1€'2 + 7x1d,2

s.t.

X102 < 10 4)
X1p2 < 10 (5)
X102 <10 (6)
X1z < 10 )
X1q2 T X1p2 T X1c2 T X142 = X23 =0 (8)
Xp3 =25 ©)
X102 < MY142 (10)
*ij = 0 Vi,j (11)
Yia2 = 0,1 (12)

Figure 3: Network Example with Multiple Sources
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additional constraints are needed to allow the redundant source to contribute when some
criteria is met, such as the benefits of its use outweighing a fixed charge. In many redundant
capacity situations, this fixed charge is required to access the redundant capacity. Both of
these situations are illustrated in the network configuration shown in Figure 3, in which three
primary source nodes, 1a, 1b, and 1c, supply transshipment Node 2 through arcs X145, X1 2,
and X;.,. Their individual capacities, which are illustrated in constraints (4) through (7), are
usually able to at least meet the demand of Node 3 (25 units of flow through arc X, ;) . Node
1d is an auxiliary node that will only contribute if the binary variable y,,, representing a
decision, is set equal to 1 in constraint (10), which will happen only in cases where the
savings achieved by utilizing Node 1d are sufficient to overcome the fixed charge associated
with the y, 4, variable in the objective function. Therefore, the binary variable represents a
decision to utilize the capacity of that node, and constraint (10) is necessary to prevent the
solution procedure from routing flow through Node 1d instead of 1c, which is a more

expensive option.

Another situation common in modeling supply chains occurs when one location
receives flow from more than one source and then passes flow on to other nodes downstream
in the supply chain. When the flow into a node is not the same as the flow leaving the node,
additional constraints are required to maintain the proper proportion of flows in and out of the
node. This is typical in networks for assembly operations or when the flow out of a location
must be adjusted to account for losses incurred in the normal course of operations (e.g.,
fallout due to quality control activities). Figure 4 illustrates an assembly operation, where

Node 2 collects flow from three sources and then passes flow on to Node 3, which is
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downstream. Nodes 1, 2a, and 2b produce flows that are “assembled” at Node 2. Node I1 is
a transshipment node. To produce 1 unit of flow for Node 3, Node 2 must receive 1 unit each
from Nodes 11 and 2a, and 2 units from 2b. In this research, assembly operations are
accommodated by adding one additional side constraint for each additional resource involved
in the operation. The total flow demanded by Node 3 is 25 units, shown by constraint (15).
The assembling of flows requires Node 2 to balance while considering the flows for Nodes
11, 2a, and 2b by way of constraints (16), (17), and (18). In other words, all three constraints

must hold true when passing flow on to Node 3. Constraints (19) and (20) are capacity limits

1 Required e e 2 Required
1 Required
% e\ @

min Z ci,jxi’j

all (i,j)

s.t.

xl,ll < 25 (13)
X1 — X2 =0 (14)
Xy3 =25 (15)
Xp2 — X3 =0 (16)

X2q2 —X23= 0

17)

2X3p7 — X3 = 0 (18)

X2q2 < 75 (19)

xzb,z < 110 (20)
x;; =0

Y Vi, j (21)

Figure 4: Network Example with Assembly Operations
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for Nodes 2a and 2b respectively.

The previous example considered only a single planning period, but in most supply
chain applications constructing models that span several planning periods is desirable. Multi-
period planning can be accomplished by indexing the set of nodes and arcs for multiple
discrete time periods and then creating links between the periods with transhipment nodes. In
this research inventory nodes are constructed as transhipment nodes to allow for inventory to
be held from one period to the next. The constraints for each resource are indexed to account
for each period, and the links between periods are made by appropriately modifying
constraints for transshipment nodes. Figure 5 illustrates this technique by indexing the
network in Figure 4 for a second period and adjusting constraint (14) to link the periods.

After adjusting, the new constraint is of the form shown in constraint (14a).

Another use of multi-period supply chain models is the ability to fullfill demand in

.......

X111, — X2 — X111, = 0, (144a)

X <25
11,11, (22)

Figure 5: Time-Phased Supply Chain
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Figure 6: Multi-Period Supply Chain with Backordered Demand

subsequent periods through backorders. Figure 6 depicts a 3-period supply chain comprised
of the single factory (F) and inventory location (I1). A customer, Node C, demands product
in all three periods. If the capacity at F; plus the available inventory at the inventory location
I, are unable to meet demand for Period 1, that remaining demand may be filled in
subsequent periods through the arcs that connect inventory nodes for Periods 2 and 3 (I, and

I5) to the customer demand in Period 1 (Cy).

Model Formulation

Basic Model Formulation

This section modeling formulation and notation developed for this research, hereafter
referred to as the Supply Chain Recovery Formulation (SCRF). Parameters and coefficients

of the model represent demand, costs, and capacities of the network activities, and the nodes
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of the network represent the networks resources, inventory location, customers, and global
source and sink nodes used to balance and accumulate flows. The network’s arcs represent
activities such as the production or storage of goods, the filling of demand, and the holding of
inventory. An important aspect of the model’s structure is the handling of redundant
capacity, which is not normally utilized in an undisrupted supply network but is accessed
during periods of disruption. This is accomplished through the addition of a binary decision
variable structure. In the formulation, resources are comprised of nodes insetP € (1, ... p)
and are indexed with i. Redundant resources are comprised of the set D which is a subset of
P (D c P). Inventory locations are comprised of nodes in the set V € (1, . . . v) and are
indexed with j. Notations for nodes, arcs, and parameters are described in individual sections
below for clarity, with the structures dedicated to modeling redundant capacity decisions

residing in their own section.

Parameters
N Number of planning periods
t Planning period index
k Planning period index, forward-looking (k = t+1, . . N)
i Resource node index
j Inventory node index
Tit Capacity limit for Resource R; in Period t

A,}.Ri Scaling factor for Resource R; drawn from Inventory I;
Scaling factor for Inventory I; drawn from Resource R;
Inventory holding limit for Inventory I; from Period t to Period t+1

o Initial inventory level for Inventory I



d; Customer demand in Period ¢

Cost Coefficients

Nodes

Arcs

ag..1.. Costof flow from Resource R;to Inventory |; in Period t
Ritlje J

Br. Cost of flow from Inventory I;, Period t to Period t+1
It J

6,].t Cost of filling demand for Period t from Inventory |,

6.5y Cost of filling demand in Period t

wer,  Cost of unmet demand for Period t, filled from Inventory I; in Period k

wsor Cost of unmet demand for Period t, primary cost

ws;  Costof unmet demand for Period ¢ secondary cost

Ri; Resource R; in Period t

Ijt Inventory Location I; in Period t
Dy Customer demand for Period t
U Unmet or late customer demand for Period t

SO Source node for unmet demand

SI Sink node for both met and unmet demand
XRel ¢ Flow from Resource R; to Inventory I; in Period t
IRy Flow from Inventory I; to Resource R; in Period t

I Flow between Inventory I;, Period t to Period t+1
j(t+1)

D,jt Fulfilled demand for Period t from Inventory |

41
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Utry,,  Unmet demand for Period t, filled from Inventory I; in Period k

Usor  Flow from source to unmet demand for Period t

Ligs Flow from Inventory I; from the last Period t to the Sink

D;s;  Fulfilled demand for Period t

Uss;  Unmetor late demand for Period tat the end of the planning horizon

Redundant Capacity Decision Variable, Cost Coefficient, and Right Hand Side parameter

Yg Decision variable to use Redundant Resource R;
YR Cost to activate Redundant Resource R;
bg, Right Hand Side parameter (total capacity) for Redundant Resource R;

M; Large number, greater than Y2, r;, for Redundant Resource R;

The basic SCRF formulation is described as follows: The objective function (23)
minimizes the overall cost of the production plan over the planning horizon. Constraint (24)
controls the decision to utilize or not utilize redundant capacity. Flow balancing constraints
are shown in Equations (25) through (28). Constraint (25) balances inventory nodes,
constraint (26) balances demand nodes, constraint (27) balances unmet demand nodes, and
constraint (28) balances resource nodes. Constraint (29) sets the capacity for resources, and
constraint (30) sets the inventory storage capacity from one period to the next. Constraint
(31) establishes the initial inventory levels. Constraint (32) requires that all demand is either
met or unmet at the end of the planning period. Constraint (33) addresses the binary nature of

the decision to access redundant capacity.
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VjevV, t (30)

VjevV (31)

Digp + Upgy = d; (32)
Vit

Yg, = Binary
VieD (33)

Scaling Factor

A parameter (A) is utilized in this formulation to facilitate both the modeling of
assembly networks and the changes to flow volumes that occur in many supply chain
operations. This parameter functions as a scaling factor for flows passing through a node and
is able to help control the aggregation, magnification, and reduction of flows. The parameter
may be applied to the flow balancing constraint or constraints for any resource or inventory

location as necessary. For an assembly operation, the scaling factor 4, . represents the

number of input units required from inventory location I;; for a single output unit at the
assembly Resource R;;. For instance, if an assembly operation occurring at a production
node R requires two units of component A, three units of component B, and a single unit of
component C to produce a single assembled unit D, three balance constraints in the form of
Equation (23) are needed. Using the notion described above and assuming that the assembled

units are passed to an inventory location designated I, and that flow arrives to R, from
inventory locations I, , Iz , and I , the resulting set of three constraints in the first period

would be:
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IIA1RD1 - 2XRD11D1 =0
IIB1RD1 - 3XRD11D1 =0

IIC1RD1 - XRD11D1 =0

The scaling factor can also be applied to accommodate for other flow reducing
supply chain characteristics, such as losses that occur due to quality control activities. For

example, if a product is tested using destructive methods that result in a 5% loss, the scaling
factor 4;,z, = 0.95 may be applied to constraints in the form of Equation (28). Consider this
situation where a resource R, supplies an inventory location I, in the first period of the
planning horizon, and goods will then be sent on to a downstream resource Rz. The flow

balance constraint for the production resource Ry in this situation may be written as:

0'9511A1R31 - XR31131 =0

Sensitivity Analysis

The SCRF formulation is solved as an MIP to provide a global optimal solution with
a set of least-cost decisions for the deployment of redundant resources, for the production
levels of both redundant and existing resources, and for inventory levels. The variables in the
model also provide information related to late and unmet demand. Altering the formulation
slightly allows the model to be solved as an LP, from which sensitivity information can be
obtained. To solve as an LP, the objective function described in Equation (23) is replaced
with Equation (23a), and the constraint described in Equation (24) is replaced with Equation

(244a).
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minz = Z Wes Upsy + Z 61, Dest + Z Z Z ARt XRyptje T Z Z Brjeltje iy
t t t 1 t
N
+ Z Z 01y Drje Z Z Z Weti Ut
t J

t k=t+1 j
(23a)

ZZXRitht s bRi
t J

VieD (24a)

These alterations consist of removing binary variables and large number coefficients
M; that are associated with redundant resources. In the LP relaxation, the activity of a
redundant resource and its overall capacity level becomes subject to the Right Hand Side
(RHS) parameter bg, of Equation (24a). This equation limits the total capacity available in
all periods, while the individual capacity constraints for a given resource regulate its ability to

produce in any given period.

