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In fields with sustainment-dominated systems, where the sustainment costs are larger than
the original system costs, managing the life-cycle costs is a non-trivial task. These fields
include aviation, power plants, medical, military, telecommunications, and civilian safety. In
recent years, many of these fields have begun to rely on commercial off-the-shelf (COTS) parts
whose lifetimes are driven by market forces outside of the control of the system managers,
serving to exacerbate obsolescence issues. While the procurement lifetimes of commercial
electronics typically span 12-18 months, many of these fields have systems in excess of 30
years. Efficient management of supply chains and obsolescence issues is crucial to keep key
systems operational.

This dissertation provides proactive and strategic diminishing manufacturing sources and
material shortages (DMSMS) (or obsolescence) management frameworks to forecast avail-
ability risk and identify optimal technology refresh strategies. First, a proactive technique
evaluates reducing the bias associated with maximum likelihood estimation (MLE) for part-
level forecasting. Second, a model is presented to measure the availability risk across a

system of parts, taking into account DMSMS issue mitigation. Third, optimal technology



refresh strategies are explored, focusing on the trade-off between lifetime buy and technology

refreshes mitigation decisions for a system.

The first contribution of this research identifies the amount of oversampling required
to reduce the bias in Weibull parameter estimates for generalized Type I censoring. A
common method to estimate Weibull parameters with censored data is to use MLE, but bias
in parameter estimates tends to increase as the percent of censored observations increases
and /or the sample size decreases. The bias can affect the accuracy of forecasting or simulating
procurement lifetimes in a DMSMS context. This dissertation combines previous work to
reduce the bias in the Weibull shape parameter and oversampling, with a technique akin
to synthetic minority oversampling technique (SMOTE), to reduce the bias in the scale
parameter. Using the Kullback-Liebler divergence, the amounts of oversampling that results
in a decrease in the estimated distribution’s deviation from the true distribution are identified
according to the sample size and the percent of censoring for a data set. A case study is

presented using microelectronic parts to highlight application of the proposed methodology.

The second contribution of this research quantifies the risk associated with parts as they
move through the procurement life-cycle curve. Often a single part becoming obsolete, or
being non-procurable, does not lead to a serious DMSMS issue as these are quickly mitigated
with like-part substitutions. In addition, having more than one manufacturer for a part is a
recommended strategy to minimize the risk associated with DMSMS issues. A discrete event
simulation (DES) model is created using a finite-source capacitated queuing model and two
risk metrics are developed. The DES results are verified with analytic results. Additionally,

model extensions are presented to improve the realism of the model.

The third contribution of this research presents a strategic DMSMS management study
which compares the trade-off between lifetime buys (LTBs) and technology refreshes over a
system’s lifetime. This research provides a way to quantify and compare proactive and reac-

tive DMSMS management strategies. Two models are compared: the first uses a ranking and



selection (R&S) method while the second uses a rolling horizon (RH) framework. Optimal
strategies from both models are compared with sensitivity to the relative costs between LTBs
and technology refreshes. The solutions provide DMSMS managers a set of (near-)optimal

scheduling strategies at minimal cost.
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Chapter 1

INTRODUCTION

In fields with sustainment-dominated systems, where the sustainment costs are larger
than the original system costs [7,104], managing the life-cycle costs is a non-trivial task.
These fields include aviation, power plants, medical, military, telecommunications, and civil-
ian safety [128]. In recent years, many of these fields have begun to rely on commercial
off-the-shelf (COTS) parts whose lifetimes are driven by market forces outside the control of
system managers [23], serving to exacerbate obsolescence issues. Many of these fields have
systems that have lifetimes in excess of 30 years [114] whereas the commercial electronics
have lifetimes of 12-18 months [52]. Efficient management of supply chains and obsolescence

issues is crucial to keep key systems operational.

A diminishing manufacturing sources and material shortages (DMSMS) issue is defined
as the “loss, or impending loss, of manufacturers or suppliers of items, raw materials, or
software” [23]. Causes of DMSMS issues include technology, function, regulation (or le-
gal), supportability, and market demand [23,47]. Although there are nuances between the
terms obsolescence and DMSMS, the two have often been regarded as synonymous [98,114].
In particular, the term technology obsolescence refers to systems that are heavily reliant
on technology which will experience this type of obsolescence most frequently [104]. This

dissertation will refer to obsolescence and DMSMS synonymously unless specified.

DMSMS issues break down into three generally accepted DMSMS management strategies:
reactive, proactive, and strategic [7,94]. A similar breakdown of the three management
strategies is provided by [114] but uses levels 1-3. It is important to note that the U.S.
Department of Defense (DoD) handbook for DMSMS management only explicitly mentions

reactive and proactive management styles [23].



Reactive DMSMS management deals with the decisions after a part has become obsolete
or threatens to become obsolete [94]. Often, the goal is to find the lowest cost option
to mitigate the obsolescence issue [104]. Examples of reactive tactics are using existing
stock, lifetime buy (LTB), repair, refurbishment, reclamation, extension of product support,
substitution, developing a new source, or redesigns [7,23].

Proactive DMSMS management involves using tools to predict part obsolescence before it
happens and proactively scheduling mitigation methods. Typically, this involves forecasting
obsolescence risk [69] and prioritizing important parts to be proactively monitored while
others are managed reactively [7]. Examples of proactive DMSMS management include
using procurement lifetime forecasting [84,99,101] and modeling life-cycle curves [9,106].

Finally, strategic DMSMS management uses a mix of reactive and proactive methods with
the goal of minimizing the overall life-cycle costs and takes into account demand, inventory,
and spares [69,94]. Some examples of strategic management include creating material risk
indexes (MRI) and technology refresh planning or design refresh planning [104,107,128]. Ex-
amples of strategic management frameworks include design refresh planning tools that use
discrete event simulation with Monte-Carlo analysis [32,104], mixed-integer linear program-
ming models [69], and ranking and selection [107].

The main research objective in this dissertation is to provide a collection of proactive and
strategic DMSMS management models. The first contribution provides a method to reduce
the bias in estimating parameters when assuming an underlying Weibull distribution for
procurement lifetimes. The second contribution presents a risk-based framework to model
part availability, taking into account the market size. Finally, a third contribution applies

and compares two methods to identify optimal technology refresh strategies.
1.1 Procurement Lifetime Forecasting Bias with Censored Data

At the heart of proactive DMSMS management is the ability to forecast procurement life-
times for individual parts. One of the earliest studies involving product lifetimes evaluated

whether the lifetimes were getting shorter over time and used maximum likelihood estima-



tion (MLE) [9]. Other studies have also used MLE [84,97,99], machine learning [47], and
data mining [101]. Sandborn [97] describes two methods that can be used to describe the
procurement lifetimes using data; those with and without evolutionary parametric drivers.
These evolutionary parametric drivers are defined as “a combination of parameters describ-
ing the part that evolves over time” [97]. An example of an evolutionary parametric driver
is memory size for flash memory. For other parts that do not have a evolutionary paramet-
ric driver, he provides a method using regression to predict procurement lifetimes, or the

difference between introduction date and end-of-life (EOL) date.

One aspect of using DMSMS part lifetime data is that it typically contains censored
data. Right (left) censored data has a missing or unknown EOL (introduction) date. Inter-
val censored have unknown or missing introduction and EOL dates, but can use estimated
dates. Fields other than DMSMS also include censored data, such as reliability [55,63,79],
medical [46,65], environmental/ecological [39,85], and manufacturing [49,61]. In reliability
demonstration tests (RDT) Type I or Type II censoring mechanisms are typically used; how-
ever, in many real-life applications a generalized Type I censoring mechanism, where each
observation may have their own censoring times, may be more applicable. These examples
occur in medical studies, structural risk analyses, and obsolescence predictions where the
items in the study may have different introduction dates but have lifetimes from the same
probability distribution. Ignoring the censored data is possible but ill-advised as one may
potentially be throwing away informative data; however, including the data can introduce
increased biases when estimating parameters especially when the number of observations is
smaller or the percent of censored observations increases [40,65,125]. A summary of recom-
mended methods for censored data are presented by [39] and are broken down by the percent
censored and the number of observations. These methods include some non-parametric meth-
ods (Kaplan-Meier and Turnbull), imputation, reporting percentage threshold values, and
MLE. This dissertation will focus only on the use of MLE for various sample sizes and per-
cent censored values to provide insights on the impact of using right censored data for the

procurement lifetime estimates.



Due to its flexibility, the Weibull distribution, consisting of a shape (/) and scale («)
parameter, is often used in the aforementioned studies and is highlighted in many other
studies [81]. The shape describes the rate of change for the hazard function. If the shape
is less than 1 (8 < 1), there will be a greater number of deaths at the beginning and a
decreasing hazard function. If the shape is greater than 1 (8 > 1), there will be a increasing
number of deaths at the end of the life-cycle. If the shape is equal to 1, the distribution is the
same as the exponential distribution. The scale parameter also has a direct interpretation
in that is represents the the characteristic life and that 36.8% parts will survive up until the
value of the scale, regardless of the shape parameter value [51].

One drawback to using censored data is that parameter estimates tend to be biased as
the true procurement lifetimes are unknown. Previous methods reduce the bias in the shape
parameter, but typically do not seek to decrease an estimated probability density function’s
(PDF) deviation from the true PDF. Chapter 2 extends these previous methods to the
generalized Type I censoring case and proposes a method to reduce the overall bias in the
PDF, as measured using the Kullback-Liebler divergence. The proposed method combines
a method by [123], which improves the Weibull shape parameter estimate using a profile
likelihood, and a modified synthetic minority oversampling technique (SMOTE) to reduce
the overall bias for the Weibull PDF. The proposed method can be applied to applications
outside of DMSMS models.

1.2 Availability Risk

The majority of DMSMS-centric studies have focused on component-level or individual part-
level forecasts [90], but do not take into account the product life-cycle curve of a technology
[78] and the size of the marketplace [89,121]. Most of the literature describes between four
to six stages of the product life-cycle curve to describe changing markets [87]. The life-cycle
curves are usually presented as a bell-shaped curve although the actual curves may take on
different shapes in reality. One study in particular tied the life-cycle curve to the number of

competitors in the market [106].



In many instances, a part reaching the end of its procurement lifetime or the loss of an
original equipment manufacturer (OEM) does not necessarily equate to a DMSMS issue. One
study conducted by the United States Department of Defense (DoD) found a large majority
(roughly two-thirds) of these cases initially flagged as DMSMS issues are mitigated with
using an “approved item” (a part already approved by the system drawings) or a “simple
substitute” (an alternate part that may require minimal effort to certify use) [22]. Although
there is a cost associated with these actions, it is typically much smaller than other mitigation
options such as refurbishment, developing new sources or parts, or redesigning a system [23].

Proactive DMSMS approaches must consider system-level availability risk, not just the
risk for an individual part’s obsolescence. Additionally, the part forecasts must consider
substitutions in their models as well as taking into account the market size. Chapter 3
develops two models to quantify the risk of part unavailability in probabilistic and temporal
terms. The models are built upon a finite-source queuing model and uses discrete event
simulation (DES) to calculate the associated risk for parts with varying market sizes and
individual part procurement lifetimes. The first model can be used to inform MRI studies,
while the second model can be used to improve estimates for individual part availability

when conducting technology refresh planning.
1.3 Optimal Technology Refresh Planning Strategies

With a multitude of DMSMS mitigation options available and at varying costs and impacts,
the choice of an optimal sequence is non-trivial. In some cases, a lower cost DMSMS mitiga-
tion option may be best for a near-term solution but may not be optimal over a longer time
period. This refers to the proverbial “kicking the can down the road”, which increases the
potential for catastrophic issues at a later time. Technology refresh planning is the strategic
DMSMS tool that tackles this issue by minimizing life-cycle costs but ensures continued
operational capability.

A related model in other management literature is the equipment replacement model,

where the goal is to find the “optimal procedure for replacing old equipment with new” [11].



The replacement decisions can be expanded to include many other decisions that are related
to capital budgeting [54]. Some of the first studies in equipment replacement focused on
modeling using discounted costs and an infinite horizon to ensure no end of study effects have
an impact on the strategies [35]. In some cases, there is justification for using a finite horizon
model such as when equipment is acquired for a very specific use [38]. In DoD applications
a finite horizon model can be an acceptable assumption due to the definitive life-cycles of
aircraft, naval vessels, trucks, etc. The DMSMS decision to conduct a technology refresh is
essentially the same problem as the equipment replacement model. Many previous studies
related to redesigns and equipment replacement, typically do not consider replacements due
to obsolescence issues [104].

DMSMS specific studies have modeled this problem, most use a combination of refreshes
with LTB as a mitigation option. One of the first technology refresh studies tackled this
problem by examining the trade-off between LTBs and redesigns but assumed obsolescence
at the start of the study and did not allow for successive redesigns in the model [83]. A study
by [69] used mixed integer programming to model a multi-part system with deterministic
procurement lifetimes and costs but only considered a single refresh. While other studies
have allowed for multiple technology refreshes and take the horizon length into account for
their solutions [104,105].

Chapter 4 will compare two models to identify optimal technology refresh strategies for
a fixed system lifetime, or a finite horizon. The first model yields a set of optimal solutions
within an indifference zone and uses a ranking and selection (R&S) method with stochastic
procurement lifetimes. The second model uses a rolling horizon framework where the optimal
current decision is identified before moving on to the next decision period and repeating the
process. Each decision is determined by approximating an infinite horizon, conditioned on
the sequence of previous decisions. The results of the two models are compared and discussed

in terms of DMSMS management.



Chapter 2

IMPROVING WEIBULL DISTRIBUTION ESTIMATION FOR
GENERALIZED TYPE I CENSORED DATA USING
MODIFIED SMOTE

This chapter presents a working manuscript for future journal submission.

Abstract

Using maximum-likelihood estimation (MLE) to estimate the parameters of survival func-
tions is common in practice when dealing with parametric distributions, especially with
(right) censored observations. However, using MLE with censored data introduces an in-
herent bias which tends to increase as the number of observations decreases and/or the
percent of censored observations increases. In reliability demonstration tests (RDT) Type I
or Type II censoring mechanisms are typically used; however, in many real-life applications
a generalized Type I censoring mechanism, where each observation may have their own cen-
soring times, may be more applicable. These examples occur in medical studies, structural
risk analyses, and obsolescence predictions where the items in the study may have different
introduction dates but have lifetimes from the same probability distribution. This research
seeks to improve the parameter estimates of a Weibull distribution as a means to minimize
the deviation from a true distribution, by reducing the bias in the shape and scale param-
eters. Improving both the scale and shape parameter estimates through MLE modification
and oversampling can potentially improve simulation and forecasting applications. Empir-
ical results are presented with recommendations for preferred oversampling sizes, which is
dependent upon the percent censored and sample size of the data, using the Kullback-Liebler

divergence as a metric to measure the difference between the known distribution and esti-



mated distributions.
2.1 Introduction

Censored data occurs naturally in survivability analysis studies. This type of data occurs
often and is varied among reliability [55,63,79], medical [46,65], environmental/ecological
[39,85], manufacturing [49,61], and obsolescence prediction applications [97]. Ignoring the
censored data is possible but ill-advised as informative data may be thrown away; however,
including the data can increase bias when estimating distribution parameters especially when
the number of observations is smaller or the percent of censored observations increases [40,
65,125].

Due to its flexibility, the Weibull distribution is often used in the aforementioned studies
and is highlighted in many other studies [81]. Various approaches exist in the literature for
estimating the Weibull shape and scale parameters and is an often studied topic. [1] use
a particle swarm method to estimate parameters for a three-parameter Weibull distribu-
tion. However, in their application of estimating strengths of glass fibers they only consider
complete (non-censored) data. A Bayesian estimation method is used by [27] for heavily
censored data, however, the study uses large (100+) sample sizes. [125] evaluates the use of
least-squares estimation (LSE) which relies on the Weibull probability plot (WPP). One ben-
efit to their study is that they evaluate censoring levels of 10, 50, and 70% and also include
small samples sizes as low as 10. One drawback to their study is the use of randomly selected
censoring. This type of censoring randomly selects a certain percentage of the population
to be censored and then conducts MLE estimates. This allows for easy comparison with
analytic results, but may be hard to justify in reality. Other methods include the method
of logarithmic moment (MLM), the percentile method, and the method of moments (MM);
however the maximum likelihood estimation (MLE) is most often used [112]. This paper
focuses on removing bias when using MLE and small sample sizes and/or large censoring
percentages.

Previous studies have focused on the Weibull shape parameter as it indicates the failure



modes related to the hazard function. A shape parameter between 0 and 1 indicates early
failures, while a shape parameter greater than one indicates wear-out, and a shape parameter
equal to one has a constant hazard rate [51]. As such, an accurate estimate of the shape
parameter is important. One approach is to use a scaling factor to modify the shape pa-
rameter estimate. Ross [91] provided a bias correction factor for the shape parameter that
accounts for population size. [40] provided a bias correction method for the shape and scale
parameters using a fourth-order approximation of the bias function also taking into account
the population size. Whereas Ross and Hirose only consider complete (all non-censored)
data, [125] reduce the bias of the Weibull shape parameter the least squares estimator (LSE)
method and a bias correction function that accounts for the percent censored and sample
size. One drawback to the methods by [40,91,125] is that they seek to correct the outputs
of the estimation method after conducting the estimation, e.g. MLE and LSE, as opposed
to correcting the bias inherent in the method used. [124] and [123] use the profile likelihood,
which parameterizes the MLE function as a single variable function using a method outlined
in [20]. Shen and Yang [103] also explore a bias-correcting measure for a common shape
parameter using a third-order stochastic expansion of the bias term for a profile likelihood.
All three studies ( [103,123,124]) explore complete and censored data and focus on small
sample sizes as well as higher levels of censoring. However, they do not explore the effects
of the methods on the scale parameter nor when a generalized Type I censoring mechanism

occurs.