Because optimal solutions to network flow problems are often degenerate in practice,
obtaining accurate shadow prices for incremental decisions is usually not possible. However,
these modifications provide the ability to obtain shadow prices and allowable increases.
Sensitivity information, derived by using the Capacity Evaluation and Deployment Algorithm
(CEDA) developed for this research, provides a framework for making decisions for any
resource modeled using the redundant resource structures. The algorithm considers both the
incremental cost of production and the fixed costs associated with bringing the resource
online. While the intention of the CEDA algorithm is to determine the location of the

network where additional capacity would have the greatest impact on the objective function,
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its structure is well-suited to evaluating decisions based on managerial preference and
discretion. Notation for the CEDA algorithm approach to sensitivity analysis is introduced

below.

SP;,  Shadow Price for a Redundant Capacity Source R;,

Alg,  Allowable increase in bg, for a Redundant Capacity Source R;
ADg,  Allowable decrease in bg, for a Redundant Capacity Source R;
c RHS of constraint for a Redundant Capacity Group R

SPg,  Shadow Price for a Redundant Capacity Group R;

Alg,  Allowable increase in b for a Redundant Capacity Group R

Yo Cost for activating resources for a Redundant Capacity Group R
€ A small number for perturbing RHS parameter bg, or by,
C The increase in capacity allotted to a Redundant Capacity Source or Group

The CEDA algorithm is developed to evaluate sources of redundant capacity
according to their ability to impact the objective function of the model. Rather than
investigating several constraints, which may be degenerate, to find the most effective location
within the network to deploy additional resources, the decisions criteria are reduced to the
evaluation of a single constraint for each redundant resource or group of resources that work
together to improve the objective function. The evaluation is therefore simplified, because it
is independent of the number of planning periods, the complexity of the network, or the

location of the resources within the network.

Although in many cases the addition of capacity to a single resource will result in an
improvement to the objective function, situations do exist where more than one resource is

necessary to improve the flow through or within the network. Two examples illustrate
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circumstances where a group of redundant resources may be necessary. Consider first, a case
when complementary resources are disrupted concurrently, as might happen when two
production cells are damaged during a severe weather event. Additional capacity for only
one resource may be insufficient to improve flow if the production cells are in series.
Another instance where a group of resources may be necessary occurs when multiple
resources (either disrupted or undisrupted) are operating at full capacity. It is possible that
increasing the capacity related to only one of the complementary operations will not
necessarily increase flow or improve the objective function. Of course, these instances are
not of great concern when solving the MIP formulation because the appropriate grouping of
redundant resources will be found when the model is solved. However, groups of resources
must be identified explicitly when solving the model using the LP formulation for the

purpose of obtaining sensitivity information.

A pseudocode description of the algorithm is provided in Appendix A. The CEDA
algorithm begins by formulating the problem as an LP model. Next, the RHS values (bg,) of
constraints associated with redundant resources in the form of Equation (24a) are set equal to
some initial allotted capacity. This value determines the maximum amount of capacity that
the resource can contribute during all planning periods. The most reasonable value in most
cases will be zero so that the algorithm itself can determine the appropriate increase in
capacity. This is repeated for each redundant resource constraint, and the model is solved to

determine an optimal solution, given these initial allotments.

Once an initial optimal solution is obtained, the iterative portion of the algorithm
begins. The RHS values for each redundant capacity constraint in the form of Equation (24a)

are individually increased, or perturbed, by some small amount . The model is then re-
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solved, and valid sensitivity information for the perturbed constraint can be obtained. The
shadow price (SPg,) and allowable increase (Alg,) for the resource are stored to produce a
shadow price function using the equation described below. After developing the shadow
price function, the RHS value of the constraint is returned to its initial value by subtracting

the small value «¢.

f(©) = SPg,C — Vg, YR, (34)

The variable Yg, in the shadow price function is a binary variable that is set equal to
one if the value of by, is equal to zero in the current optimal solution, indicating the resource
has not been used. In the same manner as the MIP formulation, this variable applies to the
fixed charge for the redundant resource if needed. The increase in capacity allotted to the
resource (C) can be any value up to the allowable increase. In this research, the allotted
increase is always set equal to the allowable increase (Alg, = C). The process of perturbing

constraints is repeated in order to develop shadow price functions for each resource.

Once shadow price functions for each redundant resource are obtained, the algorithm
calls for the evaluation of any grouped resources being considered. Shadow price functions
are obtained for grouped resources using a similar procedure as for individual resources. The
first step combines each of the individual constraints in the group into a single constraint.
The individual constraints are then removed from the formulation. Because RHS values for
the individual constraints represent the allotted capacity for the resource, combining
constraints by summing the RHS values for all resources in the group produces the total
capacity of the group. Each of the individual resource’s variables are included when

constructing the Left Hand Side of the combined constraint in a process that essentially
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collapses the individual constraints into one. A similar process of perturbation and evaluation

is then performed on the grouped constraint to obtain sensitivity information.

Shadow price functions are obtained in the same manner as with individual resources,
with the values for SP,. and C being obtained directly. A series of binary variables Yg, and
fixed cost parameters yg, are required for each resource in the group.  The shadow price and
allowable increase for the group of resources that are obtained represent the group as a whole,
and as a result, any increase in capacity must be distributed between the individual resources

of the group.

Once shadow price functions are obtained for each resource or resource group, the
final values for each function are assessed to determine which redundant capacity source or
group is to receive additional capacity. Although in this research the resource or group of
resources that produces the greatest savings for the objective function is chosen, other criteria
may also be used. The RHS value for the resource or group selected is then adjusted by the
value C of the shadow price function. In the case where a grouped resource is chosen, the
capacity must be distributed proportionally according to its required contribution to the flow
of the network. This procedure is described in detail in the pseudocode contained in
Appendix A and is illustrated in the example given in the next section. Once the new RHS
value is obtained, the algorithm can be repeated until no more improvement to the objective

function is possible.
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CEDA Example

To illustrate the operation of the CEDA algorithm, consider the 2-resource, 4-period
serial network modeled according to the SCRF formulation shown in Figure 7. Customer
demand is satisfied on the arcs connecting Iz, and DM, for each Period t. Demand is equal
to 100 units in each period (DM, = 100). The total capacity of resources A, and B, are
100 units for any Period t, which is enough to satisfy demand under normal conditions. In
this example, capacity is disrupted during the second period for both resources (4, = 90 and
B, = 80), and Resource B is also disrupted during the third period (B; = 80). Redundant
capacity is available as support for each primary resource at an incremental unit cost plus a
fixed charge if the source is in fact utilized. The capacity and costs related to the four

redundant resources are shown in Table 6. The CEDA algorithm is initialized by first

Figure 7: CEDA Example Network



52

Table 6: CEDA Example — Redundant Resource Characteristics

Associated

Resource 1 2 3 4
A al 750 10 0 5 5 5
a2 1,000 12 15 15 15 15
B b1 1,000 11 10 10 10 10
b2 750 13 15 15 15 15

formulating the problem according to the SCRF formulation and then incorporating the

changes described in Equations (29) and (30). The initial capacity allotment for all redundant

resources are then set to zero (bg,=0).

The following series of graphics and tables illustrates the execution of the CEDA
algorithm on an iteration-by-iteration basis until all demand is satisfied. There is no
production on redundant resources in the first iteration of the algorithm, because values for all
by, are initially zero, leaving some demand unmet. Solving the formulation as a linear
program produces the network state illustrated in Figure 8 and the sensitivity information in
Table 7. Shadow price functions are obtained from individual shadow prices and allowable

increases to determine the best location to add capacity for this network state. If a redundant
resource currently has a RHS or final value of zero, its corresponding variable Y, is set equal

to one, and a fixed cost is incorporated into the shadow price function. When the benefit
from adding capacity on a resource is sufficient to overcome its fixed charge, then adding the

capacity is a net gain for the network in terms of cost.

For the first iteration, the shadow prices for Resources al and a2 are equal to zero,

meaning that allotting additional capacity to those resources will not improve the current
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objective function. Shadow prices for both b1 and b2 are negative, meaning that each unit of
additional capacity allotted to those resources will improve the objective function by the
value of the shadow price. From the shadow price function column, it can be found that
increasing capacity of Resource b2 up to the allowable increase of 10 units will produce the
greatest reduction to the objective function in the current state (Alg, = C). The calculations
for evaluating the shadow price function for Resource b2 at its allowable increase are as

follows:

f(C) = SPg,C — vg,Yg, = (=5,183) = (10) — (=750) = (1) = —51,080

The RHS of the constraint associated with redundant Resource b2 is increased by 10
units, and the problem is again solved as a linear program to obtain new shadow prices and
allowable increases. Figure 9 illustrates that the solution procedure for the LP formulation
applies the 10 units of additional capacity to the network in Period 2, which in-turn increases
the production from Resource A in Period 2 from 80 to 90 units, and the total demand met in

Period 2 increases from 80 to 90 units.