While estimating the bias in one of the Weibull parameters may be sufficient for gaining
insight on the failure rate trends, it may not be sufficient in forecasting applications. Further-
more, the scale parameter must also be considered. The primary contribution of this research
is a method that reduces the bias (in expectation) in the Weibull scale parameter, after esti-
mating the Weibull shape parameter using the methods by [103,123,124] when a generalized
Type I censoring mechanism is present. Generalized Type I censoring is right-censored data
that does not have a fixed testing period and items are introduced into the study at vary-

ing times (this censoring mechanism is described in greater detail in Section 2.2.1 and the
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Appendix). Results from a simulation study indicate that methods from [103,123,124] show
improvements (i.e. reduced bias) in the shape parameter estimates, but tend to increase bias
in the scale parameter estimates. As a goodness-of-fit test, the Kullback-Liebler divergence
metric is used to gain insights on the overall effect of simultaneously improving the shape
and scale parameters on the overall probability density functions (PDFs).

The rest of the paper is organized as follows. Section 2.2 defines the notation for censored
data, outlines the methods used to estimate the Weibull parameters, oversampling, and the
Kullback-Liebler divergence metric. Section 2.3 shows the efficacy of applying previous bias
reduction methods to generalized Type I censoring data using Monte-Carlo simulation. Sec-
tion 2.4 shows how the methodology reduces the bias in the scale parameter and decreases
the estimated distribution’s deviation from the known distribution. Section 2.5 presents em-
pirical results of the proposed method. Section 2.6 uses microelectronic data to demonstrate
how the methodology would be utilized in practice. Section 2.7 discusses the findings and

concludes the study.
2.2 Background

This section will highlight the bias correction methods using a modified profile likelihood
method [123, 124] and the second- and third-order stochastic expansion of the Weibull
MLE [103]. While the work in [103,123] assumes a common shape parameter for £ Weibull
distributions, this paper will assume that observations are only derived from a single pop-
ulation (kK = 1). The equations shown in this section modify the original equations to
accommodate this assumption. Additionally, oversampling of minority and majority classes

is discussed, specifically the synthetic minority over-sampling technique (SMOTE).

2.2.1 Types of Censored Data

Right censored data results from two mechanisms [56,63]. The first, Type I, has a fixed
censoring time while the second, Type II, creates censored observations when a predefined

number (or percentage) of failures (non-censored values) occur. While Type I censoring can
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control for the time aspect it is unable to control for the number of failures; likewise, Type
IT can control the number of failures but cannot control the time at which these failures
occur. For standard Type I censoring and Type II censoring, the parts are introduced at
the beginning of the experimental or observational period. This is the typical setup in many
studies, specifically in [39,46, 49, 55,61, 63, 65,79, 85,97] and [103,123-125]. Another type
of censoring, generalized Type-I right censoring, occurs when each observation has a unique
censoring time as well as varying introduction dates [21,56]. In standard reliability demon-
stration test (RDT) cases, as outlined in [55], the standard Type I or Type II censoring
mechanisms are used. However, in many other instances generalized Type I censoring natu-
rally occur. Examples include: medical studies (patients arrive a various times), structural
risk analysis (buildings or structures are observed at different times), and obsolescence pre-
diction (parts are introduced into the market at various times). Similar to standard Type I
censoring, the generalized Type I censoring cannot control for the amount of censored parts.
2.8 presents mathematical analysis for the expected amount of censoring for a given set of

Weibull parameters, assuming uniform introduction dates for the observations.

Figure 2.1 shows a visual example of the difference between the standard Type I and Type
IT censoring and generalized Type I censoring. The left side of Figure 2.1 shows 6 items under
observation with the same introduction date. The censoring time, T¢, is a predefined time
for Type I censoring that is established before the study begins. For Type II censoring, the
value for T will vary, dependent upon reaching the predefined percent of failures. The right
side of of Figure 2.1 showcases generalized Type I censoring where the items have varying
introduction dates. Typically in this case the T is related to a “date of analysis” which can
be the last observation time, or in cases where one has access to real-time data, “today”.

Right censored data for an observed lifetime ¢ will consist of two values {7}, d;}, with
T, € R and §; € {0,1}. In the generalized Type I case, the current lifetime, T; = L; + D;,
consists of a lifetime, L; ~ fr(0.), and a introduction date, D; ~ fp(fp), where fr, 0, are
the probability density function (PDF) and parameters of the lifetime and fp,0p are the

PDF and parameters of the introduction date. The lifetime, T;, can be either an observed
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Figure 2.1: The difference between standard Type 1 and 2 censoring and generalized Type
1 censoring. Standard Type 1 and 2 censoring has all elements start at the same time (left
figure), while generalized Type 1 censoring has different introduction dates (right figure).
The majority of studies typically refer to the standard types of censoring, while there has
been little research with generalized Type I data.

or censored value, while the censoring indicator §; = 0 when an observation is censored (e.g.

T; > T¢) and §; = 1 when an observation is non-censored (e.g. T; < T¢).

2.2.2  Modified profile likelihood estimation

[124] present a modified profile likelihood to improve the estimate for the shape parame-
ter in a Weibull distribution. [123] improves the estimates and extend to include multiple
populations with a common shape parameter but with different scale parameters. Given the

Weibull probability distribution function (pdf):

B/t -1 t\ 5B
ftlond) == (=) emi—(2)
a \«a o
where a and (8 are the scale and shape parameters, respectively.

The log-likelihood function for a two-parameter Weibull distribution (for one population)
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is given by:
n n tz B
l(a,B) =rlogf+ (5 —1) Z(Silogti —Brloga — Z {} , (2.1)
i=1 i=1 @
where t; are the n observed lifetimes or censored lifetimes; the failure indicator §; = 1 if the
lifetime is known or §; = 0 if the lifetime is censored; r = > ; §; is the total number of

observed and known lifetimes; for ¢ = {1,2,...,n}. Maximizing (2.1) w.r.t. « (e.g. taking

the partial derivative w.r.t. «, setting equal to 0 and solving for «) gives:

a(p) = {Tiz;tf}l/ﬁ. (2.2)

The profile (or concentrated) likelihood function is found by substituting (2.2) into (2.1),
yielding:

L(8) = 1(a(8), B) = rlogr — r + rlog S+ (5 — 1) 3 6 log s — rlog 3 £,

i=1 i=1

To solve for the MLE for the shape parameter, maximize [,(/3), or equivalently solve
d
— (1,
dp

For right censored data, the profile (MLE) and modified profile (MMLE) scores are:

r P tﬁ logt, &
Sy(B) = 5 pi=1i To » 5 + ;logt (2.4)
r—1 1ogt
Sm = — 7 = 1 Z 10 tz 25
0 =" R S 2:5)

where D is the set of non-censored observations and r is the number of non-censored obser-
vations. Solving (2.4) and (2.5) with (2.3) will yield estimates, 3, and 3,,, which are the
profile and modified Weibull scale parameter estimates, respectively. Estimates for the scale
estimate associated with the profile shape, o, = «(f,), and the scale estimate associated

with the modified shape, a,, = a(/3,), can be calculated using (2.2).
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2.2.3 Second- and Third-order Stochastic Expansion of the MLE

To improve on the bias reduction in [123,124], the work in [103] evaluates the second- and
third-order stochastic bias in the shape estimate, B . [103] defines the third-order stochastic

expansion of the bias by
B —p = Qije + a1 +a_g/; + Op(n_2) ,

where a;/5,7 = 1,2,3, are defined to be the terms of order Op(n*i/Q), and are functions
consisting of the score function (2.3) and derivatives of the score function. They define the
second-order bias as by = E(a_1/2 + a_1), and the third-order bias as by = E(a_3/2). As
there is not an analytical solution to these bias terms, one can calculate the second- and
third-order bias corrected MLEs using a bootstrap method described in their paper [103].

After estimating the bias terms, the shape estimates are calculated using

B = B, — by (2.6)
B = B, — by — bs. (2.7)

The second-order stochastic estimate, (2.6), will be referred to as BC-2 while the third-
order stochastic estimate, (2.7), will be referred to as BC-3 .

2.2.4  Qversampling

Over-sampling and under-sampling of minority and majority class observations has been
used to improve classifier performance [3]. The Synthetic Minority Oversampling Tech-
nique (SMOTE) is “the ‘de facto’ standard or benchmark in learning from imbalanced data
set[s]” [33]. The standard SMOTE as originally introduced by [16] involves oversampling
observations from the minority class by creating new synthetic examples within a neighbor-
hood of the minority class observations. The synthetic examples are created by randomly
selecting an observation and another observation within a specified neighborhood. A ran-

dom point along the interpolated line segment between the two observations is chosen as the
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synthetic example. The process is repeated until a specified number of synthetic examples
are created. The majority of the extensions to the standard SMOTE algorithm are related

to classifications problems.

Although MLE is not the same as a classification problem, dealing with censored data
can present a similar problem by having a minority class with far fewer observations than
the majority class. Depending upon the amount of censoring, the minority (or majority)
class may be the censored or non-censored sets. A handful of studies that have expanded
SMOTE to applications other than classification problems include regression, such as the
SMOTER algorithm [115]. The SMOTER method was applied to time series forecasting
in [70]. However, in both of these studies the data sets under consideration were not “small”
(> 198 for [115] and > 500 for [70]). As this paper considers small sample sizes, it will
expand the SMOTE algorithm to allow over-sampling of the minority and majority classes
when estimating the Weibull scale parameter (&) to allow for the increase of the overall

sample sizes.

2.2.5 Goodness of Fit Measure

While this paper seeks to decrease the bias in the scale parameter estimates it is necessary to
evaluate the overall effect of reducing the bias for both parameters in a Weibull distribution.
The Kullback-Leibler divergence is one method to measure the relative information loss, or

relative entropy, when representing one distribution by another [57]. It is defined as

o p(z)
Dy (PllQ :/ p(x)In —=dx,
PIQ) = [~ p@ymE
where P is a known or reference distribution and () is an estimated distribution. A smaller
K-L divergence indicates a smaller loss of information while a larger K-L divergence indicates
a larger loss of information. [8] provides an analytic solution for the case where P and @) are

both Weibull distributions. Given a reference distribution with density p(z|ay, 1) and an
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approximated distribution with density q(z|as, 52), the K-L divergence is calculated by

Dicr(P||Q) = /Ooop(x|a1,61)lnmdx
B Ba v g\ P2 Ba
—lna—?l—lna—éﬁ-’—(ﬁl—ﬁz) [lnozl—ﬂll-i—(%) F<51+1>_17 (2.8)

where v = 0.5772 is the Euler-Mascheroni constant and I'() is the gamma function.

One criticism of the K-L divergence is that it does not satisfy the triangle inequality
due to asymmetry and is not a true distance metric [66]. This should not be an issue with
the current application as it seeks to measure the loss of information when modeling the
distribution P with the estimated distribution ), which can be allowed to be asymmetric. If
the use of a symmetric divergence metric is desired, one can use the Jeffreys divergence [77]

which is calculated
J(P,Q) = Dkr(P||Q) + Dxr(Q[|P).

Another alternative is the Jensen-Shannon divergence [66] which is calculated

JS(P,Q) = Drr(P[|(P+Q)/2) + Drr(QlI(P + Q)/2).

While the Jeffreys divergence between two distributions can rely upon the analytic solution
(2.8), the Jensen-Shannon divergence may not have an easily attained analytic solution due
to averaging the distributions and must rely upon numerical integration. In this paper, (2.8)
will be used to measure the impact of simultaneously reducing the bias in both the shape
and scale. This use of the K-L divergence is also aligned with our use of MLE, which in

principle also aims to minimize the K-L divergence [17].
2.3 Extending Profile Methods to Generalized Type I Censoring

This section demonstrates how the modified profile (MMLE) method proposed by [123] and
the stochastic expansion methods (BC-2 and BC-3) by [103] can reduce the bias in the shape
parameter with a generalized Type I censoring mechanism. When considering the profile

likelihood, the methods described in Section 2.2 only focus on removing the bias related to
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the shape parameter. The scale parameter is estimated using (2.2) and there is no guarantee
in regards to the bias reduction for this parameter. This section will also show that the bias

in the scale parameter as measured with RMSE and MAE may actually increase.

2.3.1 Generalized Type I Censoring Artificial Data

To simulate generalized Type-1 censored data requires generating lifetimes as well as in-
troduction dates. For this study, the lifetimes will be assumed to come from a Weibull
distribution (L ~ Weib(a, $)) while the introduction dates will assume to uniformly dis-
tributed (D ~ U(0,T¢)). Random variates are generated for T; as described in Section 2.2.
A new random variable is introduced which is the sum of the lifetime and the introduction
date, T'= L+ D. An item will have a censored lifetime if T > T, where T is the censoring

time.

The generalized Type I data is generated using scale value of 100 (« = 100) and varying
shapes of 0.5, 1.0, and 2.0 (8§ = {0.5,1.0,2.0}). Three values for the expected percent
censored are chosen (pc = {30,50,70}). For each combination of § and pe, values for T are
chosen using (2.16) shown in 2.8. To ensure that the generated data is ‘close’ to the target pc
value, an acceptance-rejection method is used. For each value of pe, values outside of £5%
are rejected. For example, a target percent censored of pc = 30, will only keep data with a
percent censored in the range [25,35], pc = 50, [45, 55], and pc = 70, [65, 75]. Additionally,
the number of items, or sample size, n is varied from 20 to 50 (n = {20, 30,50}). Values for

Te that will ensure the expected percent censored are shown in Table 2.1.

Using the methods described in Section 2.2 to estimate the shape parameters, the profile
shape estimate, Bp, is calculated using (2.4); the modified profile shape estimate, B, is
calculated using (2.5); and the second- and third-order stochastic expansion shape estimates,
Brez and By, are calculated using (2.6) and (2.7), respectively. Estimates for the scale

parameter for each method are calculated using (2.2), e.g. &, = d(@p); G = &(B);

Qpe2 = @(Bbﬁ); and Qpes = d(BbCS)-
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Table 2.1: Values of Ti that give the expected values of percent censored (pc = E[% cens))
for a = 100 and various 8 and Ty values. The value in parenthesis is the actual expected

percent censored for the associated value of T¢.

pc

B 30([25,35])  50([45,55))  70([65,75])

0.5 375 (30.75%) 120 (49.88%) 30 (70%)
1.0 330 (29.19%) 160 (49.88%) 75 (70.35%)
2.0 290 (30.56%) 175 (49.97%) 110 (70.91%)

2.83.2  Numerical Results for Shape and Scale Fstimates

The two loss functions used to measure the bias in shape and scale parameter estimates are

the root mean-squared error (RMSE)

m — &2
RMSE = \/Z“(a “)°

m

and the mean absolute error (MAE)
1 & .
MAE = —> | — & (2.9)
m iz

Where « is the known scale value used in step 1 above and & is the i** sample replication for
each of m samples. The shape value 5 can be substituted in for instances of a as necessary.
The relative improvement for both the RMSE and MAE are given in Tables 2.2 and 2.3.
This measures the relative improvement for the MMLE, BC-2, or BC-3 methods over the
standard MLE method. For example, the relative improvement of the scale estimate when
using the MMLE method measured by the RMSE and MAE is calculated using
(RMSE;, — RMSEs,,)
RMSEj, ’

(MAEs, — MAE;,)
MAE, '

Relpp, = (2.10)

(2.11)

RGZM’m =
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The relative improvements for the BC-2 (Relgpe2, Relnrpe2) and BC-3 (Relg pes, Relnrpes)
methods can also be calculated using (2.10) and (2.11). Positive values of Rel will indicate
that the method (MMLE, BC-2, BC-3) is an improvement over the standard method (MLE),
while negative values will indicate that the method does not improve over the standard
method.

Table 2.2 shows the relative improvement for the shape parameter using MAE and RMSE
for m = 1000 replications for each triplet of {3, p,n}. In all cases, the relative improvement
in the bias is positive over the profile MLE method when using the MMLE, BC-2, and BC-3
methods as measured by MAE and RMSE. In general, the relative improvement tends to
decrease as the sample size increases for both MAE and RMSE. The BC-2 and BC-3 methods
tend to outperform the MMLE method, but this is not always the case. For example, with
£ = 0.5 and p = 70 when n = 20 the BC-2 method shows similar performance with MMLE
when measured by MAE (0.120 vs. 0.120) while the BC-3 method shows a decrease in
MAE (0.109 vs 0.120). However, both the BC-2 and BC-3 show decreases when measured
by RMSE (0.168 and 0.138 vs. 0.175). In most other cases the BC-2 and BC-3 methods
improve the relative improvement over the MMLE method. All of the values in this table
are positive, indicating that the three methods (MMLE, BC-2, and BC-3) can be applied

successfully to the the generalized Type I censoring mechanism.
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Table 2.2: Relative Improvement of MAE and RMSE for Weibull shape parameter (3) using
MLE, MMLE, BC-2, and BC-3 for Generalized Type I Censored Data. (o = 100) (MAE

(Relyr.) // RMSE (Relp.))

0.5 30

50

70

1.0 30

50

70

2.0 30

50

70

20
30
50
20
30
50
20
30
50
20
30
50
20
30
50
20
30
50
20
30
50
20
30
50
20
30
50

MMLE
0.040 // 0.069
0.049 // 0.065
0.016 // 0.026
0.060 // 0.098
0.041 // 0.069
0.027 // 0.050
0.120 // 0.175
0.051 // 0.114
0.030 // 0.068
0.047 // 0.070
0.041 // 0.058
0.017 // 0.028
0.063 // 0.091
0.041 // 0.068
0.021 // 0.037
0.109 // 0.161
0.063 // 0.107
0.026 // 0.064
0.067 // 0.081
0.041 // 0.059
0.030 // 0.037
0.077 // 0.100
0.049 // 0.066
0.029 // 0.044
0.094 // 0.147
0.058 // 0.097
0.026 // 0.052

BC-2
0.061 // 0.092
0.049 // 0.074
0.016 // 0.038
0.068 // 0.115
0.051 // 0.077
0.027 // 0.050
0.120 // 0.168
0.051 // 0.114
0.040 // 0.068
0.089 // 0.133
0.075 // 0.099
0.035 // 0.048
0.093 // 0.136
0.061 // 0.094
0.028 // 0.048
0.123 // 0.178
0.070 // 0.116
0.032 // 0.068
0.109 // 0.153
0.078 // 0.113
0.052 // 0.073
0.129 // 0.172
0.091 // 0.121
0.055 // 0.077
0.147 // 0.204
0.090 // 0.134
0.040 // 0.069

BC-3

0.061 // 0.092
0.049 // 0.074
0.016 // 0.026
0.068 // 0.109
0.051 // 0.069
0.027 // 0.050
0.109 // 0.138
0.059 // 0.098
0.040 // 0.061
0.094 // 0.133
0.075 // 0.099
0.035 // 0.048
0.097 // 0.130
0.061 // 0.091
0.028 // 0.048
0.117 // 0.155
0.074 // 0.107
0.037 // 0.068
0.106 // 0.149
0.075 // 0.110
0.052 // 0.070
0.127 // 0.165
0.088 // 0.117
0.055 // 0.075
0.133 // 0.177
0.088 // 0.123
0.040 // 0.067

Table 2.3 shows the relative improvement for the scale parameter using the MAE and

RMSE for m = 1000 replications for each triplet of {5,p,n}. In all cases, the relative

improvement in the bias is negative over the profile MLE method when using the MMLE,
BC-2, and BC-3 methods as measured by MAE and RMSE. As with the shape parameter
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estimates, the (magnitude of the) relative improvement tends to decrease as the sample
size increases for both MAE and RMSE, but with a few exceptions. In terms of relative
improvement the BC-2 and BC-3 methods tend to do worse (i.e. have a greater magnitude)
than the MMLE method for MAE and RMSE. As the percent censored increases or the
shape value decreases, the relative improvement tends to worsen across all three methods.
Contrary to the results above for the shape value, all of the values in this table are negative
indicating that while the MMLE, BC-2 and BC-3 methods reduce the bias in the shape
parameter estimates, they increase the bias in the scale parameter estimates when using a

generalized Type I censoring mechanism.

Table 2.3: Relative Improvement of MAE and RMSE for Weibull scale parameter («) using
MLE, MMLE, BC-2, and BC-3 for Generalized Type I Censored Data. (o« = 100) (MAE
(Rely.) // RMSE (Relg,.))

B p n MMLE BC-2 BC-3
0.5 30 20 -0.045 //-0.057 -0.975 // -1.61 -0.953 // -1.556
30 -0.029 // -0.037 -0.751 // -1.166 -0.745 // -1.154
50  -0.018 // -0.021 -0.685 // -0.929 -0.683 // -0.926
50 20 -0.27 //-0.383 -1.965 // -4.472 -1.71 // -3.732
30 -0.16 // -0.247 -1.902 // -8.068 -1.791 // -7.388
50  -0.082 // -0.114 -0.883 // -1.351 -0.867 // -1.322
70 20 -5.171//-11.597 -317.518 // -845.546 -87.878 // -221.187
30 -1.059 //-1.771  -15.803 // -89.477 -11.42 // -70.123
50 -0.351 // -0.517 -1.485 // -3.295 -1.338 // -3.018
1.0 30 20 -0.017 //-0.018 -0.703 // -0.841 -0.698 // -0.835
30 -0.01 //-0.011 -0.618 // -0.754 -0.616 // -0.752
50  -0.006 // -0.006 -0.514 // -0.569 -0.513 // -0.568
50 20 -0.128 // -0.183 -1.046 // -3.876 -0.966 // -3.361
30 -0.071 // -0.096 -0.922 // -1.304 -0.902 // -1.272
50  -0.045 // -0.057 -0.495 // -0.644 -0.49 // -0.635
70 20 -0.718 // -1.234 -2.399 // -6.574 -1.699 // -4.365
30 -0.332 //-0.519 -1.411 // -3.721 -1.209 // -3.03
50 -0.168 // -0.245 -0.623 // -0.846 -0.586 // -0.796

Continued on next page
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20 30 20
30

50

50 20

30

50

70 20

30

50

-0.005 // -0.004
-0.003 // -0.003
-0.002 // -0.001
-0.037 // -0.049
-0.025 // -0.031
-0.017 // -0.02
-0.298 // -0.506
-0.172 // -0.247
-0.092 // -0.127

-0.408 // -0.434
-0.38 // -0.393
-0.41 // -0.447
-0.734 // -0.93
-0.575 // -0.675
-0.551 // -0.59
-1.476 // -5.376
-0.788 // -1.187
-0.597 // -0.727

-0.407 // -0.433
-0.38 // -0.392
-0.408 // -0.447
-0.715 // -0.898
-0.57 // -0.667
-0.55 // -0.588
-1.245 // -4.309
-0.732 // -1.085
-0.581 // -0.704

2.4 Oversampling Methodology

22

As the previous section indicates, the profile likelihood methods can successfully reduce the

bias in the shape parameter with a generalized Type I censoring mechanism, but does not

ensure a reduction in the bias of the scale parameter. This section proposes a methodology

to reduce the bias in the scale parameter, and thus the overall bias in a Weibull distribution

using an oversampling process akin to SMOTE. The proposed methodology is presented in

the form of a simulation study.

1. Data Generation: Generate R samples of data D; of sample size n for i € {1,..., R}

from a given (known) shape  and scale a. To ensure stability in later parameter

estimates, ensure that the percent censored, pc;, will be taken according to the the

values of T shown in Table 2.1.

2. Parameter Estimation: Estimate the shape BAZ and scale &i(ﬁi), for each sample i €

{1,..., R}. This paper will use the BC-3 method described in Section 2.2.3, but other

methods can be used.

3. Oversampling: For each point p in the N/ x C grid, over-sample using the modified
SMOTE method described in Section 2.2.4. Repeat the modified SMOTE oversampling

K times, using j neighbors, and for each point calculate estimates for @;kp(3i|t’ ) using
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(2.2). The value ' = {t,t,,t.} represents the updated data where ¢ is the original data,
t,, is the synthetic data for the non-censored data values, and t. is the synthetic data
from the censored data values. The sets N and C are non-negative integers, representing
the total amount of oversampling for the non-censored and censored values in the data,

D;, respectively. For this paper, N',C € {0,10,...,100} yielding a grid consisting of

121 points.
. Measure Improvement: For each data set i € {1,..., R} calculate the mean scale value
K N
=~ Zk:l aikp
="

at each point p € N’ x C. Then use &;, to calculate the K-L divergence
KLip = Drr (a, B, G, B) (2.12)

at each point p for each data set i. Next, calculate the difference between the K-L

divergence with no oversampling and (2.12) at each point
5ip - KLi{0,0} - Ksz 5 (213)

for each data set i. Note that the value for §;, can be positive or negative. Positive
values will correspond to an improvement in the distribution (positive improvement)
while negative values will correspond to the opposite of an improvement in the distribu-
tion (negative improvement), as measured by the K-L divergence. The K-L divergence

with no oversampling is defined as
K Lo,y = Dk (04757 di7Bi) :

To measure the expected improvement for oversampling at each point, calculate

- YRS
5]1:%'

The set of points p* where

5p* - toz,R—l : S(Sp* >0
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are the set of points where oversampling will improve, in expectation, the overall dis-
tribution for a given confidence level o. The value S5, 18 the standard deviation of
(2.13) for each p and t, g1 is the critical value of the ¢t—distribution at the significance

level o with R — 1 degrees of freedom.
2.5 Numerical Simulation

A Monte-Carlo simulation is presented in this section to show the efficacy of the method
proposed in Section 2.4. A value of j = 4 neighbors is used in the modified SMOTE
method, where 2 smaller and 2 larger values are chosen when calculating the interpolated
synthetic point. Values for this study are R = 1000, K = 200, « = 100, 5 = {0.5,1.0,2.0},
pc = {30,50,70} and n = {20,30,50}. Each generated data set uses a value for T¢ as
indicated in Table 2.1 for a given shape and expected percent censored value. The BC-3
method for parameter estimation will be used for this simulation.

Figures 2.2 - 2.4 show the points in the N x C grid associated with positive improvement
for g = 0.5,1.0, and 2.0, respectively, and various values of n and pc. The rows, as moving
from top to bottom, represent sample sizes of n = 20, 30, and 50, while the columns, as
moving from left to right, represent percent censored values of pc = 30, 50, 70. For each
sub-figure the horizontal axis represents the amount of oversampling using the non-censored
data and the vertical axis represents the amount of oversampling using the censored data.

In the case where § = 0.5 (Figure 2.2), there is a clear pattern for each of the percent
censored values (i.e. each column). The pattern remains for each percent censored value as
the sample size increases (i.e. each row). When there is ~ 30% censoring, the points in the
grid that show positive improvement tend to rely on the non-censored values more than the
censored values in creating the synthetic data. This can be seen in the approximate ‘line’
that is less than 45 degrees. As the sample size increases the magnitude of the maximum
expected amount of improvement tends to decrease; as one moves down the first column
the maximum value of improvement goes from (approximately) 0.038 to 0.022 to 0.016 nats.

When there is ~ 50% censoring, improvements tend to occur along a 45 degree ‘line’, where
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Figure 2.2: Improvement in K-L divergence for § = 0.5. Each row shows an increasing
sample size (from top to bottom: 20, 30, 50) while columns show an increasing percent

censored (from left to right: 30%, 50%, 70%). (5 = 0.5,« = 100, R = 1000, K = 200)

there is equal amount of reliance upon non-censored and censored data. Again, there tends
to be a decrease in the maximum expected amount of improvement as one moves down
the second column, but there is also a potential to see an overall higher increase in the
improvement when compared to the lower percent censored values. Finally, when there is
~ 70% censoring the improvements appear to occur along the ‘line’ that is greater than 45
degrees indicating improvement when relying on the censored values as opposed to the non-

censored values when using the modified SMOTE algorithm. The potential for improving
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the K-L divergence is higher when compared to lesser percent censored data for sample sizes
of 30 and 50 (not for a sample size of 20), but there appears to be less oversampling points

in the N x C grid where there is a positive improvement.
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Figure 2.3: Improvement in K-L divergence for § = 1.0. Each row shows an increasing
sample size (from top to bottom: 20, 30, 50) while columns show an increasing percent

censored (from left to right: 30%, 50%, 70%). (8 = 1.0, = 100, R = 1000, K = 200)

In the cases of § = 1.0 (Figure 2.3) and § = 2.0 (Figure 2.4), there are many of the
same insights as with = 0.5. For instance, as the sample size increases the maximum
expected amount of improvement decreases. Likewise, as the percent censored increases, the

potential to improve the maximum expected K-L divergence increases. The magnitudes of
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Figure 2.4: Improvement in K-L divergence for § = 2.0. Each row shows an increasing
sample size (from top to bottom: 20, 30, 50) while columns show an increasing percent

censored (from left to right: 30%, 50%, 70%). (5 = 2.0, = 100, R = 1000, K = 200)

the maximum expected improvement are of roughly the same magnitude across all values
of B, with the one possible exception in the case of § = 0.5,np = 20, and pc = 70. With
B = 2.0 there appears to be a larger region of expected improvement when compared to

other values of 3, particularly when pc = 30 or 50 for all sample sizes.
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2.6 Case Study

This case study uses integrated-circuit memory data that is comprised of an introduction
data and end-of-life (EOL) data if known. The data is assumed to not have any evolutionary
parametric drivers [97]. The procurement lifetime is defined as the difference between the

EOL date and the introduction date.

The data consists of 1143 observations where the introduction date for the first part is
1 January 2000. The data was extracted on 29 August 2019, and this date is the effective
censoring date. At the censoring date, the data consists of 518 non-censored and 625 censored
observations; approximately 54% censored data. Using the profile MLE method, the Weibull
parameter estimates have a shape estimate of 2.042 and a scale estimate of 7047 days (or
slightly more than 19 years), while the BC-3 method provides a shape estimate of 2.039 and
a scale estimate of 6853 days (or slightly less than 19 years). Figure 2.5 provides the average
scale parameter estimates for the points in the N’ x C oversampling grid using K = 200,

where the origin (lower-left square) shows the BC-3 scale estimate.

Using the middle plot in the bottom row of Figure 2.4, one would expect the best oversam-
pling strategy to have an approximately equal oversampling of censored and non-censored
values. Figure 2.5 shows that if only the censored data is oversampled 100 times, the esti-
mated scale parameter is 7420. If only the non-censored data is oversampled 100 times, the
estimated scale parameter is 6649. In Figure 2.5, the scale estimates on the diagonal show
that the oversampling-based estimates at Onyc = O¢ > 0 tend to be slightly greater than
the estimate from the BC-3 method (at Onc = O¢ = 0). In other words, the oversampling
result suggests that a scale of 6853 days is likely an underestimated value. Therefore, one can
either increase the estimate based on Figure 2.5 to reduce the potential bias or interpret the
subsequent forecasting based on a scale of 6927 days with a caution on the underestimated
scale. In practical terms, the underestimation of the scale parameter means that a part may
be forecasted to become obsolete 100-200 days early (i.e. range of the scale parameter is

approximately 6900 to 7100 days as given by the values on the diagonal in Figure 2.5.
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Figure 2.5: Weibull scale parameter estimates for integrated-circuit memory data using the

proposed oversampling methodology. Units for the scale values presented are in days.

2.7 Conclusion

This work has shown that three profile likelihood methods (i.e. MMLE, BC-2, BC-3) mini-
mize the bias in the shape estimates for a Weibull distribution when compared to the standard
profile MLE for the generalized Type I censoring mechanism. However, using these methods
will induce a bias that is larger than the profile MLE estimate (see Table 2.3). As expected,
the amount of bias tends to be larger as the sample size is smaller and/or the percent cen-
sored is larger. The generalized Type I censoring considered in this study assumes a uniform
distribution for introduction dates and the Weibull distribution for the item lifetimes but
can be extended to other distributions as necessary. The analysis in 2.8 can be used as a
framework to account for different distributions by exchanging values for the introduction

and procurement lifetime dates.
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The results in Section 2.5 show that the bias in the scale parameter can be decreased
as evidenced by a decrease in the K-L divergence. The general pattern points to a reliance
on oversampling synthetic data from the non-censored data when the percent censored is
low, relying more on censored data when the percent censored is high, and relying on both
censored and non-censored data when the percent censored is moderate. These results are
promising to solve the problem of estimating a probability distribution with smaller sample
sizes and higher levels of censoring. Extending this method to a case study with only a
single data set can provide a modeler a range of reasonable values to consider as shown in

Section 2.6, despite not knowing the true parameter values.
2.8 Expected Value of Percent Censored for Generalized Type I Censoring

The current lifetime 7; as discussed in Section 2.2 consists of a lifetime, L; ~ f1(01), and an
introduction date, D; ~ fp(0p), where fr, 60 are the PDF and parameters of the lifetime
and fp,fp are the PDF and parameters of the introduction date. The random variable T;
represents a value that dictates the obsolescence status of the item, relating the introduction
date, procurement lifetime, and the censoring time. The expected value of a random item

being censored (non-obsolete) is given by:

E[item being censored] = E [I(T; > T¢)]
— 1 P(T, > Te) +0- P(T, < Tp)

= P(T, > T,). (2.14)
where I(-) is the indicator function. Rewriting (2.14) using a convolution yields

P(T; > Te) = 1 — Fr,(Tc)

=1—Fr4p,(Tc)
=1- [[ fo(d)fr(ada
I+d<Tc

oo pTo—l1
—1- / / Fou(d) fr, ()dd di



( / >dd) fr ()l

p,(Te — 1) fr,()dl

o (T — 1) fr.(l dz+/ Fp,(Te — 1) fr,(1)dl

1= [ BT -0 0dL (+ 0)

||
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(2.15)

where Fr, (= Fp,+p,) is the cumulative distribution function (CDF) of the random variable 7T;

(= L;+D;), Fp, is the CDF of D;, and fL(l), fp,(d) are the PDFs of L; and D, respectively.

For arbitrary distributions of D; and L;, (2.15) can be solved numerically.

As this paper has assumed a uniform distribution for the introduction dates, Fp, on the

interval [0, T¢|, and a Weibull distribution with shape parameter § and scale parameter «,

(2.15) can be further simplified. Using the uniform distribution’s CDF on the interval [0, T¢],

the Weibull PDF

and the Weibull CDF

(2.15) becomes

(2.16)
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Thus the expected value of an item being censored is the same as the probability of it being
censored and is given by equation (2.16).

The expected value of the number of parts being obsolete out of n parts has a binomial dis-
tribution where a success (censored) will occur with probability p = Elitem being censored],
and a failure (not censored) will occur with probability ¢ = 1 — p. The expected number of

successes (# censored) is
E[# censored] = np.

The expected percent censored is

E
E[% censored| = [# censored] =,
n

which is the same as (2.16).
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Chapter 3

SIMULATING AVAILABILITY RISK AT THE SYSTEM LEVEL

This chapter presents the manuscript accepted for publication by the International Jour-

nal of Production Research [108].

3.1 Abstract

Many enterprise systems are comprised of parts with shorter product lifetimes than the
system lifetime. Managing the availability of the parts in the supply chain to ensure unin-
terrupted operation of the system is non-trivial and can be costly in terms of capital and
resources. A DMSMS (Diminishing Manufacturing Sources and Material Shortages) issue is
the loss, or impending loss, of a manufacturer because the manufacturer discontinues pro-
duction or support of needed parts. Proactive DMSMS requires the ability to forecast part
availability in the marketplace under varying conditions. This paper goes beyond part-level
forecasting by developing a framework to estimate availability risk at the system level. The
proposed framework quantifies and compares availability risk for multiple parts in a system
using a finite-source capacitated queuing model. Two availability risk metrics are defined:
the fraction of time with no vendor parts available and the time until a part will be unavail-
able in the market. The metrics are demonstrated in scenarios that a DMSMS practitioner
is likely to experience. The results demonstrate that the framework can be used to inform
proactive DMSMS decisions by providing a measurement of the risk in the logistics system

which supports cost and resource allocation trade-offs.
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3.2 Introduction

The sustainment of long-life production and logistic systems can be adversely affected by
part unavailability in the supply chain. Diminishing Manufacturing Sources and Material
Shortages (DMSMS) is a subset of Supply Chain Risk Management (SCRM) that evaluates
the manufacturing, supply, and demand risks associated with long-life systems. Conducting
proactive DMSMS management is a non-trivial exercise as competing and limited budgets

will often constrain the decision space for a supply chain analyst.