Examining the values of shadow prices and shadow price functions in Table 8 shows
that Resources b1 and b2 are the only resources for which additional capacity will result in a
reduction of the objective function. As with the first iteration, grouping resources does not
provide any advantage. The best decision for Iteration 2 is to once again allocate 10
additional units of capacity to Resource b2. The resulting solution for the third iteration is
shown in Table 9, and Figure 10 illustrates that the additional capacity is allocated to Period

3.

Examining the diagram and table for Iteration 3 reveals that both Resources A and B
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are now operating at the maximum level allowed by the disruption. As a result, adding
capacity from any single redundant source in any period will be insufficient to meet any of
the 10 remaining units of unmet demand from Period 2. However, it can be seen from the
individual shadow prices in Table 9 that improvement to the objective function is possible
through additional capacity on either Resource al or a2, or by adding capacity on Resource

b1, even though the benefits do not outweigh the additional fixed costs.

Although individual resources improve the objective function by either deferring
unmet demand to later periods or by using a resource with slightly lower incremental costs,
adding capacity at two locations will allow the objective function to be reduced by
eliminating unmet demand. The largest savings associated with grouped resources occurs
when capacity is added at Locations al and b2, making this the best choice for additional
capacity. To determine the amount of capacity to add at each location, the following
calculations are performed. The increased capacity (C = 10) is divided proportionally
between the resources in the group according to the procedure described in the CEDA
algorithm. Proportions are driven by the scaling factors, which in this case are both equal to

one. The calculations for the new bg, values for Resources al and b1 are as follows:

A
For al: ba]_:ba1+ laal X C =O+(1/1+1X10):5
AIAlal + AIBle

. AL, b2 1
For b2: by, = by +( 012/, xC|=20+(1/; , 1 x10)=25

1A1a1 + AIBle
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Distributing the capacity across the two resources results in additional capacity for

both resources deployed in Period 2. Unmet demand in Period 2 is reduced by 5 units (Figure
11). The sensitivity information for Iteration 4 is shown in Table 10, and inspection reveals
that the greatest reduction in the objective function can be produced by distributing 10 units
of capacity between Resources a2 and b2. The repeating of this procedure to allocate
capacity across multiple resources increases production in Period 2. The 5 remaining units of
unmet demand in Period 2 are filled by holding inventory at the end of Period 1 (Figure 12).
Examination of the new sensitivity table for Iteration 5 shown in Table 11 illustrates that
although some shadow prices are negative, there are in fact no individual or grouped
resources that will reduce the overall value of the objective function through additional

capacity, and the algorithm is terminated.

The final solution produced by the CEDA algorithm is a local optimal solution for
the redundant resources that are currently active. In this example, it can be seen from
inspection that if the capacity allocated to Resource al were removed, it could be replaced by

capacity from a2 for a slightly higher incremental cost.

Model Implementation and Testing

Numerical experiments were conducted on serial and assembly networks to validate
the SCRF formulation and to test hypotheses related to the research questions in Chapter I.
The multi-period network designs were tested under varying capacity configurations and
disruption profiles to assess the model’s efficacy in determining a least-cost production and
inventory strategy to overcome the disruption. The testing and evaluation process consisted

of two phases. The first phase involved obtaining a least-cost production and inventory plan
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for a given network configuration. In the second phase, least-cost plans were evaluated using
Monte Carlo simulation techniques to observe their performance when subjected to
variability. Additionally, Monte Carlo simulations were also used to validate the CEDA
algorithm’s ability to deploy redundant capacity in such a manner that improves overall

performance of the network on an incremental basis.

Solving the SCRF formulation for an optimal solution as either a mixed-integer or
linear programming form, which is necessary for execution of the CEDA algorithm, can be
accomplished through a variety of open-source or commercial solver packages. In this
research, solutions were obtained by constructing models in Microsoft Excel (Version 2010)
and solved using both the OpenSolver (Version 2.7.1) platform and the Coin-OR CBC
Optimization Engine (Version 2.9). Microsoft Visual Basic for Applications (Version 7.0)
was used to streamline model construction and automate sensitivity analysis procedures.
Monte Carlo simulation models were developed using Microsoft Excel and executed using

Visual Basic for Applications.
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Figure 8: CEDA Example Network Diagram - Iteration 1

Table 7: CEDA Example — CEDA Example Summary Table — Iteration 1
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R; Final Value by, SPg, Alg, Yr; Yr, fo
al 0 0 0 Inf. -750 1 750
a2 0 0 0 Inf. -1,000 1 1,000
bl 0 0 -5,185 10 -1,000 1 -50,850
b2 0 0 -5,183 10 -750 1 -51,080
RG Final Va|Ue bG SPRG AIRG yG YRl’YRZ f(C)
al &bl 0 0 -5,185 10 -1,750 1,1 -50,100
al & b2 0 0 -5,183 10 -1,500 1,1 -50,330
a2 & b1l 0 0 -5,185 10 -2,000 1,1 -49,850
a2 & b2 0 0 -5,183 10 -1,750 1,1 -50,080

Optimal w/o Fixed Costs: 158,700

Optimal w/Fixed Costs: 158,700
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Figure 9: CEDA Example Network Diagram - Iteration 2
Table 8: CEDA Example — CEDA Example Summary Table — Iteration 2
R;, Final Value by, SPg,, Alg,, YR, Yr,, R;
al 0 0 0 Inf. -750 1 750
a2 0 0 0 Inf. -1,000 1 1,000
b1l 0 0 -5,085 10 -1,000 1 -49,850
b2 10 10 -5,083 10 -750 0 -50,830
Rg Final Value bg SPg,; Alg, Yo Yr,s Yr, f(O)
al &bl 0 0 -5,085 10 -1,750 1,1 -49,100
al & b2 10 10 -5,083 10 -750 1,0 -50,080
a2 &bl 0 0 -5,085 10 -2,000 1,1 -48,850
a2 & b2 10 10 -5,083 10 -1,000 1,0 -49,830

Optimal w/o Fixed Costs: 106,870

Optimal w/Fixed Costs: 107,620
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Figure 10: CEDA Example Network Diagram - Iteration 3

Table 9: CEDA Example — CEDA Example Summary Table — Iteration 3

R; Final Value  bg, SPg, Alg, Yr; Y, (O
al 0 0 -94 5 -750 1 280
a2 0 0 -92 5 -1,000 1 540
bl 0 0 -2 10 -1,000 1 980
b2 20 20 0 Inf. -750 0 0
RG Final Va|Ue bG SPRG AIRG yG YRl’YRZ f(C)
al &bl 0 0 -2,590 10 -1,750 11 -24,145
al & b2 20 20 -2,589 10 -750 1,0 -25,135
a2 &bl 0 0 -2,589 10 -2,000 11 -23,885
a2 & b2 20 20 -2,588 10 -1,000 1,0 -24,875

Optimal w/o Fixed Costs: 56,040 Optimal w/Fixed Costs: 56,790
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Figure 11: CEDA Example Network Diagram - Iteration 4

Table 10: CEDA Example — CEDA Example Summary Table — Iteration 4
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R; Final Value  bg, SPg, Alg, Yr; Y, (O

al 5 5 0 Inf. -750 0 0

a2 0 0 -92 5 -1,000 1 541

bl 0 0 -2 10 -1,000 1 980

b2 25 25 0 Inf. -750 0 0

RG Final Va|Ue bG SPRG AIRG yG YRl’YRZ f(C)
al &bl 5 5 -2,487 10 -1,000 01 -23,870
al & b2 30 30 -2,486 10 0 0,0 -24,860
a2 &bl 0 0 -2,589 10 -2,000 11 -23,885
a2 & b2 25 25 -2,587 10 -1,000 1,0 -24,874

Optimal w/o Fixed Costs: 30,155 Optimal w/Fixed Costs: 31,655
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Figure 12: CEDA Example Network Diagram - Iteration 5

Table 11: CEDA Example — CEDA Example Summary Table — Iteration 5
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R; Final Value  bg, SPg, Alg, Yr; Y, (O
al 5 5 0 Inf. -750 0 0
a2 5 5 0 Inf. -1,000 0 0
bl 0 0 -2 5 -1,000 1 989
b2 30 30 0 Inf. -750 0 0
RG Final Va|Ue bG SPRG AIRG yG YRl’YRZ f(C)
al &bl 5 5 -2 5 -1,000 01 989
al & b2 35 35 0 Inf. 0 0,0 0
a2 &bl 5 5 -2 5 -1,000 01 989
a2 & b2 35 35 0 Inf. 0 0,0 0

Optimal w/o Fixed Costs: 4,281 Optimal w/Fixed Costs: 6,781
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Experiment

Network Design

The underlying structures of both serial and assembly networks, such as the planning
horizons, the number of primary resources, and the number of inventory locations, were held
constant for the experiments. Differences in the network configuration were introduced
through changes to the characteristics of the network’s redundant resources and cost
structure. Figure 13 illustrates the generalized form of the serial network, and Figure 14
illustrates the generalized assembly network. A planning horizon of ten periods (t = 10) was
used for both configurations. The serial network was comprised of six (i = 6) production
resources ({A4,B,C,D,E,F} € P) and six corresponding inventory nodes ({I4,1g,I¢, Ip,IE,
Iz} €V), and the assembly network consisted of nine (i =9) production resources
({A,B,C,D,E,F,G,H,I} € P) and nine inventory nodes ({I4, Ig, I¢c,Ip, I, Ir, 16, Iy, 1;} € V).
The assembly network features two branches, {4, B,C} and {E,F, G}, joining together at
Location D and continuing on as {D,H,I}. In both networks, nodes identified by letters
represent process activities with the flows moving downstream in alphabetical order.
Customer demand for any period (DM;) was supplied by the furthest downstream inventory
location (Nodes I for the serial network and I; for the assembly network). Nominal demand

for each period was held constant at 100 units.

A total of six primary resources in each network type were subject to disruption. The
network disruptions were modeled as a complete loss of capacity for a primary resource for a
given number of periods. The onset of a disruption was uniformly distributed between the

second and seventh planning period, and the duration of the disruption was uniformly
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distributed between one and three periods.  Disruptions occurred once per experiment
combination, and the location of a disruption was treated as a factor in the experiment. Table

12 presents a summary of the general configurations and capacity parameters.

Primary resources in the network had a constant nominal capacity of 100 units per
period when undisrupted. The unit cost for any given primary resource was treated as a
uniformly distributed random variable and held constant for each period in a given

configuration. The number of redundant resources (ng,) available to any primary resource in
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Figure 13: Serial Network Configuration
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the network was dependent on its location relative to the primary resource being disrupted.
Because a resource that is located closer in proximity within the network to a disrupted
resource is more likely to require redundant capacity support during a disruption, a larger
number of redundant capacity options were made available to those resources in the
experiment. The characteristics for redundant resources were treated as uniformly

distributed random variables and include a fixed charge to access the capacity, an incremental

unit cost that was relatively higher than the corresponding primary resource’s unit cost, and a
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Figure 14: Assembly Network Configuration
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Table 12: General Network and Primary Resource Parameters

Planning  Resource Disruption Disruption Resource  Resource Unit  Inventory

Network Periods Nodes Start Duration Capacity Cost Holding Cost
. {A*, B*' C*’
Serial D*, E*, F*}
8 U(2,7) U(1,3) 100 ARyl B,
{A B* C*, U@14)  U(0.1,04)
Assembly D*, E, F*,
G*, H*, I}

* Location Subject to Disruption

delay-to-access that prevents the capacity from being accessed for some amount of time.

Table 13 lists characteristics of the redundant capacity that were treated as random variables.

Inventory locations were included between each of the primary resources and were
formulated as transshipment nodes to aggregate flow from both primary and redundant
resources, and to transfer flow between periods. Each inventory node was incapacitated in
terms of inventory flows within a given period, but had a constant capacity of 50 units for

transferring between periods.

A natural objective in production planning is to eliminate or limit late and unfilled
demand. These objectives are not explicitly addressed in the SCRF formulation, but are
instead controlled by the relationships between cost parameters. Research investigating
recovery models to date have not yet provided direct guidance as to an appropriate cost
structure for recovery models. Therefore, cost parameters in this research for both late and
unmet demand were constructed to ensure that their relative impact on the behavior of the
networks was both consistent and limited through the use of a heuristic approach. The

approach set costs in such a way so as to force a solution to have zero unmet demand if at all
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Table 13: Redundant Capacity Node Variable Parameters

Network No. of Redundant Resources ng,, Unit Fixed Unit Delay to
by Disrupted Node Capacity Cost Cost Access
A ng{4,..F} = {12,12,10,10,8, 8}
B: ng,{4,..F} = {10,12,12,10,8, 8}
C: ng{A,..F} ={10,12,12,10,8,8 _ YR
Serial il =t ) i U (800, Fxielje U(0,4)
D: ng,{A,..F} = {8,10,12,12,10,8} U(10,35) 1,400) U(14,24)
E: ng,{4,..F} = {8,8,10,12,12,10} '
F: ng,{A,..F} = {8,8,10,10,12,12}
B: ng,{4,..I} = {12,12,10,10,8,8,8,8,8}
F: ng,{A,..I} = {8,8,8,10,12,12,10,8,8}
C: ngf{A,..I} ={10,12,12,10,8,8,8,8,8} r_ YR a1
Assembl : it Xielje
Y 6: npfd,..1) = (8888101212108}  0(10,35) UG yigoy VO

1,400)
D: ng,{A,..1} = (8,8,10,12,8,8,10,12,8}

: ng,{4,..1} = {8,88,10,8,8,10,12,12}

I

possible, and to prefer that demand be backordered later in the planning horizon rather than

earlier.

Cost parameters for unmet demand were set to be greater than the most expensive
option for producing a part in the network by summing the upper bound on the distribution of
fixed costs for each redundant resource, the upper bound on the unit costs for each redundant
resource, and the upper bound of inventory holding costs from the first period to the last for
all inventory locations. The summation of these costs was assigned to the cost parameter for
unmet demand from the last period of the planning horizon. Cost parameters for unmet
demand from each period earlier in the planning horizon were incrementally higher by a
nominal amount greater than the summation of inventory holding costs. This procedure
guarantees that unmet demand will only occur when there is no possible combination of

primary and redundant resources that will mitigate the disruption.
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Similarly, the cost parameter for late demand from the next-to-last period that is

filled in the last period was determined in the same manner as the cost parameter for unmet
demand in the last period, except that fixed charges for redundant capacity were not included.
Cost parameters for filling late demand for periods earlier in the planning horizon increased
incrementally by a nominal amount greater than the upper bound on the inventory holding
cost distribution. This provides assurance that demand will not be left unmet when available
capacity to meet demand exists anywhere in the network, but it is subject to the threshold

created by the fixed costs of redundant resources.

Deterministic Experimental Design

Network configurations for validation of the SCRF formulation were created
according to both the parameters discussed previously and the experiment design described in
Table 14. Individual network configurations were constructed by fully randomizing primary
resource cost structure, inventory holding charge structure, and all characteristics of the
redundant resources available to the location being disrupted. The random network

configurations were subjected to each of the factors discussed in the following section, and

Table 14: Network Configuration Factors

Set Locations Awareness Timing
Full
Alternate Early
>4 6 90% Late

80%
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statistical analyses were conducted for each of the resource locations independently using

regression techniques for linear models.

The primary factors of interest in the study are Timing and Awareness. The random
factors of Start and Duration both exert significant influence on the overall variation in the
experiment, and they were therefore treated as covariates. To test the supply chain resilience
construct of Structural Knowledge, the factor Awareness was introduced, which relates to the
probability that a supply chain manager was aware of a given source of redundant capacity.
Under the level Full, all redundant resources are available to the model, and an optimal least-
cost redundant capacity set is obtained. Under the level Alternate, any redundant resource
used in the optimal set is made unavailable. Levels 90% and 80% represent the relative
probability that any redundant resource that was not used in the optimal set is available. The
availability of resources was determined through Monte Carlo sampling. If a redundant
resource was determined to be unavailable, it was made unavailable in the SCRF formulation
by setting the large number coefficient for that resource equal to zero (M; = 0). To examine
the effect of delaying action to a disruption, the factor Timing is introduced with levels for
Early and Late. Late shifts the disruption one period earlier but leaves the delay in accessing

a source of redundant capacity unchanged.

Data for the experiments was generated and stored according to the flow diagram
shown in Figure 15. A record of each experiment replication and model, including final
values and randomly created data, was stored to facilitate the phase-two simulations and data
analysis activities. A minimum of 54 network configurations (Set) were constructed for each
location subject to disruption. Least-cost solutions were obtained for each combination of

Timing and Awareness, yielding a total of 8 combinations for each Set. Configurations were
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Figure 15: Deterministic Data Generation Flow Chart

randomly generated until three instances for each combination of Start and Duration were

obtained.

CEDA Experiment Design

Serial network configurations were tested to evaluate the efficacy of the CEDA
algorithm to improve solutions on an incremental basis. Table 15 presents network
configuration parameters for the CEDA evaluation experiments. Ten networks were
constructed for evaluation. Capacity allotments for each individual redundant resource were

set to zero (bg, = 0) upon initialization of the CEDA algorithm, and capacity groups
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Table 15: General Network and Primary Resource Parameters for the CEDA Experiment

Planning Resource Disruption Disruption Resource  Resource Unit  Inventory
Periods Nodes Start Duration Capacity Cost Holding Cost
* * *
g WBNCY T yes U(L3) 100 nyue Biye
D* E, F} U(8,14) U(0.1,0.4)
No. of Redundant Resources ny, Unit Fixed Unit Delay to
by Disrupted Node Capacity Cost Cost Access
A: ng{A,..F}={222.,0,0}
B: ng{A,..F} ={22220,0 _ VR a1,
c: nRLEA Fi _ iz 2,2,2,0 oi U(1r6t 35y V@0, R U0
. Ri yun ye by ’ 1’400) ( ) )

D: ng,{A,..F} = {2,2,2,2,0,0}

* Location Subject to Disruption

consisted of pairwise groupings of redundant resources that were adjacent to one another
within the network. Because each primary resource from A through D had two unique
sources of redundant capacity, this pairing convention produced a total of 12 groups. For
example, the redundant resources associated with A (al, a2) produced four grouped pairs
when combined with the redundant resources from the adjacent Resource B (alb1, alb2,

a2bl, a2b2).