Proactive DMSMS requires an ability to forecast obsolescence risks for components and
requires a process for articulating, reviewing, and updating the system status. Conversely,
reactive DMSMS management is driven by part unavailability issues and can lead to costly
solutions in order to keep a larger system in operation. DMSMS risk can be quantified via
material risk index (MRI) [19,104] and technology (or design) refresh planning [69,107,128|.
While MRI studies tend to identify risk via probabilistic means, technology refreshes quantify
the cost of proactive vs. reactive mitigation approaches. As such, these tools support a
proactive DMSMS mitigation approach and allow for better management of the logistics
surrounding production and logistic systems. This paper provides inputs to improve the

efficacy of these tools.

Previous studies provide forecasts for procurement life-cycles, or the length of time a
particular part is available from an original equipment manufacturer (OEM), but no studies
have sufficiently provided a framework for evaluating aggregated risk across multiple parts
[90]. Other studies have pointed out the need to take into account the product life-cycle
curve of a technology [78,106] and the size of the marketplace [89,121]. An understanding
of a system-level unavailability risk, or its propensity to be non-procureable in the market,
is the first step in moving towards proactive DMSMS within the broader logistic system.
Proactive DMSMS approaches must consider system-level availability risk, individual part

procurement lifetimes, and also account for market size.

[45] identifies that the majority of SCRM research in the past has been focused on
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‘mathematical and stochastic optimization’ and states that simulation modeling in SCRM
remains ‘under-explored’. [41] echo this refrain in their breakdown of published studies where
the majority (57 of 119) include some form of mathematical programming or the newsvendor
model while only a smaller number (10 of 119) included some form of simulation. They
propose five risks associated with SCRM, including macro risk, demand risk, manufacturing
risk, supply risk, and infrastructural risk. DMSMS seeks to address important elements of
manufacturing risk (as a function of product obsolescence, design change, and technological
change) and supply risk (as a result of the effects of single supply sourcing).

The primary contribution of this paper is casting the DMSMS management problem into a
novel queuing modeling framework that compares availability risk at the system level taking
into account the number of alternative parts in a market. Two availability risk metrics
are proposed that allow for implementing the queuing modeling framework as a discrete
event simulation (DES) model to quantify and compare the availability risk for the system.
The modeling framework starts from a finite-source capacitated queuing model for each
configuration part as an element of a bill of materials (BOM). Each queuing model takes
into account the procurement lifetime distributions for that particular part type and the
number of tracked parts (or market size) over time for individual technologies.

The remainder of this paper is as follows: Section 3.3 discusses work relevant to DMSMS
issues; Section 3.4 discusses the modeling framework; Section 3.5 presents two scenarios that
identify and highlight specific DMSMS issues answered by the proposed modeling framework;
Section 3.6 discusses insights from the simulation results, provides recommendations for

future work, and provides a summary of findings.
3.3 Related Work

This section discusses the background materials related to the modeling framework: a def-
inition for DMSMS, resolution options available to analysts, previous models that have ag-
gregated DMSMS risk over a system, forecasting methods used in other studies to predict

procurement lifetimes, and the product life-cycle curve. This study defines a system, or as-
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sembly, as the collection of components consisting of sub-parts or sub-assemblies as defined
in a BOM [90].

The U.S. Department of Defense (DoD) defines DMSMS as ‘the loss, or impending loss, of
manufacturers or suppliers of items, raw materials, or software’ [23]. At its heart, DMSMS
issues are supply chain issues not related to the transportation or exchange of parts, but
rather related to the ability to acquire or procure a part. Obsolescence is an example of a
potential DMSMS issue that deals with the loss of original manufacturers, suppliers, or raw
materials [99], but obsolescence does not always become a DMSMS issue. Mitigation options
include using existing stock, lifetime buys, substitution, aftermarket purchase, developing a
new source (emulation), extending production, repair, refurbishment, reclamation, and re-
design (23,26, 69, 106, 129]. [43] provide a promising framework to measure and account for
the ‘circular economy’; which refers to solutions such as repairs, refurbishment, and reclama-
tion. Similarly, [26] use a newsvendor model evaluating decisions regarding remanufacturing.
Using these resolution options can mitigate the risk of an obsolescence issue.

DMSMS management strategies can be broken down into three categories: reactive,
proactive, and strategic [94]. Reactive DMSMS management is characterized by actions
taken after a DMSMS event has occurred and tends to be associated with higher life-cycle
costs. Proactive DMSMS management creates obsolescence forecasts and takes into account
obsolescence mitigation options such as lifetime buys, etc. Strategic DMSMS management
uses a combination of reactive mitigation methods and planned technology refreshes to find
the optimal strategies that minimize overall life-cycle costs. A similar breakdown is provided
by [114] but labels them ‘Levels 1-3’. Some of the potential benefits of performing proactive
or strategic DMSMS management (as opposed to reactive) include the following: improved
budget allocation, improved operational availability, and better design refresh guidelines for
system modification [104]. Forecasting availability risk of multiple parts in a system will
provide a proactive management tool that can also inform strategic DMSMS management.

Two strategic management tools identified in the DMSMS literature are using material

risk indices (MRI) and technology (or design refresh) planning. A MRI calculates a risk score
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for specified parts from the BOM of a system. Typically, this risk is measured in the likelihood
of becoming obsolete [90]. The score is often combined with other data, specifically cost and
consumption rates to evaluate a cost at risk related to obsolescence [104]. [19] identify that the
number of manufacturers (“alternate suppliers”) as an input to the MRI function, but do not
specify how to account for market size. The models presented in this paper provide a method
to account for the number of manufacturers in the market. The second tool, technology
refresh planning, is often used to identify optimal strategies (or sequences) of technology
refreshes (or other DMSMS mitigation options) that minimize overall cost [69, 107, 128].
These tools are similar to the standard age-replacement strategies [15,102], but differ in that
DMSMS tools focus on the procurement issues of a part as opposed to the reliability or wear-
out of a part. This study does not directly address cost, but rather focuses on improving the
prediction of procurement lifetimes in the presence of form/fit/function (F3) replacements
in the market. This study assumes that the cost to identify a F3 replacement is minimal
compared to other mitigation options, such as redesigning a new system or conducting a

technology refresh.

The majority of DMSMS-centric studies have focused on component-level or individual
part-level forecasts as opposed to system-level or assembly-level forecasts [90]. Many only
consider electronic part obsolescence and do not account for mechanical or software obsoles-
cence. Determining the procurement lifetime behavior of individual parts is a fundamental
aspect of proactive and strategic DMSMS management and are used in the models presented
in this paper. The product life-cycle curve has been used to describe how a technology moves
through various stages throughout its lifetime and is closely related to part availability. Most
of the literature describes between four to six stages of the product life-cycle curve to de-
scribe changing markets [87]. The life-cycle curves are usually presented as a bell-shaped
curve although the actual curves may take on different shapes in reality. An example product
life-cycle curve is shown in Figure 3.2. Examples of models that determine the procurement
life-cycles include: estimates of product lifetimes using sales and the number of entrants into

the market [9]; a data mining-based approach using sales volume data resulting in estimates
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of a time window of obsolescence [101]; an obsolescence forecasting model using sales data
and primary and secondary attributes to provide a window of obsolescence [106]; machine
learning models including random forests, neural networks, and support vector machines to
compute the risk of a part being obsolete or to predict the date of obsolescence [47]. Us-
ing these aforementioned methods to describe the procurement lifetimes for individual parts
can be used in the models developed in this paper to describe the procurement lifetimes of

individual parts.

In the production research literature, there is a dearth of DMSMS-specific research. How-
ever, there are many fields that are relevant to DMSMS. One issue that this paper addresses
is the idea of reserve capacity in a supply chain. [68] consider reserve capacity to counter
disruption risk at the part level with a risk mitigation inventory, but they do not consider
alternate manufacturers or vendors as mitigation techniques. Additionally, their study fo-
cuses on a single-part, single-location system, whereas this study aims to evaluate risk for
multi-part production and logistic systems. Another related often-studied aspect in produc-
tion research is determining the optimal number of suppliers. [42] identify multiple-sourcing
as a driver of a resilient supply chain. A few studies recommend closely tracking sole source
configuration parts [23,89], and this implies that sole source equates to higher levels of risk
for the system. Previous work evaluates the optimal number of suppliers while accounting for
disruptions [12,45,58]. In general, dual-sourcing tends to outperform single-sourcing while
multi-sourcing typically shows diminished returns [41]. Other studies evaluate the optimal
stocking values of individual parts or items that have decaying field lives [80,110] but do not
consider the cases where parts do not have a decaying demand signal or have time-changing
market sizes. These studies make assumptions that the suppliers (and parts) will continue
to be available in the market and account for disruptions. This paper provides models to
bridge the gap to account for the risk where a market has varying numbers of suppliers.

Another field related to DMSMS issues is that of considering perishable items in math-
ematical models. In DMSMS terms, the availability of an individual manufacturer can be

thought of as a perishable item; when a manufacturer ceases producing parts in the market,
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it can be considered perished. [5] identify three main ways to model the lifetimes of perish-
able components: fixed lifetime; age-dependent lifetimes; and time- or inventory-dependent
deterioration rates. In their review of the literature, they state that there have been very
few models that consider multiple items as well as multiple warehouses. Some of the earli-
est studies have evaluated order quantities where the commodities have fixed lifetimes [34],
while later studies have expanded to allow for stochastic demands but still consider fixed
lifetimes [6]. The model presented in this paper does not consider demands, but is based on
stochastic procurement lifetimes.

Other studies have outlined suggestions to improve DMSMS management. [89] offer
strategies to assess obsolescence risk using the number of manufacturers, years to end of
life (YTEOL), available stock, consumption rates and criticality assessments. The YTEOL
methods use a point estimate for procurement lifetime and does not take uncertainty into
account. This study not only accounts for the number of manufacturers but also includes un-
certainty in procurement lifetime estimates. These two items are used to model the behavior

of the life-cycle curve and provide metrics for measuring the availability.
3.4 Modeling the Availability Risk Framework

A proactive DMSMS management model must have the ability to forecast availability for
individual parts. In addition, the model must be able to account for all tracked parts. To
achieve this, this section provides a novel way to model DMSMS availability as a finite-
source capacitated queuing model. The framework is linked to the product life-cycle curve
by modeling the number of vendor parts available over time. Two availability risk metrics

and DES modeling frameworks are presented.

3.4.1 Queuing Models in DMSMS

A BOM identifies the components and materials comprising a system. These BOMs ‘list
all the sub-assemblies, component parts, and raw materials that go into an end item’ [86].

These sub-assemblies and component parts are not actual parts, but specify the requirements
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or specifications for parts that are to be procured and used from manufacturers. These
specifications will be referred to collectively as configuration parts (CPs). They are sometimes
referred to as drawing numbers. Likewise, the actual procurable parts from manufacturers
will be referred to as wvendor parts (VPs). For each configuration part, an analyst will
typically track a number of vendor parts, up to and including all the approved and tracked
parts which is referred to as ‘market size’.

Before describing the modeling framework, the notation for a queuing model is introduced.
A queuing model consists of customers who arrive to a system and are served by servers. The
model is usually represented using Kendall’s notation: A/B/m/K/n/Di, where A describes
the inter-arrival time distribution, B is the service time distribution, m is the number of
servers, K is the system capacity, n is the population size or number of sources, and D17 is
the queue discipline [111]. Some possible values for A and B include M for an exponential
distribution, D for deterministic values, and G for general distributions.

The modeling framework represents the market size as a finite-source capacitated queuing
model, where the number of servers, the system capacity, and the population size are all
equal (i.e. m = K = n). In DMSMS terms, if there are K tracked vendor parts in the
market for a configuration part, the number of servers, system capacity, and population size
will be set to K for a finite-source capacitated queuing model. This assumption models the
reality that there is usually a finite, and assumed known, number of manufacturers in the
market. The inter-arrival time is the delay between successive part introductions into the
market, or lag, by a manufacturer. A vendor part’s procurement lifetime is the amount of
time that a manufacturer will be available in the market and is described by the service time
distribution. Parametric or non-parametric probability distributions can be used to describe
the inter-arrival and procurement lifetimes and can be estimated from observational data or
subject matter expert (SME) input. Some of the distributions identified in previous DMSMS
studies include the Weibull distribution [97] and the triangular distribution [32,100]. The
latter is often recommended for DMSMS practitioners as it allows for easy interpretation since

it is defined over a specified range with the option for a non-symmetric mode value. Possible
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methods for estimating procurement lifetimes are described in [9,47,97,101,106]. The queue
discipline, D3, is not relevant in a finite-source capacitated queuing model framework and
the queuing notation will simplify to A/B/m/K/n. Figure 3.1 shows an example system
(System A) with multiple configuration partsi € {1,...,n} and vendor parts j € {1,..., K;},
where each configuration part will have K; tracked vendor parts. The underlying birth-death
process for a configuration part will have the following inter-arrival )\, and service rates

when there are k € {0,1,..., K} active vendor parts

Ne=(K—k)A 0<k<K

:uk:k/'L? 0§k<K7

under the assumption of homogeneous (or similar) and independent vendor parts, where each

vendor part has the same inter-arrival A and service u rates.

configuration
partl

configuration
part 2

configuration
partn

Figure 3.1: Conceptual model of a queuing modeling framework in a DMSMS context. Each
configuration part is modeled as a finite-source capacitated queue where vendor parts arrive
in the queuing system (become procurable in the market for the configuration part) and

leave the queuing system (become obsolete/unavailable in the market).
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3.4.2  Market Size and Number of Manufacturers

[78] note that the number of manufacturers (and thus vendor parts) change in the market as
a technology moves through various stages of the product life-cycle curve. The introduction
stage has only a few manufacturers, whereas the growth and maturity stages experience a
greater number of manufacturers. However, the number of manufacturers tends to taper
off as the technology moves towards obsolescence. As the technology continues through the
decline, phase-out, and obsolescence stages, the number of manufacturers decreases. Figure
3.2 shows the product life-cycle curve that is discussed in [78,87,106]. Overlaid on this figure
is an example of how the number of manufacturers may change over a product life-cycle. In
this example, as the technology is in the maturity stage it has a maximum of five vendor
parts in the market; in the decline stage it can has a maximum of three vendor parts in the

market; and finally in the phase-out stage a maximum of one vendor part in the market.

C =5 VPs in market

C = 3 VPs in market

C =1 VP in market
|

volume of shipments/time

introduction growth maturity Idecline phase—out obsolescence
o
|

o (0} o

time

Figure 3.2: Linking the product life-cycle curve with the queuing simulation model frame-
work. In this example, there are 5 vendor part (VPs) in the maturity stage, 3 VPs in the
decline stage, and 1 VP in the phase-out stage.

The modeling framework estimates availability risk by accounting for the changing num-
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ber of manufacturers (and vendor parts). This study assumes that the term vendor part
is synonymous with manufacturer which implies that each manufacturer produces only one
vendor part. This assumption allows for independence between vendor parts. In actuality,
one manufacturer could produce multiple vendor parts for a configuration part. A case using
this modeling framework is provided in Section 3.5.1. The actual number of vendor parts or

manufacturers can be acquired using market survey data or historical records.

3.4.8 Awvailability Risk Metrics and Models

A scarcity of vendor parts from an OEM leads to an increasing level of availability risk, which
leads to a decrease in the operational capability of the production system. In order to move
towards practicing proactive DMSMS management, it is important to minimize instances
where there are no procurable vendor parts in the market. After assigning a level of risk
to each configuration part, comparing the availability risk metrics for each configuration
part can inform decisions regarding optimal resource allocation to mitigate DMSMS issues.
This paper develops two risk metrics to quantify vendor part availability. The first risk
metric is the fraction of time with zero vendor parts available, P;. The second risk metric is
the time until obsolescence, T;. Each risk metric is suited for a particular type of analysis
and assumptions and two DES models are developed to capture two predominant ways of
thinking about DMSMS/obsolescence dynamics. The first, Model Pz, will use the metric
P; to measure availability risk and will use a fixed number of tracked vendor parts that
experience gaps in market arrival. The second, Model T, will use the metric 77 to measure
availability risk starting with an initial number of tracked vendor parts that may become
obsolete and not replaced (related to a decreasing market). Model Pz can be used to inform
MRI studies, while Model T, can be used to replace the simpler, single-part procurement

lifetime estimates in technology refresh strategies.
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Model P,

The first model provides a framework to evaluate the availability metric, P;. In DMSMS
terms, Py is important as it indicates the extent that there will be no available vendor parts
for procurement. This model assumes a fixed number of tracked vendor parts over a (usually
shorter) time period of interest and time-lag between successive introductions of vendor parts.
This time-lag is represented by a positive inter-arrival time; if the the inter-arrival time was
equal to zero, P, would be equal to zero since vendor parts would always be available. Each
configuration part i € {1,...,n} is initialized as a finite-source, capacitated queuing system
with no assumptions regarding the distributions for inter-arrival and procurement lifetimes.

A configuration part with a larger estimate of P, will be considered more risky.

In reality, it is unlikely that a manufacturer will stop making a part and not offer a
client a replacement part, assuming that the manufacturer will continue to want the client’s
business. [101] shows an example of monolithic flash memory that increases memory size over
time. Although each specific flash memory part may have different procurement lifetimes
as the technology advances, the parts will most likely have a F3 replacement. For example,
when a specific flash memory becomes obsolete, a flash memory with larger memory is usually
available. These replacements fall in the category of an approved item or simple substitution.
Model Py assumes that the number of tracked vendor parts remains the same, but accounts

for a slight lag between introductions of successive vendor parts from the same manufacturer.