Capacity allocation decisions during execution of the CEDA algorithm were made by
increasing capacity on resources that provided the greatest savings according to both
incremental and fixed cost decisions, and the algorithm was executed until no improvement
to the objective function was possible. Examination of the effectiveness of the capacity
allocation was performed by comparing gains observed in three iterations of the algorithm

leading up to termination with the simulation model.
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Simulation Design

To validate the efficacy of the SCRF formulation and CEDA algorithm, the
deterministic least-cost plans for each experiment replication were subjected to conditions of
random variation in production volume relative to the intended production volume using
Monte Carlo simulation models constructed with Microsoft Excel. Unlike deterministic
least-cost plans, which are solved assuming perfect knowledge of production levels and are
driven by the model’s cost structure, variables, and constraints, the simulation model’s
operation is necessarily dependent on random production levels. For this reason, decision
criteria for the relationships between production, inventory, and demand fulfillment were
needed to replicate the de facto decision criteria created by the cost parameters under a given

network configuration. In the simulation models, the actual production level for any given

resource in Period t (XRl.t,jt actuar) Was random and was calculated to be either the lesser of

110% of its nominal capacity r;; , or the value of a normally distributed random variable with

a mean of its target Xg and a standard deviation of Cv * X, where Cv is the

itlie itlie

coefficient of variation for production. The formula for actual production at any location is:

XRithtACtual = Min [N (XRitht’ Cv * XRitht) 4 1'10 * XRitht] (32)

Any resource having immediate predecessor resources is also limited in its
production by the production levels and the available inventory of those predecessor
resources. It follows that because primary and redundant resources draw from the same
predecessors through an inventory location, the combined production of a primary resource

and its corresponding redundant resources are limited. The calculation addresses this
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requirement by limiting the overall production for the combined primary and redundant
resources by subjecting them to the inventory available from their immediate predecessor. In

the equation, X,’?it,ﬂACmal represents the combined production level for a primary resource

and its supporting redundant resources, and n is the number of combined primary and
redundant resources. Available Inventory includes flow from all predecessor resources in
the same period as well as any flow transferred from prior periods. In a case where
production on combined primary and redundant resources is limited by available inventory, it
is assumed that all resources contribute at a level proportional to their planned production for

the period.
X{eit,thctual = Min [Z?zl XRyleactuar » Available Inventory] (33)

This limitation applies only to resources having predecessor nodes. It is assumed that
for those resources at the beginning of the network, any materials or goods needed to
facilitate production are readily available. Additionally, any resource in any serial network
will have at most one immediate predecessor location, whereas in an assembly network a
resource may have several predecessors. In this research, only Resource D of the assembly
network has multiple primary resources as predecessors, and the definition of

Available Inventory is therefore extended to include both predecessors.

By virtue of the cost structure of the SCRF formulation the ideal inventory level in a
network with sufficient capacity to meet demand in every period will be zero. The inventory
holding charge penalizes the objective function in a manner that forces demand, whether for
an immediate downstream node, customer demand, or backordered customer demand, to be

filled from capacity in that same period, if possible. Additionally, any inventory that is stored
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according to the least-cost plan will be held as far downstream in the network and planning
horizon as permitted by capacity constraints to reduce storage costs. It is therefore possible
to model inventory control in the simulation models purely as a function of production and
demand. Because it is not reasonable for a system to have zero running inventory, it is also
assumed that a nominal amount of running inventory is held at each inventory location of the
network except for the final location. This value is established as a uniformly distributed
random variable between zero and five percent for each simulation replication. Initial

inventory is calculated as a percentage of nominal demand.
Initial Inventory = I;,, = U(0.00,0.07)* DM, (34)

The cost structure of the formulation also requires that decision criteria be applied to
all inventory locations for the purpose of assigning priorities to flow. The decision criteria
forces the simulation model to prioritize current period demands over demand that has been
previously backordered, and to prioritize upstream inventory flows needed for the current
period’s production over the transfer of flows between periods. Two criteria are incorporated

into the logic of the simulation model to accomplish this:

Any production resource will produce flow according to the least-cost plan, and
inventory not consumed by an immediate successor will be carried forward to the next period.
In other words, the production volume of any resource is not limited by the ability of an
immediate successor to receive flow. Any current or backordered demand will be filled with
production capacity and inventory, if possible, and inventory will not be carried forward if

there is backordered demand that can be filled.

Each deterministic least-cost solution for both serial and assembly networks was
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tested using simulation models according to the parameters shown in Table 16. The purpose
of the simulation models was to validate that the findings and relative performance of the
deterministic solutions were insensitive to variability associated with production output at
resource nodes. The factors Awareness and Timing will produce suboptimal conditions that
will in-turn result in increases of planned inventory within the network. Because variations in
production yields have the potential to propagate throughout the network and because the
placement of inventory in a production network can buffer variations, validation through
simulation is a more effective means of assessing the actual differences between the factors.
To align the simulation with the overall objective of the formulation, which is the ability to
efficiently meet demand over a planning horizon containing a disruption, demand was not

treated as a random variable in the model.

Response variables for the simulation models include actual cost of the least-cost
plan (ActCost), average late demand (ActLate), and demand left unmet at the end of the
planning horizon (EndLate). Actual cost of the plan is calculated by applying production
levels from the simulation model to variable coefficients from its associated least-cost plan.
The cost of late demand, which is a component of ActCost, was calculated using variable

coefficients from the least plan model. However, due to the large values employed for the

Table 16: Simulation Experiment Parameters

Coefficient of

Variation Replications

5% 4
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unmet demand penalty in the formulation’s cost structure, the cost of unmet demand used in
ActCost calculation was adjusted to make comparisons easier by bringing it in-line with the
cost of late demand. Specifically, the cost of unmet demand was calculated to be
incrementally higher than the cost of demand left unmet from the first planning period by a
nominally small amount. The same value used to increment late demand costs from period to
period was also used in this calculation. Values from the optimal solutions from the
deterministic models (OptCost) were adjusted in the same manner to establish the variable

AdjOptCost.

Analysis and Hypotheses Testing

Multiple linear regression analysis was used to examine the results of the
deterministic and simulation experiments. Analyses were performed individually for each
network disruption location against the outcome variables ActCost, ActLate, and EndLate.
Analyses included examining the means and standard deviations of response variables
relative to each other in graphical summaries, with special attention given to capacity

deployment and inventory accumulation within the network relative to the disruption.

Factors in the regression analysis for both serial and assembly networks include the
continuous variables Start and Duration, and the factors Timing and Awareness. Binary
indicator variable coding was used in the analysis with levels Early and Full being reference
groups. The indicator variable for Timing was Late, and the indicator variables for
Awareness were Alternate, 90 Percent and 80 Percent. Indicator variables were also used for
Start and Duration. For Duration, a 1-period disruption was the reference group, with

variables Duration2 and Duration3 modeled for 2-period and 3-period disruptions
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respectively. For Start, a disruption in Period 5 was the reference level, with variables Start6
and Start7 modeled for disruptions beginning in Period 6 and 7 respectively. To partition
variability associated with network configurations (Set), the variables NormAct and
NormAveLate were introduced. As a covariate, the value calculated for NormAct was the
average value of ActCost for all simulation trials in the reference condition (Timing = Early,
Awareness = Full) and was grand mean centered in the statistical model. NormAveLate was
calculated as the average value of AvelLate for all simulation trials in the reference condition
and was also grand mean centered in the statistical model. The statistical models examined in

this research are shown below. For each model, i is the response index for the experiment.

ActCost; = By + f1NormAct; + [, Duration2; + f3Duration3; + [,Start6;
+ BsStart7; + BgLate; + B, Alternate; + Bg90Percent; + [480Percent;
+ &

(35)

Avelate; = By + 1 NormAveLate; + [,Duration2; + f3Duration3; + [,Start6;
+ BsStart7; + BgLate; + B, Alternate; + Bg90Percent; + [480Percent;
+ &

(36)

EndLate; = By + BiNormAvelLate; + [, Duration2; + f3Duration3; + B,Start6;
+ BsStart7; + feLate; + f,Alternate; + Bg90Percent; + f980Percent;
+ &

37)
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For the CEDA evaluation, the statistical model included a categorical variable for the
individual iterations of the CEDA algorithm (lteration), a blocking variable (Network) to
partition variability associated with the randomly generated networks, and a covariate
(ExpLate). ExpLate was calculated as the expected average number of units late from the
deterministic plan for a given experimental combination. Statistical comparisons were made
for responses of Avelate and EndLate. The objective of the analyses was to determine if
successive iterations of the algorithm improved network performance. The reference group
in the statistical models was the final iteration of the CEDA algorithm (Iteration0) and was
the first randomly generated network configuration. The statistical models evaluated are

shown below.

Avelate; = By + f1Network2; + B,Network3; + f;Network4; + f,Network5;
+ BsNetwork6; + fgNetwork7; + f,Network8; + fgNetwork9;
+ BoNetwork10; + Byglteration3; + By1lteration2; + B, Iterationl;
+ Bi2ExpLate; + ¢

(38)

EndLate; = o + f1Network2; + ,Network3; + f;Network4; + [,Network5;
+ BsNetwork6; + fgNetwork7; + ,Network8; + fgNetwork9;
+ BoNetwork10; + Byglteration3; + By1lteration2; + B, Iterationl;
+ &

(39)

The following statistical hypotheses were tested to address the research questions

presented in Chapter I:
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Reduced awareness of the redundant capacity in a network (Awareness = Alternate)
will negatively affect the overall cost of a recovery plan, and the impact on the ability
to meet demand will be marginal when redundant capacity is abundant.
Hy: Alternate = 0
H;: Alternate # 0

Response Variables: ActCost, AvelLate, EndLate

A delay in discovering or responding to a disruption (Timing = Late) will negatively
affect the overall cost of a recovery plan, and the impact on the ability to meet
demand will be marginal when redundant capacity is abundant.

Hy: Late =0

Hy:Late # 0

Response Variables: ActCost, AvelLate, EndLate

Successive iterations of the CEDA algorithm will positively affect the ability of the
network to meet demand over the planning horizon and improve the cost
effectiveness of the intermediate recovery plan.

Hy: Iteration =0

H,: Iteration # 0

Response Variables: ActCost, AvelLate, EndLate

There is no difference in terms of the relationships between network types among the
findings above.

Response Variables: ActCost, Avelate, EndLate



CHAPTER IV

RESULTS AND ANALYSIS

Introduction

This chapter contains a detailed summary of the analyses related to the experimental
designs in Chapter Il1l. Charts, tables, and graphics in this section are supplemented with
complete information contained in the appendices of this document. The three sections of
this chapter cover the analysis of experiments pertaining to the serial networks, the analysis
of the assembly networks, and the assessment of the Capacity Evaluation and Deployment
Algorithm (CEDA). Each section includes narratives of the data and summary interpretations
of the results, with the narrative of the serial networks being more detailed in order to provide
context for other two sections. Interpretation of the analyses related to the research questions

along with the underlying themes of the research are both presented in this chapter.