A graphical example showing one replication of Model Pz is shown in Figure 3.3. The
simulation starts with both vendor parts available. The first vendor part (VP1) becomes
obsolete at time t5 and a replacement part is back on the market at time ¢4, but is off of the
market again at time t5. The second vendor part (VP2) becomes obsolete at time ¢; and a
replacement part is back on the market at time t3 and remains on the market until time 7'.
Throughout the time frame, there are two vendor parts in the intervals [0, 1] and [t4, t5]; one
vendor part in the intervals [¢1,ts], [t3,t4], and [t5, T]; and zero vendor parts in the interval

[ta, t3]. For each replication r € {1,..., R}, ng is calculated by taking the amount of time
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represented by the interval with zero vendor parts and dividing it by the simulation time

period, T, for each configuration part i € {1,...,n}.

VP2
§
s
[
S : : : : :

VP1 - > . ; >

2 VP 1VP 0 VP 1VP 2 VP . 1VP
0 t4 to 3 t4 15 T
time

Figure 3.3: Model P, example. For each replication, the fraction of time with zero vendor
parts, sz-), is calculated by dividing the total amount of time with zero vendor parts by
the total simulation time. In this example, this consists of the amount of time represented

between the two red dashed lines annotated by the ‘0 VPs’ divided by T.

Estimates of Py for each configuration part, namely, the sample mean fraction of time
with zero vendor parts available, PZJ-, and the sample median fraction of time with zero
vendor parts available, PZJ;, are calculated. Consider a particular configuration part which

has K; vendor parts. For each vendor part j € {1,2,..., K;} and each simulation replication

r e {1,2,... R}, define

0, if available at time ¢
v (1) = (3.1)
1, if unavailable at time t,

which indicates whether or not vendor part j is available at time ¢, resulting in a set of K;

piece-wise defined functions. For each replication, r € {1,2,... R}, the fraction of time for
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configuration part ¢« having zero vendor parts available is given by:

o _ LT
PT.:—/ (1) dt. 3.2
Zi =77 ), jHlvg,() (3.2)

Note that the integrand will be 0 if any of the K; vendor parts are available at any time

t € [0,7]. The sample mean of all replications is given by:

_ 1 &,
Pri=4 S Py (3.3)
r=1

The sample median of all replications can be found by ordering all results of Pgi), and

identifying the proper ordered value depending upon whether R is odd or even:

(odd): (%)th ordered value

Py — (3.4)

(even): mean of (%)th and (% + 1>th ordered values.

To estimate the availability risk in terms of the fraction of time with zero vendor parts
Py a DES algorithm is developed. A few parameters must be set prior to using the DES.
A list of n configuration parts can include all or a subset of parts from a BOM. For each
configuration part, the number of tracked vendor parts K, inter-arrival distribution A;, and
procurement lifetime distribution €; are required for ¢ € {1,...,n}. The inter-arrival and
procurement lifetime distributions can be estimated from observational data or SME input
(recall the discussion in Section 3.4.1 and see [9,47,97,101,106]). The run length (T) is
the length of simulated time for each replication of the simulated model and corresponds
to the time frame that an analyst is interested in. This must be set to appropriate units,
for example months, quarters, or years according to the desired time frame. Finally, the
number of replications (R) is an integer value, usually large enough to gain insights out of
the simulation but not so large that the simulation is unable to run in a timely manner.
Under the Model Pz assumptions, the number of tracked vendor parts K; will remain fixed

over the entire time period ¢ € [0,T]. The DES algorithm for Model Py is given by:

1: for replication do r € {1,..., R}
2: for VP do j € {1,... Kk}
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3: [ < VP proc. lifetime from €2;
4: L; +1

5: v (t) <0, YVt € [0,T]

6: end for

7: ind < argmin, ;. {L;}

8: while L;,; < T do

9: a < VP inter-arrival time from A;
10: l < VP proc. lifetime from €2;

11: Vindr(t) <= 1, Yt € [Ling, Ling + a)
12: Ling < Lijpg +a+1

13: ind < argmin, ;. {L;}

14: end while
15:  record Pgl) for each CP i € {1,...,n}
16: end for

17: return f_’z,i, pZ,i for each CP i € {1,...,n}

The algorithm iterates through each of R replications (line 1). At the outset of each
replication each of k vendor parts is initialized, where the total number of vendor parts is
bounded by the sum of all configuration part capacities. This allows for the instances where
some configuration parts share the same vendor parts, i.e. k < Y | K; (the equality holds
when no configuration parts share the same vendor parts). Each vendor part is initialized by
generating a procurement lifetime random variate [ from €2; (line 3), setting the procurement
lifetime L; (line 4), and setting each to available (line 5). The algorithm identifies the first
obsolescence event, indicated by the minimum procurement lifetime (line 7). If the earliest
obsolescence event is before the run time 7', then two random variates are generated for
the inter-arrival and procurement lifetimes from A; and 2, respectively (lines 9, 10). The
availability status of the vendor part is set to unavailable between the obsolescence time and
the lag time (line 11) and the next obsolescence event for the vendor part is updated by

adding the two random variates to the current time (line 12). The next obsolescence event is
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identified (line 13) and the while loop will continue until time 7". The fraction of time with
no vendor parts available is recorded for replication r (line 15), and once all replications are
complete the estimates for Py are returned using (3.3) and (3.4) for each configuration part

ie{l,...,n} (line 17).

Model T

The second model provides a framework to estimate the availability risk metric, time until
obsolescence, T;. Whereas Py is the fraction of time with no vendor parts available, T’
estimates the time when there will be no vendor parts available. Model T, assumes that if a
tracked vendor part becomes obsolete and there is no F3 replacement, the DMSMS manger
will not be able to replace it with another part in the market. Unlike the risk metric Pz, a
larger value for T, is considered less risky.

In Model T, each configuration part is initialized as a finite-source capacitated queuing
system with no assumptions regarding the procurement lifetimes but with inter-arrival times
equal to zero.

Since the model assumes that an analyst will not actively seek a replacement for a vendor
part, the process can be considered a pure-death process as the number of tracked vendor
parts will only decrease over time [92]. At the end of a vendor part’s procurement lifetime
there is a probability b; of the vendor part becoming obsolete. This represents a Bernoulli trial
with probability b; that the vendor part will not have a F3 replacement and a probability
of 1 — b; that the vendor part will have a F3 replacement. This models the reality of
a manufacturer that stops making a vendor part, but will either have a F3 replacement,
or decide to stop creating a vendor part according to the specifications outlined by the
configuration part. A vendor part that is certain to have a replacement will have b; = 0,
whereas a vendor part that is certain to not have a replacement will have b; = 1. (Note: in
terms of a Bernoulli trial, a success is defined as a vendor part leaving the market.) Model
T assumes there is no time-lag in successive introductions to the market for a replacement

vendor part, thus the inter-arrival times are set to exactly zero to allow the model to account
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for this assumption.

A graphical example showing the results for one replication of Model T is shown in
Figure 3.4 for a time period [0, 7]. The simulation starts with three vendor parts available.
The first vendor part becomes obsolete at time ¢o after only two life-cycles (denoted by the
arrowheads), indicating that a F3 replacement was available after the first life-cycle but not
after the second. The second vendor part (VP2) becomes obsolete at time t3 after three
life-cycles, indicating that there were F3 replacements after the first and second life-cycles.
The third vendor part (VP3) becomes obsolete at time ¢; after only one life-cycle indicating
that there was not a F3 replacement. The time until obsolescence, Tg), is recorded at t3

as this is the earliest time where all tracked vendor parts have left the marketplace with no

replacements, indicating obsolescence.

VP3
g
S VP2
2
2
vP1 : > :
3VP Lo2vP 1V 0 VP
14
0 ty to ts T

time

Figure 3.4: Model T example. For each replication, the time until obsolescence, T}Q, is

recorded when there are zero tracked vendor parts in the marketplace for the first time. In

this example, Tg) = t3.
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The output from the DES can be used to estimate T for each configuration part, using
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the sample mean time until obsolescence Tz,i and the sample median time until obsolescence
T z.i. Using v;, as defined in (3.1), the time until obsolescence, for each replication, is given

by:

15 = | ! (1 - ﬁvjm(t)) d. (3.5)

The sample mean time until obsolescence, Tz,i, and the sample median time until obsoles-
cence over all replications Tz; can be estimated by exchanging T g”j for Pgl) in (3.3) and

(3.4), respectively:

_ 1 E
TZ,i = E E Té,i)a (3-6)
r=1

(odd): (@)th ordered value

2

TZ,i - h ‘h (37)

(even): mean of (%) and (% + 1) ordered values.
To estimate availability risk in terms of T requires a list of n configuration parts, the
number of tracked vendor parts K, procurement lifetime distribution €2;, run length (7°),
and the number of replications (R) as defined in Model P. Since Model Tz does not assume

a lag between successive part introductions, the inter-arrival distributions will not be used.

The DES algorithm for Model T is given by:

1: for replication do r € {1,..., R}
2: for VP do j € {1,... Kk}

3: l < VP proc. lifetime from €2;
4: Lj<+1

5: vj-(t) <0, Vt € [0,T]

6: end for

7: ind < argmin, ;. {L;}

8: while L;,; <T do

9: u <— Bernoulli(b;)
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10: if u =1 then

11: Vindr(t) <= 1, Vt € [Lina, T

12: Lipag < T

13: else

14: [ < VP proc. lifetime from €);
15: Ling < Lina +1

16: end if

17: ind < argmin, ;. {L;}

18: end while
19:  record ng for each CP i € {1,...,n}
20: end for

21: return TZJ-,TZJ for each CP i € {1,...,n}

The algorithm iterates through each of R replications (line 1). Each of the x vendor parts
is initialized by generating a procurement lifetime random variate [ from €2; (line 3), setting
the procurement lifetime L; (line 4), and setting each to available (line 5). The algorithm
identifies the first obsolescence event, indicated by the minimum procurement lifetime (line
7). When a vendor part becomes obsolete at a time less than 7', the result of a Bernoulli
trial determines if there is a F3 replacement part with probability of success of b; (line 9).
If the Bernoulli trial results in a success, i.e. the vendor part becomes obsolete, then the
availability of the vendor part is set to unavailable for the remainder of the run time. To
simulate a reduction in the number of tracked vendor parts, the next obsolescence event for
vendor part j is set to T' (line 11). If the Bernoulli trial is not a success, the next obsolescence
event for vendor part j is determined by generating another random variate (line 14) and
added to the current time (line 15). The next obsolescence event is identified (line 17) and
the while loop will continue until time 7. The fraction of time with no vendor parts available
is recorded for replication r (line 19), and once all replications are complete the estimates

for T are returned using (3.6) and (3.7) for each configuration part ¢ € {1,...,n} (line 21).
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3.5 Model Applications and Results

This section evaluates two scenarios simulating availability risk of configuration parts that
represent typical DMSMS issues. The first scenario models the availability risk between two
configuration parts with varying levels of churn under Model Pz and Model Tz assumptions,
where churn is defined as the rate at which new products arrive to the marketplace and
replace older products. A vendor part with a slower churn rate will have longer procurement
lifetimes. The second scenario analyzes the impact on availability when a configuration
part is in various stages of the product life-cycle curve, also using Model Pz and Model T

assumptions. Both scenarios model a period of 7" = 10 years (120 months).

The expected values of Pz and T are analytically derived in Appendices 3.7 and 3.8
under Markovian assumptions and assume exponential inter-arrival and procurement life-
times. Additionally, the expected values of T, are modeled using a Bernoulli trial at the end
of each vendor part’s procurement lifetime, and assume independence between the procure-
ment lifetime and Bernoulli trials. The results for E[Pz] and E[T] are used for verification
of the simulation results for the base scenarios and used to compare to extensions of the base

scenarios.

All scenarios will use Tukey’s honestly significant difference (HSD) test (also known as
Tukey’s range test) to test for differences between the means of pairs of different configuration
parts [116]. This paper uses R = 1000 replications for each of the scenarios as the simulated
market size is relatively small. To determine statistically significant differences between larger
systems (or markets), it is recommended to start with 30 or 50 replications and observe the
results of the Tukey HSD test. Then increase the total number of replications by the factor
of M to reduce the observed standard error by approximately the factor of v/ M based on

the central limit theorem.
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3.5.1 Scenario 1 - Varying Procurement Lifetime Distributions

This scenario allows for the comparison of configuration parts comprised of vendor parts
with different churn rates. The base model simulates two configuration parts where the
vendor parts for the first configuration part (CP 1) have a larger mean procurement lifetime
(smaller churn) than the vendor parts associated with the second configuration part (CP 2).
This model assumes independent configuration parts each with independent, homogeneous
vendor parts. An extension to the base model is also explored, where multiple configuration

parts are comprised of non-homogeneous vendor parts.

Model Py

In this scenario, CP 1 will have a slower rate of churn with a mean procurement lifetime of
24 months, while CP 2 will have a higher rate of churn with a mean procurement lifetime
of 12 months. At the end of their procurement lifetimes, successive vendor parts will arrive
to the market with a mean lag time of 12 months. Both CP 1 and CP 2 are initialized as
finite-source capacitated queuing systems written as M/M/K;/K;/K; with a maximum of
K; = 3,1 € {1,2} independent vendor parts in the market. The model assumes that the
number of maximum vendor parts remains the same over the time period. Table 3.1 shows
the parameters for the first scenario under the Model P, assumptions. The values A and u
are the inter-arrival rate and procurement lifetime rate, respectively. The expected value of

Py is derived in Appendix 3.7, under these assumptions.

The graphical results of 1000 replications for the first scenario over a ten-year period
(T = 10) are shown in Figure 3.5a. Additionally, the sample means P, sample medians Py,
and the expected values E[Py], for both configuration parts are calculated using (3.3), (3.4),
and as described in Appendix 3.7, respectively, and shown in Table 3.3.
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Table 3.1: Churn comparison configuration part parameters for Model Py.

CP1 CP 2

Parameter
(slower churn)  (quicker churn)

12.0 months 12.0 months
mean inter-arrival time
(A=1.0/year) (A =1.0/ year)
) 24.0 months 12.0 months
mean procurement life
(u=0.5/year) (u=1.0/ year)
# tracked vendor parts 3 3

Model Ty

As with Model Pz, CP 1 will have a lower rate of churn and has a mean procurement lifetime
of 24 months and CP 2 will have a quicker rate of churn with a mean procurement lifetime
of 12 months. Both configuration parts are initialized as finite-source capacitated queuing
systems written as G/M/K;/ K,/ K; with three initial vendor parts and the inter-arrival time
equal to 0 with 50% probability of no additional arrival. In other words, at the end of a
vendor part’s procurement lifetime, the probability of a manufacturer producing a suitable
F3 replacement part is 0.5 for both configuration parts. Thus, the number of maximum
vendor parts decreases over time, thereby modeling a market that is reducing in size. Table
3.2 shows the parameters under the Model T; assumptions. The expected value of Ty is

derived analytically under these assumptions in Appendix 3.8.

The graphical results of 1000 replications for the first scenario over a ten-year period
(T = 10) are shown in Figure 3.5b. The sample mean 7 and the sample median Ty is the
earliest time with zero vendor parts available for both configuration parts is calculated using
(3.6) and (3.7), while the expected value E[Ty] is calculated as described in Appendix 3.8.

These values are shown in Table 3.3.
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Table 3.2: Churn comparison configuration part parameters for Model 7'.

CP1 CP 2

Parameter
(slower churn)  (quicker churn)

24.0 months 12.0 months
mean procurement life
(u=0.5/year) (u=1.0/ year)
# tracked vendor parts 3 3
probability of no F3 replacement # 0.5 0.5

®or probability of success in terms of Bernoulli trial

Scenario 1 Results

The results from the first scenario provide an analyst the ability to compare relative avail-
ability risk for two configuration parts with differing rates of churn (for homogeneous vendor
parts). As expected, the configuration part with a greater churn rate exhibits higher avail-
ability risk and risk variability, both in terms of Pz, Figure 3.5a, and T, Figure 3.5b. Table
3.3 provides point estimates for the mean and median with 95% confidence intervals for
availability risk. The Tukey HSD test indicates there is a difference between the means of
CP 1 and CP 2 at the a = 0.05 significance level for both models. The confidence intervals
presented are individual and calculated using the central limit theorem.

Under the Model Py framework, the expected value, sample mean, and sample median
for Py are lower for CP 1 compared to CP 2. The mean and median are indicated in Figure
3.5a with the green triangle and vertical line inside the box, respectively. This implies that
the availability risk, in terms of Py, is much greater for CP 2 than CP 1. Although the mean
procurement life for individual vendor parts in CP 1 is double that of CP2, when accounting
for market size the expected value of availability risk is more than three times higher for CP
2 (0.033 vs 0.114). When accounting for all tracked vendor parts to be available initially,

the risk over a ten-year period is nearly ten times higher for the median estimates for P, for
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Figure 3.5: Comparison of Pz (a) and 7 (b) for two configuration parts with different
levels of churn. Simulation uses 1000 replications modeling a 10-year time frame. The green
triangle represents the mean value while the center vertical line within the box shows the

median value.

CP 2 than CP 1.

Under the Model T, framework, the expected value, sample mean, and sample median of
Ty for CP 1 are higher than for CP 2, as evidenced in Figure 3.5b and Table 3.3, indicating
a higher level of risk for CP 2, in terms of Tz. The expected value of Tz for CP 1 is roughly
1.7 times higher than CP 2 (76.7 months vs. 43.5 months), whereas the median value
estimate is roughly 2 times higher (72.5 months vs. 36.5 months). The sample mean, Ty, is
close to the expected value of the time until obsolescence, E[T], as expected by the law of
large numbers. Although this scenario only shows a comparison between two configuration
parts, this analysis can be extended to compare larger numbers of configuration parts and

dependencies as explored in the Section 3.5.2.
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Table 3.3: Churn comparison results for P; and T, estimates for R = 1000 and 7" = 10

years. Estimates are shown with 95% confidence intervals.