Common themes that appear in the literature regarding Supply Chain Resilience,
disruption management, and mathematical recovery are also found in the results of these
experiments. One such theme is the magnifying effect that disruptions with shorter lead
times can have on network performance. Past research has also shown that delays in
accessing sources of redundant capacity can have an impact on the ability of a supply chain to
recover (Schmitt, 2011). These delays in practice stem from lead times for planning,
changeover of equipment, the procurement of capital assets, and the lead times of suppliers.
The net result is that disruptions that occur with little warning will leave managers with

comparatively fewer options for managing the recovery process. Finally, the physical

79
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distribution of capacity and inventory throughout the network during a disruption features
recurring patterns, similar to those found in previous research. Although not central to the
objectives of the research itself, these findings provide support to the validity of the Supply

Chain Recovery Formulation (SCRF) and provide context for applications in industry.

Serial Network

Overview

A variable that aggregates the capacity available to a network location prior to a
disruption was introduced for the analysis. This variable (PreDisCap) represents the total
amount of redundant capacity available prior to the onset of the disruption for the network
location facing the disruption. Theoretically, if a location facing a disruption has sufficient
redundant capacity to fully replace the capacity being lost, there will be no late or unmet
demand resulting from the disruption. Because some sources of redundant capacity cannot be
utilized immediately, there is relatively less capacity available in cases where the disruption
strikes in earlier planning periods.  Figure 16 illustrates that a greater amount of pre-
disruption capacity is available when there is more time between the beginning of the
planning period and the start of a disruption. In this research, the capacity lost during a
disruption varies according to the length of disruption, reaching a maximum of 300 units in
the case of a 3-period disruption. The figure also shows that that for Period 5 and beyond,
there is sufficient redundant capacity on the disrupted resource to fully replace the capacity
lost to the disruption prior to its onset. Conversely, disruptions beginning in Period 2 that
have durations lasting longer than one period (i.e., with a capacity loss greater than 100 units)

generally do not have sufficient capacity to buffer the disruption completely. In these cases,
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Figure 16: Serial Network, Predisruption Capacity by Start & Location

backorders are inevitable, and some demand will be filled in later periods. Figure 16 also
demonstrates the high degree of correlation between Start and PreDisCap. Table 17 further
illustrates the effect of early disruptions by comparing AveLate, which is an output variable of
the simulation model, with the variable ExpLate, which is the expected number of late
deliveries obtained from the deterministic plans. It can be seen that disruptions occurring
earlier or with longer durations have higher overall levels of average and expected late
demand. The largest response occurs when the disruption begins in Period 2 and lasts for
It should also be noted that little distinction exists between the responses for

three periods.

each variable in Period 5 or later.

In an ideal situation, any disruption would be managed by replacing the lost capacity
with some form of redundant capacity within the same period or periods in which the
disruption occurs. In reality, simply replacing lost capacity during a disruption often proves

to be infeasible or impractical. To illustrate, consider a situation where a lone source of
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Table 17: Serial Network, AvelLate and ExpLate by Start and Duration

Duration
1 2 3

Start Avel ate ExpLate Avel ate ExpLate Avel ate ExpLate
2 39.58 7.11 67.67 12.80 84.86 15.89
3 26.37 4.16 43.33 7.71 57.64 10.80
4 19.44 1.68 22.46 2.63 24.59 2.85
5 17.05 0.42 17.85 0.64 17.03 0.38
6 16.54 0.20 16.25 0.07 17.57 0.34
7 16.51 0.25 16.49 0.22 16.15 0.00

redundant capacity is only able to produce at half the rate of the primary source. Full
replacement of that lost capacity is theoretically possible but will take twice as many periods
to accomplish. The preference in this case would be to deploy capacity early and store
inventory in order to meet demand. Deploying capacity from other sources toward upstream
operations may also be necessary in order to support the temporarily higher production rates.
A second, less ideal option to manage the disruption involves deploying redundant capacity
after the disruption begins, which may result in late shipments. This situation also results in
higher production rates, potentially requiring alternate sources of capacity to be used on
downstream operations in order to maintain adequate material flow. Each of these cases
requires a net increase in the total capacity needed to manage the disruption and can be
viewed as a measure of efficiency for the recovery. This idea and its relationship to

disruption start time and duration can be seen in Figure 17.

Figure 17 presents mean and individual values for the overall capacity deployed for
each experiment trial by Start and Duration. Values are shown as a ratio of the total amount
of redundant capacity deployed for all network locations to the capacity lost from the
disruption (see Appendix C for results versus network location). A global capacity ratio of

1.0 indicates that the disruption was managed through a direct replacement of the lost
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Awareness = Full, All Locations
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Figure 17: Serial Network, Global Capacity Deployed as a Ratio of Capacity Loss

capacity for the resource being disrupted. Because the SCRF formulation is a least-cost
formulation, the replacement capacity for the disrupted resource will assuredly be no greater
than its total capacity loss. In other words, the formulation will not allow overproduction
when attempting to meet demand. Because a ratio above 1.0 indicates that a greater overall
amount of capacity is being used, it is also certain that the additional capacity is being applied
to either upstream or downstream resources. The figure shows that for disruptions with little

advanced notice a greater amount of overall capacity is required.

Three implications stem from these results. The first is that early disruptions tend to
require the deployment of redundant capacity to non-disrupted resources. Secondly, even in
cases where full replacement of lost capacity is possible, optimal plans often include the
deployment of redundant capacity on either upstream or downstream resources. This

reinforces that the holding of inventory is an important option. Lastly, it can be seen in the
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complete data provided in Appendix C that the position of the disrupted resource within the
network influences the capacity deployed, with locations near the beginning or end of the

network tending to have lower ratios.

Other characteristics exhibited by the serial network structure relate to the timing and
placement of redundant capacity within the network. Figure 18 presents a capacity view with
a normalized disruption timeline, where Time O indicates the onset of a disruption and Time
-1 indicates one period prior to the disruption’s onset (see Appendix C for a complete set of
figures). The Y-axis of the figure represents the amount of redundant capacity deployed to a
network location as a percentage of the capacity lost to the disruption. For example, in a case

where a 2-period disruption results in a 200 unit capacity loss at Location C, a value of 35%
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for Location C at Time -1 indicates that 70 units of capacity were deployed at that time.
Because simply replacing lost capacity is logically the most preferable strategy for managing
a disruption, the majority of redundant capacity deployed occurs on the disrupted node at the
onset of a disruption. It can also be seen that redundant capacity deployed prior to a
disruption tends to occur either on or upstream from the disruption, and capacity deployed

after a disruption tends to occur downstream from the disruption.

Disruptions occurring early in the planning horizon have comparatively fewer
redundant capacity options due to the delay in accessing some resources, thereby reducing the
ability of the network to build inventory ahead of the disruption. An alternate course of
action for early disruptions is to minimize costs associated with late or unmet demand by
using redundant capacity at downstream resources. This results in higher inventory flows,
which are used to fill the backordered demand stemming from the initial capacity loss. A
relatively smaller amount of upstream redundant capacity is needed to support these higher
flows as a net surplus of upstream capacity is created by the disruption itself. For disruptions
occurring later in the planning horizon, the cost structure that penalizes both late and unmet
demand forces inventory to accumulate upstream from the disruption. Any inventory
accumulated is then drawn down throughout the disruption period while the undisrupted

downstream resources fill demand as it occurs.

Past research has demonstrated that for a specific type of serial network under
disruption, inventory will accumulate at the node farthest downstream from the disrupted
node which is the lowest storage cost (Hu, Li, & Holloway, 2013). However, these networks
are rare in practice, and this rule can only be generalized if the network is mathematically

transformed to represent the special-case network. In this research, a similar observation can
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be made regarding the accumulation of inventory in that it tends to accumulate in the network
according to the timing and location of the disruption. Figure 19 presents an example of the
typical inventory accumulation pattern of the network in total units stored with a normalized
time scale (see Appendix C for a complete set of charts). For any location in the network,
inventory tends to accumulate upstream from the disruption and prior to the onset of the

disruption.  This built up inventory is then consumed throughout the disruption by

downstream nodes.

Network Performance

Basic statistics of the primary variables of interest by disruption location (Location)

for the serial networks are presented in Table 18. Little discrepancy exists in the overall
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performance of the network in terms of cost or backorders when primary Resources B, C, D,
E, and F are disrupted. A disruption on primary Resource A produced the lowest mean
responses for both ActCost and AvelLate. There is little difference between mean responses of
EndLate at any location. Response variables of interest were also plotted against the main
factors of interest, Awareness, Timing, Start, and Duration. The variable ActCost versus the
primary factors of interest, Awareness and Timing, are shown in Figure 20 and Figure 21.
Avelate versus Awareness and Timing are shown in Figure 23 and Figure 24. EndLate
versus Awareness and Timing are shown in Figure 26 and Figure 27. Figure 22, Figure 25,
and Figure 27 present ActCost, Avelate, and EndLate versus the Start and Duration. For
context, an expected cost of network performance in an undisrupted state is identified on all

figures relating to ActCost. Expected late and unmet demands are assumed to be zero.

The figures presented give insight into the effects the factors have on network

performance and the ability to create efficient plans using SCRF formulation. In the

Table 18: Serial Network Summary Statistics

Disrupted ActCost Avel ate EndLate

Location Mean SD Mean SD Mean SD
A 80,954 14,108 25.1 24.3 25.6 8.1
B 86,972 16,478 32.9 32.8 25.6 8.7
C 87,322 15,590 325 315 24.9 8.3
D 87,613 14,242 32.8 30.9 24.7 8.2
E 87,847 14,819 35.1 33.8 25.9 12.2
F 86,573 13,962 31.9 28.0 25.2 8.1

Overall 86,221 15,077 31.7 30.6 25.3 9.0
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experiment, a network with access to all sources of redundant capacity (Awareness = Full),
and one that also discovers and acts upon the disruption immediately (Timing = Early), will
in theory have relatively lower costs and suffer fewer late or unmet orders compared to a
network in a different situation. The objective of the analysis was in-part to determine if
these hypothesized relationships remained true when the network was exposed to variability

from the simulation model. Upon review, the relationships clearly are preserved.

For the factor Awareness, the level Full consistently produced the lowest mean
responses of ActCost and AvelLate regardless of the location of a disruption, and a disruption
on Resource A produced comparatively lower mean responses versus the other resources for
both variables. For Timing, the level Early produced lower responses of ActCost and AveLate
than Late in every case, and mirrored Awareness in that Resource A had relatively lower
costs than the other resources. There was no consistent pattern for responses of EndLate
observed for any of the comparisons, indicating that the ability of the formulation to meet

demand does not seem to be influenced by the factors considered.

As is expected, given the cost relationship between primary and redundant resources,
longer disruptions produce comparatively higher values of ActCost, but that relationship is
influenced by the starting time of a disruption. Disruptions beginning in Periods 2, 3, and 4
produce noticeably higher responses versus those beginning later in Periods 5, 6, and 7. This
relationship repeats for values of Avel ate, although differences in later periods are not readily

apparent.
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Figure 22: Serial Network, ActCost by Start and Duration

89



. }]
SEEEN Sy Pty
. 30
g t11
=z 20 ¥ i I 3 3 3
10
0
Awareness  do do & ¥ dodo £ P dode 2 P dodo S P dode o P o o P
PP C PR PPREP T PR C PP HP@C
o Ll Nl Nl Ll Ll
Location > @ [ Q % %
Figure 23: Serial Network, AveLate by Location and Awareness
50
40
I S
30
F Ix I 1 L T
= 20 T
10
T'l'lingo Ealy Late Ealy late Early late Early late Early Late Early Late
Location A B C D E F
Figure 24: Serial Network, AveLate by Location and Timing
100
i
3
Z 0L 1
20 x = * x ¥ o x x = = ® x
I}.l'alionolZS 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Start 2 3 4 5 6

50

Figure 25: Serial Network, AveLate by Start and Duration

90



No. Unimet

30
tafy slpd go;0 ;333 5 %31 1!

20

10

Location * Y '

30
20
£
>
z
10
T'l'lingo Ealy late Early Late Early late Early late Early Late Early Late
Location A B C D E F
Figure 27: Serial Network, EndLate by Location and Timing
30
;1% III i, FPEPg 1151 11+
20
£
>
z
10
Du'aliono 1 3 1 2 3 1 2 3 1 3 1 2 3 1 2
Start 2 3 4 6 7

Figure 28: Serial Network, EndLate by Start and Duration



92

Statistical Analysis

The intent of the SCRF formulation is to determine a least-cost plan to fulfill demand
requirements by deploying available sources of redundant capacity efficiently, and the
purpose of this statistical analysis is to determine if the formulation is indeed able to do so.
The previous figures reveal that in cases where redundant capacity is abundant (e.g.,
Awareness = Full), the formulation will have little trouble filling demand, and costs will be
kept comparatively low. It is also clear that when disruptions occur earlier in the planning
horizon, there is a negative impact on both cost and ability to meet demand. This degraded
performance can be attributed to the limited amount of pre-disruption capacity (PreDisCap)
available for disruptions beginning early in the planning horizon. These effects are the most
pronounced in Periods 2, 3, and 4, with little distinction between costs or ability to meet
demand observed in Periods 5, 6, and 7. It is also important to note that there is relatively
less pre-disruption capacity available when disruptions are not discovered immediately
(Timing = Late). From this, the central question for the statistical tests becomes whether or
not the SCRF formulation is able to adequately deploy capacity to meet demand when

redundant capacity is not abundant (Awareness # Full and Timing # Early).

Statistical comparisons were made for each of the variables of interest according to
the statistical models described in Chapter 1. The results discussed in this chapter center on
comparisons of the variables ActCost and EndLate. All statistical comparisons in this

research were performed using Minitab software (Version 17).
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Table 19 presents a summary of the Analysis of Variance (ANOVA), variable

coefficients, and p-values for tests associated with the primary factors of interest for the

Table 19: Serial Network, Selected Regression Coefficients by Location for ActCost and EndLate

Disruption ActCost EndLate
Location  Factor Level Coef  SE Coef p-Value Coef  SE Coef p-Value

Constant 73,941 167.0 0.000* 24.74 0.801 0.000*
Timing Late 272 106.0 0.010 -0.08 0.525 0.873

A Awareness 0.8 1,793 149.0 0.000* 0.80 0.742 0.283
0.9 1,539 149.0 0.000* 0.74 0.742 0.318

Alternate 1,604 149.0 0.000* 0.97 0.742 0.194

Constant 74,810 279.0 0.000* 25.98 0.849 0.000*
Timing Late 495 184.0 0.007 0.87 0.563 0.121

B Awareness 0.8 2,585 261.0 0.000* -0.54 0.796 0.497
0.9 2,886 261.0 0.000* -0.81 0.796 0.310

Alternate 2,333 261.0 0.000* -0.14 0.796 0.862

Constant 73,983 277.0 0.000* 25.75 0.840 0.000*
Timing Late 595 182.0 0.001 -0.26 0.546 0.633

C Awareness 0.8 4,987 257.0 0.000* -0.76 0.773 0.324
0.9 3,274 257.0 0.000* -0.60 0.773 0.435

Alternate 3,054 257.0 0.000* -0.60 0.773 0.435

Constant 75,771 317.0 0.000* 25.95 0.863 0.000*
Timing Late 661 208.0 0.002 0.52 0.568 0.363

D Awareness 0.8 5,438 294.0 0.000* -1.95 0.804 0.015
0.9 4,734 294.0 0.000* -0.92 0.804 0.254

Alternate 3,703 294.0 0.000* -0.60 0.804 0.460

Constant 75,694 280.0 0.000* 25.29 0.773 0.000*
Timing Late 582 184.0 0.002 0.27 0.506 0.598

E Awareness 0.8 5,509 260.0 0.000* -0.38 0.715 0.596
0.9 4,519 260.0 0.000* -0.21 0.715 0.771

Alternate 4,134 260.0 0.000* -0.29 0.715 0.688

Constant 75,847 313.0 0.000* 27.11 0.769 0.000*
Timing Late 684 215.0 0.002 0.71 0.527 0.178

F Awareness 0.8 6,249 305.0 0.000* -0.91 0.746 0.223
0.9 4,565 305.0 0.000* 0.15 0.746 0.844

Alternate 3,480 305.0 0.000* -0.99 0.746 0.186

*p < 0.001
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response variables ActCost and EndLate. Full results consisting of ANOVA and regression
coefficient tables for ActCost, AvelLate, and EndLate are provided in Appendix C. Figure 29
displays a full interaction plot for the factors of interest. The plot illustrates the consistency
of the relationships between factors, with the lone exception being the relationship between
Location and Start, where interactions appear to exist. However, by performing the statistical
tests separately for the different network locations, and only for disruptions beginning in
Period 5 or later, any meaningful impact on the interpretations of the statistical tests was
eliminated. Furthermore, statistical tests for interactions found no meaningful interaction

between factor levels.

From the table, the efficacy and behavior of the SCRF formulation in terms of

meeting demand can be observed. The main factors of interest in this study are Awareness
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and Timing, and the statistical tests compare the reference level of each factor (Awareness =
Full, Timing = Early) with the other levels of the factor. For instance, the statistical test
associated with a response to a disruption being delayed by one period (Timing = Late) can be
interpreted with the p-value from the row associated with Late for the response variable of
interest. Each of the three levels of Awareness (Alternate, 80%, and 90%) were significantly
higher in terms of the cost of recovery (ActCost) than the reference group Full for each
location. The factor Timing was also significant for ActCost, with Late being associated with
higher costs compared to the reference group Early in every case. In terms of EndLate,
comparisons for levels of Awareness show no distinction between the reference group Full
and Alternate at any location. Differences between Full and levels 80% and 90% were also
not significant at any location. Additionally, tests associated with Timing revealed no

significant difference in responses of EndLate at any location.

These results show that in cases where redundant capacity is abundant, the
formulation is effective at identifying least-cost plans that meet customer demand even when
the optimal redundant capacity choices are removed from consideration or when the
formulation of the plan is delayed by one planning period. Although not presented here,
results of similar statistical tests that included all levels of Start yielded the same conclusions.
Their omission from these findings are due to the exacerbating effect that low levels of

available pre-disruption capacity (PreDisCap) have on network performance.
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Assembly Network

Overview

The underlying interest in examining the behavior of assembly networks versus that
of the serial networks is to determine if the ability of the SCRF formulation to effectively
allocate capacity and inventory throughout the network is dependent on the structure of the
network. Accordingly, the analysis and assessment procedures for the assembly network
mirrored those of the serial network. It is therefore necessary to validate that certain
assumptions regarding the characteristics of the network structures are also consistent. To
assess whether or not the capacity within the network and the performance of the network
under simulated variability were consistent with that of the serial network, the response

variables PreDisCap, Avelate, and EndLate were examined.

In the same manner as was performed for the serial networks, Figure 30 illustrates the
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pre-disruption capacity by Location and Start for the assembly networks. As with the serial
network, it can be seen that there is generally a sufficient amount of pre-disruption capacity
in the network to fully buffer a disruption prior to its occurrence for Period 5 or later.
Disruptions lasting three periods generally do not have sufficient capacity if they occur in
Period 4 or before. Additionally, Start and PreDisCap are correlated in much of the same
manner for assembly networks as for serial networks. Table 20 illustrates similarities
between the network types by comparing the response variables AvelLate and ExpLate versus
Start and Duration. The patterns, in which little distinction can be observed between the
values for Period 5 and later, suggest that the performance of the assembly network also
stabilizes during this time. Earlier disruptions, as well as those with longer durations, again
have higher overall levels of average and expected late demand, and the differences are

exacerbated by increasing levels of Duration.