Availability CP1 CP 2

risk metric  (slower churn) (quicker churn)

E[Py] * 0.033 0.114
_ 0.033 0.117
Dy

(0.030, 0.036)  (0.112, 0.122)
i 0.010 0.109
Py

(0.006, 0.013)  (0.101, 0.116)
E[T]° 76.7 435
) 75.1 42.9
Ty

(73.0, 77.2) (41.3, 44.5)

. 72.5 36.5
TP

(69.7, 75.9) (34.8, 38.4)

@ expected value/sample mean/sample median of fraction of zero vendor parts available

b expected value/sample mean/sample median of time until obsolescence (months)

Extending Scenario 1 - Dependent Configuration Parts with Non-homogeneous Vendor Parts

This scenario represents the case where a configuration part may share multiple non-homogeneous
vendor parts. Also, the vendor parts in the market can be approved for multiple configura-
tion parts. In this extension to Scenario 1, the market still consists of six vendor parts, but
these are associated with four configuration parts each with a capacity of three vendor parts.
The configuration parts consist of the same vendor parts shown in Table 3.1 (for Model Py)
or Table 3.2 (for Model Tz). The four configuration parts consist of: three vendor parts with
a slower churn and none with a quicker churn (‘S3Q0’ — the same as CP 1 in Scenario 1); two

vendor parts with a slower churn and one with a quicker churn (‘S2Q1’); one vendor part
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with a slower churn and two with a quicker churn (‘S1Q2’); and three vendor parts with a
quicker churn and none with a slower churn (‘S0Q3’ — the same as CP 2 in Scenario 1).
The results shown in Figures 3.6a and 3.6b and Table 3.4 account for dependencies among
the configuration parts. The configuration parts ‘S3Q0’ and ‘S0Q3’ yield similar results as
shown in Section 3.5.1. The configuration parts ‘S2Q1” and ‘S1Q2’ have availability risk that
is between ‘S3Q07 and ‘S0Q3’, as one should expect; there is more risk associated with having
more vendor parts with a quicker churn. Although it is hard to detect looking at Figure 3.6,
there is a slight non-linear relationship as the combination of quick and slow churn vendor
parts changes. The Tukey HSD test indicates that there is a significant difference between

all pairs of means.

S3Q0 A ]—b *°e S3Q0 A '— A _{

$2Q1 -E—P “ 52Q1 |

l—
{E fnes s —— [

0.0 0.2 0.4 0.6 0.8 1.0 0 20 40 60 80 100 120
fraction of time with zero vendor parts months to zero VPs available

(a) (b)

Figure 3.6: Comparison of Pz(a) and Tz (b) for four configuration parts with shared vendor
parts. Simulation uses 1000 replications modeling a 10-year time frame. The green triangle
represents the mean value while the center vertical line within the box shows the median

value.

While the base models (‘S3Q0’ and ‘S0Q3’) can be verified using the analytic derivations
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Table 3.4: Results for the comparison of P, and T, for four configuration parts with shared

vendor parts for R = 1000 and 7" = 10 years. Estimates are shown with 95% confidence

intervals.

Avallability o0 52Q1 S1Q2 5003

risk metric

E[P] ® 0.033 — — 0.114

B 0.033 0.049 0.073 0.117
(0.030, 0.036) (0.045, 0.052) (0.069, 0.077) (0.113, 0.122)

P 0.010 0.029 0.059 0.109
(0.006, 0.013)  (0.026 0.035)  (0.053 0.064) (0.101 0.116)

E[T,]P 76.7 — — 43.5

7, 75.1 66.2 55.3 42.9

(73.0, 77.2) (64.2, 68.3) (53.3, 57.3) (41.3, 44.5)
7,0 72.5 61.2 47.9 36.5

(69.7,75.9)  (58.2,64.3)  (45.7,50.6)  (34.8, 38.4)

@ expected value/sample mean/sample median of fraction of zero vendor parts available

b expected value/sample mean/sample median of time until obsolescence (months)

for E[P;] and E[T%] under the assumptions of homogeneous vendor parts, calculating the
risks for ‘S2Q1” and ‘S1Q2’ requires more involved analyses. As the behaviors of the vendor
parts and configuration parts become more complex, analytic derivations become intractable
and simulation is required to get estimates of the level of risk for a configuration part. In
terms of the algorithms shown in Sections 3.4.3 and 3.4.3, the value for x is less than total
sum of capacities for all configuration parts, i.e. x < 37 | K;. Since the vendor parts are
assumed to operate independently, the appropriate changes to calculating the risk P, will

occur in lines 15 and 17 in Section 3.4.3 and lines 19 and 21 in Section 3.4.3.
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3.5.2  Scenario 2 - Changing Market Size

This scenario models the availability risk for a single configuration part as it transitions
through the various stages of the life-cycle curve (Figure 3.2). A base model is presented
where a single configuration part has tracked vendor parts and the base model is verified
analytically. The number of tracked vendor parts represents the configuration part being
in different stages of the life-cycle curve, as described in Figure 3.2. Generally speaking,
a configuration part with more initially tracked vendor parts corresponds to the maturity
stage, while fewer vendor parts could correspond to the decline or phase-out stages. An
extension to the simple model is presented with three cases of time- and state-dependent

vendor part behavior representing typical DMSMS issues.

Model P; and Model T; Parameters for Base Model

The parameters for the second scenario under the Model P, assumptions are the same as
those for CP 1 shown in Table 3.1, but with £ = 1,2,...,5 of initially tracked vendor parts.
There are five instantiations for the configuration part, where the number of initial vendor
parts ranges from one to five and they remain in the market, albeit with a lag between succes-
sive introductions. The parameters for the second scenario under the Model T, assumptions
are the same as those for CP 1 shown in Table 3.2 but with £k = 1,2,...,5 initially tracked
vendor parts. This model also creates five instantiations of single configuration part with
one through five initially tracked vendor parts in the marketplace but the number of vendor

parts in the market is assumed to decrease over time.

Figures 3.7a and 3.7b show the results of 1000 replications over a ten-year period (7" = 10)
for the second scenario for Models Pz and T, respectively. Additionally, the expected values,
sample means, and sample medians for P, and T, are shown in Table 3.5, where CP 1-k
represents the cases where the configuration part has k£ =1,2,...,5 initially tracked vendor

parts.
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Scenario 2 Results

The results from the second scenario allow an analyst to quantify the risk for a single configu-
ration part in various stages of the product life-cycle, as a function of initially tracked vendor
parts that either remain fixed (Model Py) or are allowed to decrease over time (Model T7).
This results in a risk metric that can be used to understand the trade-offs associated with
part tracking. For example, an analyst can then decide to take proactive DMSMS mitigation
measures such as developing a new source through emulation or extending production of a
current vendor part to ensure the number of tracked vendor parts remains at a certain level.
The Tukey HSD test indicates that the means were not significantly different for only one
pair of configuration parts for Model P, (CP 1-4 vs. CP 1-5), but indicates that the means
are all different for Model T (at the significance level of o = 0.05).

1VPs A —|“ ¢ 1VPs A
2VPS-|— A

3VPs-}—~ * 3 VPs i Al

2 VPs

1
>
E 4
L

4 VPs 0 4 VPs I A
5 VPs » 5 VPs - I A
0.0 0.2 0.4 0.6 0.8 1.0 0 20 40 60 80 100 120
fraction of time with zero vendor parts months to zero VPs available

(a) (b)

Figure 3.7: Comparison of P, (a) and T (b) for one configuration part with various initially
tracked vendor parts. Simulation uses 1000 replications modeling a 10-year time frame. The
green triangle represents the mean value while the center vertical line within the box shows

the median value.
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Table 3.5: Results for the comparison of P, and T for one configuration part with various
tracked vendor parts for R = 1000 and 7" = 10 years. Estimates are shown with 95%

confidence intervals.

Avallability — p ) CP 1-2 CP 1-3 CP 1-4 CP 1-5
risk metric
E[P,] ® 0.311 0.100 0.033 0.011 0.003
5, 0.316 0.100 0.030 0.010 0.004
(0.306, 0.326) (0.094, 0.106) (0.027, 0.033) (0.009, 0.011) (0.003, 0.005)
b0 0.310 0.077 0.008 0 0
(0.296, 0.326) (0.070, 0.086) (0.005, 0.011) (0, 0) (0, 0)
E[T,]" 44.1 64.3 76.7 85.2 91.4
. 43.6 64.5 79.9 85.4 90.0
(41.3,45.9)  (62.2,66.8)  (77.8,82.1)  (83.4,87.4)  (88.2, 91.8)
- 32.8 59.7 81.8 88.5 95.2

(29.2, 36.7) (56.7, 63.0) (77.6, 85.7) (83.6, 93.7) (91.0, 99.0)

@ expected value/sample mean/sample median of fraction of zero vendor parts available

b expected value/sample mean/sample median of time until obsolescence (months)

The results for Model P, (Table 3.5 and Figure 3.7a) show the expected value E[Py],
sample mean Py, and sample median Py all decrease as the number of tracked vendor parts
increases from one to five. Figure 3.7b and Table 3.5 provide the results for Model T';, where
the expected value, E[Ty], sample mean, T, and sample median, T, all increase as the
number varies from one to five initially tracked vendor parts. The sharpest increase in risk
occurs when the vendor parts decrease from 2 to 1. As one considers tracking additional
vendor parts, there are diminishing returns in the amount of availability risk. For example,

the diminishing returns predicted from Model T’s results indicate a roughly twenty month
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increase in T; when tracking two vendor parts instead of one, but only a ten month increase
in T when tracking three vendor parts instead of two. This finding can inform decisions to
proactively mitigate future DMSMS issues by increasing the number of vendor part sources

by providing a measure of the mitigated risk.

Extending Scenario 2 - Time- and State-dependent Cases

This extension of the second scenario presents three cases where the vendor part procurement
lifetimes are not assumed to be stationary, but rather have time- or state-dependence. The
first two cases model a diminishing procurement lifetime over time. The first case reduces a

vendor part’s procurement lifetime via an exponential decay function
L 1™, (3.8)

where D > 0 is the decay constant and ¢ is the current time in the simulation, 0 <t < T
To account for this change, the algorithms in Sections 3.4.3 and 3.4.3 will update line 4 with
(3.8).

The second case models the increasing probability of there being no F3 replacement in
the market, in other words, increasing the Bernoulli trial probability of success, b;, for VP
j =1,...,k over time. A way to model this is to use a linear function with the starting

probability (/1) and the probability at the end of the time frame (fs):

B2 — B
T

b + By + t, (3.9)

where 0 < 31 < B < 1. To account for this change the Model T'; algorithm in Section 3.4.3
is modified by inserting (3.9) between lines 8 and 9.

The third case models the supply chain situation where sole/single manufacturers are
relied upon to provide critical vendor parts, usually via contractual means. This can be
modeled by using a state-dependent function that scales the procurement lifetime by a (pos-

itive) scalar value in the event where there is only one manufacturer in the market:

Lind < Lind + S]l(v(t):1) l, (310)
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where & > 1 represents the amount of scaling that is expected when there is a sole manu-
facturer, and 1(-) is the indicator function. V(¢) is defined as the number of manufacturers
in the market, which can be expressed using v;, from (3.1) in Section 3.4.3:

V() =3 (1 - v(t)).

7=1
Updating line 15 in the Model T algorithm in Section 3.4.3 to (3.10) will allow this phe-
nomenon to be modeled. To account for the instance where there is only one vendor part

available at the beginning of the simulation, line 4 should also be updated with
Lj «~— S

The extensions to Scenario 2 present the findings in terms of Model T;. The results would
be similar for Model Py for (3.8) and (3.10), but there is no direct interpretation for (3.9).
The results shown below assume a rate of decay of D = 0.025; the beginning probability
B1 is 50% while the ending probability 55 is 90%; and the procurement lifetime will double
when there is only one vendor part in the marketplace, i.e. § = 2. The parameters D, (3, (s,
and S can be calibrated by fitting the appropriate historical data in practice. Also, the
functional forms in (3.8), (3.9), and (3.10) can be updated to better fit the available data.
These additions can be combined with the first scenario for added modeling realism when
comparing multiple configuration parts.

The results for the extension of Scenario 2 are shown in Figure 3.8 and Table 3.6. The
top element in each figure is an instantiation of the configuration parts shown in Section
3.5.2 for comparison. In all instances, the decaying procurement lifetime case (‘CP-d’) and
the increasing Bernoulli parameter case (‘CP-b’) show decreases in the mean and median
values of T, indicating increased risk. Likewise, modeling the single vendor case (‘CP-s’)
shows increases in the mean and median values of 7, indicating reduced risk.

The number of initially tracked vendor parts affects the degree of the impact of the cases.
For example, when the simulation starts with only one vendor part, the mean T, for the

decay case decreases by almost nine months compared to the base model but the impact
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Figure 3.8: Effects on the T, risk metric when accounting for time- and state-dependent

cases for (a) one initial vendor part, (b) two initial vendor parts, (c) three initial vendor

parts, and (d) four initial vendor parts. Simulation uses 1000 replications modeling a 10-

year time frame. The green triangle represents the mean value while the center vertical line

within the box shows the median value.
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Table 3.6: Results for the T, risk metric when accounting for time- and state-dependent

with one through four initial vendor parts in the marketplace for R = 1000 and T = 10

years. Estimates are shown with 95% confidence intervals.

Initial  Availability op oPd CP-b P
VPs  risk metric

7, 44.7 35.8 37.9 68.4

) (42.3, 47.0) (34.1, 37.5) (36.0, 40.0) (65.7, 71.1)
7,0 33.3 30.0 29.0 66.6

(29.7, 36.0) (28.1, 33.3) (27.2,31.6) (59.4, 71.9)
7, 64.6 50.2 55.7 72.6

5 (62.4, 66.9) (48.6, 51.8) (53.7, 57.7) (70.5, 74.7)
7 59.4 48.3 50.8 71.9

(55.4 63.3) (46.2, 50.7) (48.4, 52.9) (69.2, 76.0)
7,0 75.9 58.6 65.9 83.0

5 (73.8, 78.0) (57.1,60.1) (64.1,67.8) (81.1, 85.0)
b 74.4 57.7 63.3 87.0

(71.8, 77.7) (55.9,59.3) (60.1 65.7) (83.6, 90.9)
7,0 83.4 63.8 T1.7 89.7

A (81.4, 85.4) (62.4,65.2) (69.9, 73.5) (87.9,91.6)
7,0 86.3 62.9 69.4 96.7

(82.0 89.5) (61.0 64.3) (66.8 71.7) (93.3 100.7)

® sample mean time until obsolescence (months)

b sample median time until obsolescence (months)
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is increased to more than twenty months when starting with four vendor parts. There are
similar effects for the median T'; values for the decay case and the mean and median T,
values in the increasing Bernoulli parameter case. For the chosen values of D, 81, and 35, the
decay model tends to have a greater impact on the value of T, than the case of changing the
Bernoulli trial parameter value. On the contrary, when looking at the single vendor case the
changes in the estimates for T, are larger when there is only one vendor part in the market
but decrease as the number of initial vendor parts increases. The fixed timeline (7" = 10)
used in this DES affects the mean values. One must be aware of the choice of T" in specific

applications.
3.6 Discussion and Conclusion

The proposed modeling framework provides a proactive DMSMS management method that
is capable of quantifying and comparing availability risk across configuration parts with
multiple vendor parts in a production or logistic system. Both availability risk metrics, Py
and Ty, provide the ability to quantify availability risk on a system level and can be used
as inputs to currently used DMSMS tools. The first scenario estimates the risk for two
configuration parts with different procurement lifetimes and provides a comparison. The
second scenario quantifies the risk for a single configuration part in various stages of the
product life-cycle. Extensions to both scenarios highlight the modeling framework’s ability
to handle common DMSMS issues, in particular, inter-dependencies among vendor parts and
time- and state-dependent procurement lifetimes.

This modeling framework is implemented assuming exponentially distributed procure-
ment lifetimes and inter-arrival times which are conducive to a) theoretical analyses as shown
in the appendices and to b) comparison and verification of the simulation results. However,
such distributional assumptions can be relaxed in practice to use distributions more fitting to
historical data. Procurement lifetimes of individual vendor parts are at the heart of DMSMS
management and can be estimated using a variety of methods as discussed by [97] among

others. In cases where data is missing or insufficient, SME knowledge and inputs can be
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used to validate the procurement lifetime distributions. Future work may account for supply
disruptions discussed by [12], [45], and [58] by making similar extensions as those in Section

3.5.2.

In a world of finite resources, the proposed modeling framework describing the availability
risk of a system can be used to inform decisions regarding optimal resource allocation. Future
work could evaluate various policies involving the actions taken by decision makers and their
associated costs using this modeling framework. The results can be used to proactively

inform DMSMS issue resolution scheduling.

3.7 Mathematical Analysis for E[Py]

For an M/M/k/k/k system as described by Model Py, one can derive the expected value
for the fraction of time with zero vendor parts available, E[Pz]. The infinitesimal generator

matrix () of the underlying continuous-time Markov chain (CTMC) is given as

3 kX 0 0 0 0]
po —(p+(E=1)N) (k—1)\ 0 0 0
0 2 —2u+(k—2)N) (k—2)A 0 0 0
Q= ;
0 0 0 (k—Dp —((k—Dp+X) A
| 0 0 0 0 ku —kp |
where each entry ¢, ,, is the transition rate of going from state s; to s, for s1, s € {0,1,...,k}.

The expected value of P, can be calculated by using (3.2) from Section 3.4.3. Letting
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X(t) € {0,1,...,k} represent the CMTC state for ¢ € [0, 7], the expected value of Py is

/ IEWWGMi

E Pérz -

_E H/ 1(X(t) = O)dt]

:,;ATEM 0)] dt

_ ;AT P( dt

_ ;/[)T Pro(t)dt (3.11)

where Py o(t) is the probability of being in the zeroth state at time ¢, given a starting state
of k vendor parts available at ¢ = 0 (X (0) = k). The probability Py o(t) can be calculated
by taking the (k,0)" entry of the matrix exponential, exp(Qt).

A general form to solve for exp(Qt) is found by substituting Q = UDU ™! using eigende-
composition, where U is the eigenvector matrix and D is the diagonal matrix consisting of the
eigenvalues of Q, d; for i € {1,...,n}. Letting d(t) = diag(exp(Dt)) = [eD?, e®t ...  ednt]

yields the general form:

exp(Qt) = Uexp(Dt)U ™!

Uo,:]] et 0 0
UlL,:] 0 eht 0
= , U1L0) U] UL, K]
: 0
| UTk, 1] 0 0 0 et
[unoe®  ugreh? ugre™*
upe®™  upe®’ urpe®!
= U100 U - UK
Ukoe®t et uppeit
U0, © d(t)
Ull,: ] ©d(t)
= . U0 U] U &
(Ulk,:] ©d(t)
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(U0,:] ®d(t) e U~L[:,0] (U[0,:] ©d(t)) e U [ 1] (U0,:] ® d(t)) e U [:, k]
_ (UL,:]®d(t) e U L[:,0] (U[l,:]od(t))eU 1 1] (U,:] ®d(t)) e U : k]
(Ulk,]od(t) e U™:;,0] (Ulk,:]®d(t)eU ;1] -+ (Ulk,:] ©d(t)) e U~ [: k]

where ©® is the Hadamard product (or element-wise product) and e is the dot product. The
terms U[m, :] and U[:, n] refer to the m!* row and n'" column of matrix U, respectively, and

th

Umn refers to the m! row and n'* column entry of matrix U. Thus,

Pro(t) = exp(Qt)[k,0] = (U[k,:] © d(t)) e U *[:,0]. (3.12)
Substituting (3.12) into (3.11) yields:

E[P)] = T/’ d(t)) e U, 0]dt. (3.13)

The numerical results of (3.13), tailored to the specific scenarios, are shown in Tables 3.3-3.5.

3.8 Mathematical Analysis for E[T]

In Model Tz, under the conditions mentioned above, one can analytically derive the expected
value for the time to obsolescence, E[Tz]. The random variable, Y;; = X;;1 +Xijo+. ..+ X1,
is the total procurement lifetime over all life-cycles for vendor part j and associated with
configuration part 7. The random variable L is defined as the number of life-cycles until
a vendor part is not procurable (obsolete) and is considered a stopping time for Y;;. Each
X forje{l,....,K;} and [ € {1,..., L} is assumed to be 7id across all life-cycles and all
vendor parts associated with configuration part ¢. Under these assumptions, let the common
distribution of Xj; for any j and any [ to be denoted as the distribution of X;. It is also
assumed that X;,7 > 1, and L are independent. For a configuration part ¢ with one tracked

vendor part, Wald’s equation yields
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where px, is the expected value of X;. Since the random variable L is the number of
Bernoulli trials until a success, it has a geometric distribution with probability of success b;,
and E[L] = bl

Using the moment generating function (MGF), one can see that Y;; is exponentially

distributed:
My, (t) = E [exp (tYy;)]
= E[E [exp (tY;)|L]]
=> (1 — puxt) 0i(1 = b;)'! (3.14)
=1
b S 1-0b \
_ 3.15
1—biz§<1—ﬁbxit> (3.15)
b 1— b
_ , 1
T=b b= pxt (3.16)
b
. (3.17)
nx; o

In (3.14), it is noted that Y;;|L follows an Erlang distribution and used its MGF defined for
t < 1/px,. Noting the sum of a geometric series in (3.15), the equality in (3.16) follows for
t < b;/px,. The expression in (3.17) is the MGF of an exponential distribution with rate,

B, = le This result is intuitive because of the memoryless property of both exponential
and geometric distributions.

For a configuration part with K; tracked vendor parts for K; > 1, Ty is equal to
max{Y;1, Y, ..., Yik,} for configuration part . The cumulative distribution function (CDF)

of T, is then

max{Yj, Yio,...,Yig, } < t)
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Taking the first derivative of Fr, (t) and using the binomial theorem gives us the proba-

bility density function (PDF) of T,,

d
fTZ,L- (t) = %FTzi(ﬂ

= L (1~ exp (-B)S
=g () e
-y (§Jum ),

J

Since the simulation run length, 7', is an upper bound on T7,, a new random variable 77

is introduced:

Tzi , TZZ- <T
T -

k3

T, Ty >T.

The expected value of T is given by

The conditional PDF fTé_ |Tzi<T(t> can be found by taking the derivative of the conditional
CDF

FT’Zi‘TZi<T(t) = P(Téz < t|TZl- < T)
P({Ty, < t} N {Ty, <T})
P(Ty, <T)
_ P(Tz, <HOL(t<T)+ P(Ty, <T)L(t >1T)
B P(Ty <T)

i t<T

1, t>T.
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Thus, the conditional PDF is

d J12,8)
P(T, <T)’
fT/ZZ.|TZi<T(t> thT/ 172, r(t) = (Tz,<T)

t<T
(3.19)

0, t>T.

Substituting (3.19) into (3.18) yields

E[Ty] = /OTt . Iégj%dt -P(Ty, <T)+T-(1-P(Tz5 <T))

A

_ <i<_1)jﬂ (if) (jBZ-)/OT (¢ e795) dt) 4T (1 ~(1- eBiT)Ki)

(S (§om (0 )
T (1 - ‘BZT)KZ)

_ (K’ (—1y (I](Z> e—jBiT(jgg;)—l- 1) — 1) LT < ( B BJ) > (3.20)

Equation (3.20) can be calculated for given values of pux,, b;, K;, T. As the number of repli-

cations, R, tends to infinity T, in (3.6) will converge to E[T7% ] for the i** configuration part
by the law of large numbers. The results of (3.20) are shown in Tables 3.3-3.6.
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Chapter 4

OPTIMAL TECHNOLOGY REFRESH STRATEGIES FOR
STRATEGIC DMSMS MANAGEMENT

This chapter presents research that was accepted for publication in the Proceedings of
the 2019 Winter Simulation Conference [107]. The paper identified an optimal technology
refresh strategy using a ranking and selection method for a finite horizon. New work that

uses a rolling horizon is added.

Abstract

The effects of Diminishing Manufacturing Sources and Material Shortages (DMSMS) can be
excessively costly if not addressed in a timely manner. A strategic DMSMS management
method that seeks to minimize the overall life-cycle cost of a system, e.g. an aircraft or
ship, is presented. The goal is to select an optimal scheduling of technology refreshes over
a fixed lifetime, using lifetime buys (LTBs) as the mitigation option. A DMSMS-specific
cost model is constructed that accounts for costs of multiple, diverse parts in a system and
multiple technology refreshes. This study compares the optimal technology refresh strategy
when using a ranking and selection (R&S) method with a rolling horizon (RH) framework,
which uses a global optimization method at each decision period, for a complex cost function
dependent upon varying refresh costs. In a simulation case study for a system with a ten-
year lifetime, the R&S method tends to recommend less technology refreshes than the RH
framework as the technology refresh costs increase. A visual model is presented for the R&S

method which provides the ability to quickly compare other feasible strategies.
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4.1 Introduction

For sustainment dominated systems, where the system lifetime is much larger than the
constituent sub-parts of the system, accounting for diminishing manufacturing sources and
material shortages (DMSMS) issues in life-cycle planning is critical. If these systems are
managed poorly, sustainment costs can dominate operational costs and diminish the opera-
tional readiness of the system. Alternatively, retiring large systems and replacing them with
newer systems can be extremely costly and should be avoided unless absolutely necessary.
To keep military platforms operationally effective and relevant, it is necessary to evaluate
the trade-offs between complete system redesigns and other lower cost alternatives. One of
the goals of DMSMS management is evaluation, identification, and implementation of the
most cost-effective strategy while ensuring operational effectiveness. The primary contribu-
tion of this chapter is providing the optimal technology refresh strategies for a system with
a ten-year lifetime, using an R&S method versus using a RH framework that uses a global
optimization model at each decision stage (i.e. each year) and comparing the results from
each. A secondary contribution of this chapter is providing a method to visualize strategies

and their associated costs for easy comparison and is described in Section 4.5.

DMSMS management can be thought of as consisting of three facets: reactive, proactive,
and strategic [7]. Reactive DMSMS management occurs after a part has become obsolete or
is known to become obsolete in the near future. At the disposal of the DMSMS manager
are a multitude of reactive options to mitigate DMSMS issues such as using existing stock,
using approved parts, part substitutions, extending production, developing new sources,
lifetime buys (LTBs), and technology refreshes [7,23]. LTBs are a mitigation technique
where a DMSMS manager purchases a large enough quantity of the parts to sustain the
product until the next scheduled technology refresh or the planned end of life. LTBs are
also referred to as “life-of-need”; “bridge”, “last-time”, and “life-of-type” buys. Proactive
DMSMS management forecasts the risk for components and uses reactive options to mitigate

obsolescence issues [94].
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Strategic DMSMS management is defined as a “mix of reactive mitigation approaches and
[planned technology| refreshes that minimizes life-cycle costs” [94]. A technology refresh is a
predictable process for replacing old technology with new assets to avoid technology obsoles-
cence, to save money by improving system efficiency, and to reduce failures and downtime.
Other terms for technology refreshes are “design refresh”, “redesign”, and “technology in-
sertion”. This chapter considers strategic DMSMS management plans that use a sequence
of planned technology refreshes with LTBs as the intermediate mitigation option between

technology refreshes.

An optimal DMSMS management plan minimizes the overall cost of a platform over
the operational lifetime. Modeling technology refresh decisions can be accomplished us-
ing a equipment replacement model, first introduced by Bellman which seeks the “optimal
procedure for replacing old equipment with new” [11]. Bellman [11] evaluated the optimal
equipment policy under an infinite horizon as a finite horizon model may introduce end-of-
study (boundary) effects [35]. However, there are cases where a finite horizon model may be
appropriate, for instance, when equipment is contracted for a period of time or when equip-
ment and technology are acquired for a very specific use [38]. A strong case for the use of a
finite horizon can be made in Department of Defense (DoD) applications, where equipment

such as aircraft, naval vessels, trucks, etc., will have a (somewhat) definitive life-cycle.

This study will consider a complex system consisting of multiple parts with LTBs as a
mitigation strategy over the finite, ten-year lifetime. The sequence of decisions made at each
time period is considered a strategy represented by the vector, y € Y of length T'— 1, where
Y is the set of feasible strategies. Each element y; in the vector y is either a 0 or a 1, where
y; = 1 indicates a planned refresh at year t. For each time period, a decision maker must

decide whether or not to schedule a technology refresh each year over the system’s planned
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lifetime 7. This can be translated into a finite horizon program, given by:
i Z 4.1
mip (v) (4.1)
s.t. v € {0,1}

te{l,2,...,T—1}

where the strategy y is a vector of length 7' — 1. The term Z(y) is the cost associated with
the strategy y; for the R&S method it is defined as the expected cost, Z(y) of E[C(y)], as
the method will allow for stochasticity, while the RH framework will assume deterministic

costs defining Z(y) Lo (y). The result of solving (4.1) is an optimal strategy defined as

*

vy argmin Z(y),
yey

informing the decision maker of an optimal scheduling of technology refreshes using LTBs as
a mechanism to fill any shortages.

Two example strategies are shown in Figure 4.1 to help visualize how LTBs can be used
with a strategy. The red, dashed lines represent the years with a planned technology refresh.
Arrows represent the procurement lifetime of a part, or the time that a part is available for
procurement in the marketplace. If a part becomes obsolete prior to a planned refresh, these
shortfalls must be covered by a LTB purchase, indicated by the boxes. Costs are incurred
at a planned technology refresh (vertical dashed red lines) and LTBs (boxes). The purchase
quantity of the LTB must be large enough to ensure there are sufficient quantities available
to meet demand until the next planned technology refresh or planned system obsolescence.
The figure on the left depicts a strategy ((001000100)) with two technology refreshes. Costs
for this strategy are incurred at the planned refresh years (years three and seven) and to
cover the demands represented by the LTB boxes. The figure on the right depicts a strategy
({000001000)) with one technology refresh. This strategy only incurs one technology refresh
cost at year six for the technology refresh, but will incur greater LTB costs since there is a

greater amount of time to cover the LTB periods.
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Figure 4.1: An example two-part (P1 and P2) system with two proposed redesign strategies.
The figure on the left depicts a strategy with two technology refreshes; the figure on the right
illustrates a strategy with one technology refresh. Technology refreshes are represented by

red dashed lines, LTBs by boxes, and procurement lifetimes by arrows.

4.2 Related Literature

This section will provide an overview of previous studies related to strategic DMSMS man-
agement. These include how other studies have attempted to address strategic DMSMS
management, outline a simple cost function using LTBs and technology refreshes, and pro-

vide an overview of R&S methods and the RH framework.

4.2.1 Strategic DMSMS Background

Other studies have evaluated the use of LTBs and technology refreshes as part of strategic
DMSMS management. One study compares three strategies, programmed technology re-
freshes, LTBs, and re-engineering (which is defined as reactive measures other than LTBs)
using a Monte-Carlo simulation [117]. They recommend programmed technology refreshes as

the most cost effective, but condition their findings on the reliability characteristics used in
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their model. Whereas these authors evaluate three different mitigation options (separately),
this dissertation will evaluate a combination of the two options they evaluated (LTB and
technology refreshes).

Another study uses graph theory and mixed integer programming with a combination of
LTB and technology refreshes [69]. They seek an optimal strategy over a fixed lifetime for
a system with multiple parts. They seek to find an optimal schedule for a single technology
refresh using a deterministic model. This chapter will follow a similar methodology, but will
allow multiple technology refreshes and compare the results of a deterministic model and the
the stochastic R&S method in calculating the life-cycle costs.

One must consider using a DMSMS specific cost function when solving (4.1). Feng et
al. [32] and Teunter and Fortuin [113] present net-present value (NPV) models that evaluate
the effect of the LTB quantities on the ability to support a system. The models search for
an optimal LTB size for multiple parts in a system to minimize the overall life-cycle cost,
accounting for LTBs, technology refreshes, holding, stock-out, and salvage costs. However,
the models evaluate the effects of the overall life-cycle cost for a single, fixed technology
refresh date. This dissertation seeks to evaluate life-cycle costs for multiple combinations of
refresh dates, taking into account various operational time-frames. A simpler cost model is
presented by Bartels et al. [7], that is based on previous work by Porter [83]. The Porter
model is a net present value model that considers the refresh cost and LTB costs for a single

technology refresh date. The formulation by [83] is given by:
C=Crp+Cirn (42)

where the total cost, C', is given by the costs associated with a technology refresh, Crg, and

the costs associated with LTBs, Crg. The cost for a technology refresh is given by:
Crr = exp(—rYg)cg, (4.3)

where cg is the technology refresh cost in year 0; r is the discount rate; and Yy is the year

of the technology refresh (> 0).
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The cost associated with a LTB is given by:

0, whent=0orif Yzr=0,
Crre = (4.4)

chjl dy, for Yrp >0,
where t is the year after obsolescence; ¢ is the price of the obsolete part in the year of the
LTB (t = 0); d; is the demand at time t. The model in (4.2) assumes that the part under
consideration is obsolete at the beginning of the simulation (¢ = 0), whereas this dissertation
will allow parts to be procureable. In the DMSMS literature, multiple studies have sought
to minimize overall life-cycle costs for a system but a majority of these studies only evaluate
single component DMSMS risk and not DMSMS risk at the aggregate or system level [90].
This paper expands the cost model provided by [7] in Section 4.3.1 to account for systems

composed of multiple parts and multiple technology refreshes over a fixed timeline.

4.2.2  Ranking and Selection

Ranking and Selection (R&S) methods seck to find an optimal arrangement with respect
to a value of interest (i.e. cost). In terms of DMSMS, this is often identifying the strategy
with minimal cost over a set of alternative strategies. Popular R&S methods involve using
an indifference zone (IZ) which identifies the optimal strategy within a “smallest difference
worth detecting” at a given confidence level [36]. In terms of DMSMS the IZ is the dollar
amount that the decision maker is indifferent to regarding the total cost; i.e. they consider
the differences to be negligible. The IZ value will change depending upon the context of
the problem, the tolerance of the procurement life distributions, and budget constraints.
Two main R&S methods are used in the case of unknown and unequal variances of the
value of interest: two-stage and fully sequential methods. An example of the first method
is presented by Nelson, Swann, Goldsman, and Song (NSGS) and an example of the second
is Kim and Nelson (KN) [36]. Both methods begin by replicating all strategies an equal
number of times then creating a subset of the most promising strategies. The NSGS method

determines the number of additional samples required for each strategy in the sub-set of the
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most promising strategies and then identifies an optimal strategy. Instead of performing a
batch update as with the NSGS method, the KN method iteratively samples each strategy
in this sub-set once and removes less promising strategies until the sub-set only includes
one member. For the NSGS method, the independence assumption is satisfied by ensuring
independent simulation replications and the central limit theorem reasonably satisfies the
normality assumption when using the sample mean to estimate the value of interest in (4.1).
Current work in this field revolves mostly around computational efficiency as the number of
alternatives is “large”, where “large” is on the order of one-million alternatives [74,76]. For
this paper, the NSGS method is used as it is straightforward to implement and supports the
DMSMS example in Section 4.4.

4.2.3  Rolling Horizon Framework

An RH framework seeks to find the optimal solution for the first (or current) period, under
the current state, before moving on to the next period. At the next period, the optimal
solution is calculated, given that the optimal set of decisions has been made up until that
point [14]. Many studies that use an RH framework identify the current optimal solution
by using a fixed horizon but the solution can be sub-optimal as there may be some end-of
study effects induced by choosing a finite horizon [35]. To mitigate choosing a sub-optimal
strategy, oftentimes it is sufficient to pick a finite horizon that is large enough to minimize
the end-of-study effects. One study in particular evaluated the expected cost error when

using a finite horizon to estimate an infinite horizon [4].