Figure 31 shows that, in the same manner as serial networks, the factors Start and
Duration drive the total amount of capacity deployed. Significantly higher levels of capacity
are used to manage disruptions occurring early in the planning horizon, with disruptions

beginning prior to Period 4 requiring increasing amounts of redundant capacity. The figures

Table 20: Assembly Network, AvelLate and ExpLate by Start and Duration

Duration
1 2 3
Start Avel ate ExpLate Avel ate ExpLate Avel ate ExpLate
2 51.50 7.66 82.15 12.21 120.92 18.02
3 27.06 3.94 54.36 8.68 65.37 9.95
4 17.60 1.58 20.32 1.95 24.39 2.64
5 13.56 0.20 13.31 0.16 14.19 0.24
6 12.98 0.03 13.34 0.08 13.02 0.06
7 13.47 0.06 13.04 0.01 13.11 0.12
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show that the maximum capacity deployment ratio for a disruption occurring in Period 2 was
between 5.0 and 6.0 for both serial and assembly networks and that ratios between 1.0 and
2.0 were common for disruptions starting in Period 5 or later. Complete results for global
capacity deployed by network location for the assembly networks can be found in Appendix

D.

The behavior of the network in terms of capacity and inventory distribution relative
to the disruption was also examined. In the serial networks, capacity tended to be deployed
to upstream resources prior to the onset of a disruption and to downstream resources
afterward. Inventory also tended to build up on or upstream of the disrupted location prior to
its onset, and then flow to downstream resources once the disruption began. This behavior is
exhibited by the assembly networks, where disruptions occurring early in the planning

horizon tended to have redundant capacity deployed to non-disrupted resources. It is also

Awareness = Full, All Locations

6

* *
s 5
- *
x * ¥
.§ e o
g 4 »
) t .
~ *
g *
Iost, :
s . oo, *
2 Pl
S 2 *
§ ,*!i**! : * *l
N ¥ t*‘ § i »
© ¥ * * * *
° ; i ¥ *
b | | | ll HHH.HHH*H

0
Duration 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
Start 2 3 5

Figure 31: Assembly Network, Global Capacity Deployed as a Ratio of Capacity Loss



99
consistent that the allocation of redundant capacity throughout the network is a function of
both the timing and location of the disruption. Figure 32 illustrates how the majority of
redundant capacity is deployed on the disrupted node at the onset of a disruption, and that
redundant capacity deployed prior to a disruption tends to occur upstream from the
disruption, while capacity deployed after a disruption tends to occur downstream. In regards
to inventory distribution within the network (Figure 33), inventory accumulates upstream of
the disrupted resource prior to the disruption. It can also be seen from Figure 33, and those
shown in Appendix D, that inventory will accumulate on other branches of the network. As
shown in the figure for Resource C of the assembly network, inventory accumulation on

upstream Resources B and A is accompanied by accumulation on Resources F and E from the
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adjacent branch of the network. This phenomenon is also observed on figures shown in the
appendices. This behavior highlights the interdependent relationship between supply chain
resources and suggests that, during disruptions, an upstream resource is not necessarily one

that is directly connected to the disruption by way of an upstream arc.

Network Performance

The basic statistics for the performance of assembly networks provided in Table 21
show that network performance during disruptions at each node are generally consistent in
terms of values of ActCost and AvelLate (full tables shown in Appendix D). Differences in
ActCost versus Location are less pronounced when Awareness is Full than at other levels

(Figure 34). Differences between network locations are slightly more pronounced when



Table 21: Assembly Network Summary Statistics
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Location ActCost Avelate EndLate
Mean SD Mean SD Mean SD
B 127,991 24,671 34.2 43.5 353 29.6
C 127,180 21,513 32.6 38.7 34.7 29.3
D 126,432 21,138 31.4 39.3 31.6 23.3
F 123,914 18,617 26.3 33.1 29.8 218
G 129,535 22,571 36.1 41.7 36.0 274
H 129,586 21,248 34.0 39.6 32.0 255
Overall 127,440 21,784 32.4 39.6 353 29.6

comparing levels of Timing, although the magnitude of differences in Early and Late appear

to be consistent (Figure 35). As with serial networks, effects attributable to Timing appear to

vary significantly at the different levels, with a greater disparity noticeable when disruptions

begin prior to Period 5 (Figure 36).

Comparing Avelate and EndLate versus Location and Awareness in Figure 37 and

Figure 40 reveals less variation between network locations when the Awareness level is Full

than for other levels of Awareness. Differences in AvelLate and EndLate versus Location and

Timing reveal high levels of variability across both factors as shown in Figure 38 and Figure

41. Similar to comparisons for serial networks, Duration and Timing appear to significantly

influence AvelLate and EndLate when values of Timing are less than five (Figure 39 and

Figure 42).
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Figure 36: Assembly Network, ActCost by Start and Duration
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Statistical Analysis

Following the analysis for the serial networks, statistical comparisons were made for
individual locations of the assembly networks to examine ActCost, AvelLate, and EndLate.
Only configurations with disruptions beginning in Period 5 or later were examined. Table 22
presents a summary of regression coefficients from the analysis for ActCost and EndLate, and
complete ANOVA tables are provided in Appendix D. Similar to the assembly networks, no
meaningful interactions between factors were observed (Figure 43). The patterns observed
were largely similar to those observed for the serial networks. The purpose of the statistical
analysis in this experiment is to determine the efficacy of the SCRF formulation in deploying
available sources of redundant capacity and to see if the relationships between serial networks

and assembly networks are the same.
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Figure 43: Assembly Network, Interaction Plot ActCost versus Factors of Interest
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Table 22: Assembly Network, Selected Regression Coefficients by Location for ActCost and AvelLate

ActCost EndLate
Location  Factor Level Coef  SE Coef p-Value Coef  SE Coef p-Value
Constant 113,160 307.0 0.000* 23.13 0.745 *0.000
Timing Late 467 199.0 0.019 -0.36 0.496 0.464
B Awareness 0.8 3,245 282.0 0.000 0.18 0.703 0.797
0.9 3,110 282.0 0.000 0.63 0.703 0.370
Alternate 2,441 282.0 0.000 0.41 0.703 0.562
Constant 110,410 280.0 0.000 24.82 0.819 0.000
Timing Late 414 186.0 0.026 0.18 0.521 0.729
C Awareness 0.8 4,133 263.0 0.000 0.05 0.736 0.945
0.9 2,287 263.0 0.000 -0.59 0.736 0.425
Alternate 2,329 263.0 0.000 -0.47 0.736 0.521
Constant 114,367 332.0 0.000 23.30 0.783 0.000
Timing Late 325 217.0 0.136 -0.61 0.518 0.237
D Awareness 0.8 5,574 307.0 0.000 1.41 0.733 0.054
0.9 3,784 307.0 0.000 -1.05 0.733 0.152
Alternate 3,324 307.0 0.000 0.35 0.733 0.636
Constant 114,586 340.0 0.000 23.92 0.896 0.000
Timing Late 418 222.0 0.060 -0.14 0.590 0.817
F Awareness 0.8 3,588 314.0 0.000 1.76 0.834 0.035
0.9 2,499 314.0 0.000 -0.63 0.834 0.447
Alternate 2,507 314.0 0.000 0.03 0.834 0.973
Constant 111,263 385.0 0.000 23.79 0.829 0.000
Timing Late 812 254.0 0.001 0.32 0.550 0.556
G Awareness 0.8 6,319 359.0 0.000 0.88 0.778 0.258
0.9 4,701 359.0 0.000 1.58 0.778 0.042
Alternate 4,005 359.0 0.000 0.82 0.778 0.295
Constant 115,291 469.0 0.000 24.57 0.867 0.000
Timing Late 1,049 312.0 0.001 0.28 0.545 0.607
H Awareness 0.8 6,727 442.0 0.000 0.28 0.770 0.714
0.9 6,753 442.0 0.000 -0.71 0.770 0.355
Alternate 4,202 442.0 0.000 1.25 0.770 0.105

*p < 0.001
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CEDA Evaluation

Overview

The objective of the analysis relating to the evaluation of the CEDA algorithm
centers on validating the premise that successive iterations of the algorithm produce
demonstrable results when exposed to variability using the network simulation model
developed for the research. Because the purpose of the algorithm is to deploy capacity more
efficiently to meet demand, the basis for the evaluation is average backorder (AvelLate) and
the total number of backorders remaining at the end of the planning horizon (EndLate). As
expected, successive iterations of the algorithm produced lower responses for both Avelate
and EndLate for each of the 10 networks as a result of the new capacity being deployed
throughout the network. The final iteration of the algorithm for each network was labeled as
Iteration 0, with prior iterations decreasing incrementally (e.g., one iteration prior to the final
iteration is labeled Iteration -1). Iteration O is the local optimal solution for the currently

selected set of resources and capacity levels.

Network Performance

Figure 44 and Figure 45 present graphical response summaries for individual
iterations of the CEDA algorithm. The figures show that successive iterations of the
algorithm produce lower responses for both AvelLate and EndLate. Figure 46 presents a
summary of the optimal solutions for each iteration of the algorithm (OptCost) and illustrates
that each successive iteration resulted in a lower value for the objective function. It can also
be seen from the figures that comparatively higher responses for each variable are associated

with networks requiring more iterations of the algorithm.
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Figure 44. CEDA Evaluation, Average Late by Network & Iteration Step
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Optimal Solution Cost
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Figure 46: CEDA Evaluation, OptCost by Network & Iteration Step

Statistical Analysis

Due to the varied number of iterations produced between the individual networks,
statistical comparisons for the variables of interest were limited to the final three iterations of
the algorithm for each network. Comparisons for AvelLate and EndLate were performed
according to the statistical model presented in Chapter 11l in order to determine whether or
not the differences between successive iterations were significant. Comparisons were made
using Tukey pairwise comparisons (a = 0.05). Analyses for responses of OptCost were not
included in the statistical comparisons because of their deterministic nature. For the
comparisons, Iteration 0 was treated as the reference group. Table 23 presents a summary of
the comparisons for the statistical models, and a complete summary is available in Appendix

E.



110

Table 23: CEDA Algorithm, Selected Regression Coefficients for AveLate and EndLate
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