This chapter will use an RH framework using a method presented by [53] which solves
for each period’s optimal decision. The method converts an infinite horizon problem into a
global optimization problem to identify the current period’s optimal decision. This method

is explained in more detail in Section 4.3.3.
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4.3 Simulation Model Development

This section updates the cost functions (4.3) and (4.4) and provides a DMSMS specific
application of the NSGS method RH framework.

4.8.1 Updated Cost Function

The model in (4.2) assumes that the part goes obsolete at the beginning of the time period
(t = 0) and seeks to find an optimal time to conduct a single refresh after that time. This
paper considers the case where multiple parts of a system are non-obsolete at the beginning
of the simulation (but can be allowed to be obsolete, if necessary). The technology refresh

and LTB cost functions for a system with N parts, over a finite horizon [0, 7], are given by:

T-1
Crr =Y yrexp(—rt) cg, (4.5)
=1
T-1 N
Crre = Y. > yrexp (—rZu(y))cid;Suly) + ZGXP —1Zri(y))eidiSri(y), (4.6)
t=1 i=1

respectively, where:

e cp is the cost of a single refresh;

¢; is the per-item cost of part i;

d; is the demand, per unit time, of part ;

r is the discount factor rate, r > 0;

Sy (y) is a random variable for the shortage time for part ¢ for a planned refresh at
time t. The shortage time is defined as the time gap between when a part is no longer
procurable (obsolete) and the next planned refresh time. Given a procurement lifetime
for part 7, X;, and the time of the previous planned technology refresh, t,.., € [0,1),
the shortage time is defined as Sy;(y) = max{0,t — X; — tpep };
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e and Z;;(y) is a random variable for the time at which part i becomes obsolete in the time

period before ¢, but after the previous planned refresh. This time can be calculated

with: Zy;(y) =t — Su(y).

(Note that the last term in (4.6) represents the LTB cost that will allow the system to operate
up until time 7T'. Since it is assumed that there will not be a technology refresh at time 7', the
sum in (4.5) only includes t = 1,...,7 — 1. Also note t € N, but X, Si;(y), Zu(y) € Rxo.)

The costs from planned technology refreshes in (4.5) will incur a discounted cost when
y; = 1, at time t. Likewise, LTB costs will be incurred when y;, = 1 and when part 7 is
obsolete, as indicated by Z;;(y). Obsolete parts will be purchased at a discounted cost at the
time when part i actually becomes obsolete, Z;;(y). The amount purchased is given by the
demand rate, d;, multiplied by the shortage time, S;;(y). The values for the item cost, item
demand, and refresh costs are assumed to be fixed in this model, but could be allowed to be
dependent upon the current time, ¢. Updating (4.2), using the technology refresh costs in
(4.5) and LTB costs in (4.6), the cost function, C(y), is given by:

T-1 N

y) = Z ypexp(—rt) cg + Z Zyt exp(—1Zi(y))eid; Sy(y) + Zexp —1Z4(y))cid; S (y).
=1

t=1 i=1

(4.7)

Figure 4.2 shows an example system with three parts and two planned technology refresh
dates, t = a,b where 0 < a < b < T. Prior to time a, part 1 and part 2 (P1, P2) experience
obsolescence for that particular part. This difference between the planned technology refresh
time and the time of obsolescence is given by S, ; and S, » for parts P1 and P2, respectively.
Similarly, the shortages before time b are represented by Sj; and shortages before time 7" are
given by Sy;(y). The LTB costs will only be incurred when S;;(y) > 0 and technology refresh

costs at time a and b.

4.3.2 DMSMS Applications of the NSGS Method

Simulating the estimated values to approximately solve (4.1) will involve some randomness

in each set of samples. The NSGS method ensures the probability of correctly selecting the
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Figure 4.2: Example of a system consisting of three parts (P1, P2, P3) with two technology
refresh dates, a and b, where 0 < a < b < T. LTB costs are incurred when values for Sy;(y)

are positive and technology refresh costs at the red dashed lines.

optimal strategy, within an indifference zone, is greater than or equal to an overall confidence
level (1 — «) under the aforementioned assumptions. The overall significance level is defined
as o = agp + a1, where g and «; are the first stage and second stage significance levels,
respectively. The first stage identifies a set of promising strategies, subject to the indifference
zone, with a probability of at least (1 — o) of containing the optimal strategy. The second
stage consists of sampling the promising set of strategies for an appropriate amount of
additional samples to ensure correctly identifying an optimal strategy at a confidence level

of at least (1 — ;). A DMSMS application of the NSGS algorithm is as follows:

1. Select the first and second stage confidence levels, 1 — ag, 1 — a1, such that the overall
significance level is & = oy + ;. Also, choose a practically significant difference (I1Z)
parameter, 8, for k strategies. Set ¢ = £ _qy1/0-1) ,,, 1 Which is the (1 — ag)/*~1100
percentile of the t-distribution with ng — 1 degrees of freedom. Also set h equal to

Rinott’s constant, which will be discussed below.
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2. Evaluate the cost C'(y);;, no times for each strategy (i =1,2,...,k;7=1,2,...,n0).

3. Compute the first stage sample mean C (y)gl) and sample variance S? of the costs for

(2
each of the k strategies. Calculate a weighted ¢ statistic for each paired combination

of strategies:

no

2 2\ 1/2
M@7:t<59+5%> , for i #1.

4. Identify the set of strategies that are not significantly greater than the others. The set
is identified by I = {i : 1 <i < k and C(y)il) < C’(y)f,l) + (Wi — 6)T, V0 #£ i}

5. If the set I only has one strategy, stop and record that strategy as the best. If not,

calculate the total number of replications required for the second stage for each i € I:

(T?)Q }, (4.8)

6. Take N; — ngy additional replications for each strategy ¢ € I and calculate the second

N; = max {no,

where [ ] is the ceiling function.

stage sample means:

2 J .
i ﬁz z]; 1€l

7. Select the best system with the smallest C (y)gz).

Rinott’s constant in Step 1 can be found in tables shown in [36]. For those values outside
of these tables, it is necessary to numerically calculate the value of h that gives the solution

to:

®( ( d ))ﬁﬂ4 fo(q)dgdp =1 —ay, (4.9)

v(l/p+1/q

bk
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where @ is the cumulative distribution function of the standard normal distribution, f,(y)
is the probability density function of the chi-squared distribution with v = k£ — 1 degrees of
freedom. Bechhofer et al. [10] present FORTRAN code to find a numerical solution to (4.9),
which was later converted into Java by Ni [76]. The latter version was converted into Python

for computational use in this dissertation.

4.8.8 DMSMS Applications of the RH Framework

Solving an infinite horizon problem coupled with a rolling horizon framework, the optimal
sequence of technology refresh decisions can be compared with the NSGS method for a finite
horizon. The rolling horizon framework will solve for the optimal solution at each time
period, conditioned on the optimal sequence of previous decisions, using an infinite horizon
optimization (IHO) problem. The method presented by [53] transforms the infinite sequence
of binary decisions (to conduct a technology refresh or not) to the Cantor set on the interval
[0,1/2]. This is accomplished by mapping the infinite sequence y' to « € [0,1/2], using a
base-3 expansion:

[e.e]

/
(y) = L Yy €Y', (4.10)

YR
t=1 3

with y; € {0,1} and Y’ = [[;2,{0,1} for ¢ € {1,2,...}. If an optimal solution, z*, for
minimizing the cost is in the interval [0, 1/6], then the optimal first decision is to not conduct
a technology refresh; if z* is in the interval [1/3,1/2], then a technology refresh is optimal
in the first decision. This can be seen by mapping the strategies where all of the decisions
are 0’s, the first decision is a 0 followed by all 1’s, the first decision is a 1 followed by all 0’s,

and where all decisions are 1’s, respectively:
2(00) = 0, z(01) = 1/6, x(10) = 1/3, z(11) = 1/2.

Under the rolling horizon framework, after the first period decision is identified the process

repeats and is conditioned on the optimal previous period decisions.
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Since (4.10) uses an infinite sequence, the values cannot truly be calculated. However,
one can calculate the optimal next period decision by removing the end-of-study effects by
choosing a finite horizon that is large enough, under the assumptions of discounted costs and
a Holder continuity condition.

Using the base-3 idea above, an optimal first period decision can be identified by first
identifying a set of sample points (); with a spacing no greater than A; and a set of truncation
horizons 7. The sample points and truncation horizons are chosen such that A; decreases
and T} increases as j — oo. The algorithm begins with the initial set of sample points @)
and truncation horizon Tj. For each set of sample points in [0,1/6] and [1/3,1/2], a lower
bound fy[a,b] and an upper bound fola,b] are calculated at the truncated horizon. These
lower and upper bounds take into account: 1) Estimating an infinite horizon with a finite
horizon; and 2) Using a piece-wise linear extension in the interval [a,b] for sample points
that may not match up directly with a strategy under the base-3 expansion. (Additional
details on how this is accomplished can be found in the original paper [53]). As such, the

algorithm is conducted by the following:
1. Calculate f;[0,1/6], f;[0,1/6], f;[1/3,1/2], and f;[1/3,1/2].

2. If f;[0,1/6] > f;[1/3,1/2] and f;[1/3,1/2] > £;]0,1/6], go to step 1 and repeat with a

new set of sample points @);;1 and a new truncation horizon T};.

3. If £;{0,1/6] < f;[1/3,1/2] then the first period decision is to not conduct a technol-
ogy refresh. If f;[1/3,1/2] < £;0,1/6] then the first period decision is to conduct a

technology refresh.

In addition to a discounting (or interest) rate r, the RH framework also uses a growth rate -,
and a maximum-increase cost scalar B. From these three values, terms related to the Holder
continuity function are calculated: 5 = (1 +v)/(1+7),0 < a < min{logs(1/5),1}, M =
4B/(1 — ). These values will be reported in Section 4.4 for the simulation study.
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4.4 Simulation Study

This section presents a simulation study to highlight the use of the two approaches in DMSMS
applications. The scenario is that of a DMSMS manager wishing to explore possible strategies
for a current system being replaced by a newer system ten years (7' = 10) from now, assuming
they only consider the LTB option to mitigate any obsolescence issues. A simple, five-
part system is presented with expected procurement lifetimes, demands, and costs of the
individual parts. In order to explore all alternatives, this simulation study will enumerate
all k = 27! = 512 strategies for the NSGS method, representing all exhaustive strategies in

a time frame of 10 years.

4.4.1 Scenario Parameters

The procurement lifetime, X;, for part ¢ € {1,...,k} is assumed to be exponentially dis-
tributed with a mean procurement lifetime of px, for the NSGS method. As the RH frame-
work is deterministic, the mean value will be used for the procurement lifetime. The values
for the parameters of the mean procurement lifetime (in months), annual demand, and the

per-item cost are shown in Table 4.1.

Table 4.1: Parameters for simple, five-part system.

mean proc. lifetime (px,) | annual demand (d;) | per-item cost (¢;)
part 1 24 2000 $3
part 2 36 1000 $6
part 3 36 500 $12
part 4 48 200 $50
part 5 60 100 $75

Uncertainty in the LTB costs is captured by the exponentially distributed procurement

lifetimes for all five parts and assumes that the annual demands and per-item costs remain
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fixed. Future models can allow uncertainty in the annual demand and per-item costs if de-
sired. For the NSGS method, the discount rate is set to 10%, » = 0.10; refresh costs Cg
are $10,000, $100,000, and $500,000, with 1Z values of § =$50,000, $100,000, and $300,000,
respectively. In this example, the first 1Z value represents the manager being indifferent to
costs equal to five technology refreshes; the second IZ value being indifferent to one technol-
ogy refresh; and the final 1Z value to three-fifths of a technology refresh. In reality, these
values should be discussed iteratively with the DMSMS manager and should be proportion-
ate with the manager’s preference structure. The overall significance level is set at a = 0.1,
with ag = a3 = 0.05; and the sample size in the first stage is set to 30 replications, ng = 30.

For the RH framework, the discount rate is also set to 10%, the growth rate is 0%, and
the maximum-increase scalar B = $720,000. These correspond with values of 5 = 0.90,
a = 0.086755, and M = 31,680. The RH framework will consider more refresh costs of
$10,000, $100,000, $200,000, $300,000, $400,000, and $500,000. Additionally, the truncation
horizon is set to T; = 20 + j and the spacing is set to A; = 1/(80(5 + 1) + 20).

4.4.2 NSGS Method Simulation Results

The results when using the NSGS method for refresh costs of $10,000, $100,000, and $500,000
with their respective 1Z values are shown in Table 4.2. The technology refresh and IZ costs,
mean costs, strategies, total number of technology refreshes (3, v;), and the second stage
number of replications, N;, are shown. The six strategies with the lowest sample mean cost
values are shown in each table for comparison.

With a lower technology refresh cost of $10,000 with a decision maker indifferent to five
technology refreshes, the top section in Table 4.2 indicates that it is preferable to avoid
LTBs and to conduct a refresh every year. The set of competitive strategies identified in the
first stage includes 45 alternatives (|| = 45), but after second stage sampling only seven
other strategies’ mean costs are within the IZ of the optimal value. Of these, six have eight

technology refreshes and one has seven refreshes. The overall total number of replications is

33,435 for both stages.



90

Table 4.2: NSGS simulation results for various technology refresh costs and 1Z values.

$ TR / $ IZ | mean cost strategy ‘ Do Ut ‘ N;
$723,464 | (111111111) | 9 | 140

$745,028 (111111110) 8 226

$10,000 / | $757,010 | (111110111) | 8 | 308
$50,000 $759,787 (111101111) 8 222
$760,304 (111111011) 8 260

$763,959 | (111111101) 8 256

$2,012,328 | (000100100) 2 612

$2,013,061 | (001001000) 2 310

$100,000 / | $2,029,043 | (000100010) 2 383
$100,000 $2,032,522 | (000101000) 2 386
$2,045,531 | (001010000) 2 190

$2,047,271 | (001000100) 2 190

$3,562,830 | (000000000) 0 30

$3,928,527 | (000001000) 1 30

$500,000 / | $3,998,173 | (000000100) 1 30
$300,000 $4,002,652 | (000010000) 1 30
$4,138,701 | (000000010) 1 30

$4,218,997 | (000100000) 1 30

When a decision maker is indifferent to one technology refresh with a moderate cost of
$100,000, the middle section in Table 4.2 indicates that the optimal strategy is to conduct a
technology refresh twice, at years four and seven. The set of second stage strategies includes
53 alternatives (|I| = 53) with 20 strategies within the IZ of the optimal value after second
stage sampling. Of these, one strategy recommends one refresh, ten recommend 2 refreshes,
and nine recommend three refreshes. The total number of replications is 34,372.

When a decision maker is indifferent to 3/5 of a technology refresh with a higher cost of

$500,000, the bottom section in Table 4.2 indicates that it is preferable to not conduct any
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technology refreshes and to only rely on LTB options to remedy any obsolescence issues. For
this particular set of parameters, the optimal strategy does not recommend any additional
second stage samples (|I| = 1). This occurs in the case where an optimal strategy’s cost is
much smaller than the other alternatives (in the statistically significant sense). For compari-
son, the next five closest alternatives all have only one recommended technology refresh, but
were outside of the indifference zone.

The total number of samples for each part N; for i € [ is a function of the IZ parameter,
the standard deviation of the samples, and the number of initial samples as indicated by (4.8).
As the desired confidence level increases, or the indifference to cost decreases, the number of
second stage samples will generally increase. The combination of these parameters must be

chosen with an understanding of the practical implications to identify an optimal strategy.

4.4.8 RH Framework Simulation Results

The results when using the RH framework for multiple technology refresh costs are shown in
Table 4.3. The technology refresh cost, strategies, and total number of technology refreshes
(>, y:) are shown. Unlike the NSGS method’s results, the RH framework will only provide

a single, optimal strategy.

Table 4.3: Rolling Horizon results for various technology refresh costs.

$ TR strategy PR
$10,000 | (111111111) | 9
$100,000 | (111111111) | 9
$200,000 | (101001001) | 4
$300,000 | (001001001) 3
$400,000 | (001001001) 3
$500,000 | (000000000) 0

Using the RH framework indicates that when technology refresh values of $10k and $100k
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a technology refresh should be conducted every year. The number of refreshes drops to four
over the ten-year period when the technology refresh cost increases to $200k and three when
the cost increases to $300k and $400k. When the technology refresh cost is $500k, the RH
framework recommends not doing any refreshes.

It is important to point out the differences between the optimal strategies identified by
the NSGS method and the RH framework. When the technology refresh cost is small ($10k),
both methods identify a strategy where one would conduct a refresh every time period. As
the cost increases to $100k, the RH framework indicates to continue to conduct a technology
refresh every time period, while the number of refreshes deceases to two over the ten year time
period. Finally, when the technology refresh cost is high ($500,000), the optimal strategy is

to not conduct any technology refreshes for both methods.
4.5 Visualization of Strategies

This section will present a visualization technique to assist a DMSMS manager when consid-
ering alternatives. The visualization will present the set of solutions costs calculated using
the NSGS method from Section 4.4.2. Since the purpose of enumerating all strategies (when
using the NSGS method) is to explore the set of alternatives, the DMSMS manager may
want to consider other alternatives relative to a chosen 1Z value. Tabulating the strategies
can provide some insights, but if the number of strategies is large it may be difficult to
compare the different sequences of technology refreshes. The visualization is based on the
base-3 expansion shown in Section 4.3.3 as it also allows for a finite strategy to be mapped
to the range [0, 1/2] and is modified from [53].

The results shown in Table 4.2 only provide a handful of the overall strategies considered
in the simulation; using the mapping in (4.10) can allow many more strategies to be plotted
visually, with the capability to provide insights to alternate technology refresh schedules.
Figures 4.3-4.5 show the results for the three refresh costs, $10,000, $100,000, and $500,000.
Figure 4.3 shows the optimal strategy (the larger red dot) near the value of z = 1/2, indicat-

ing a series of technology refreshes every year, which is the same result shown in Table 4.2 for
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a technology refresh cost of $10,0000 with an IZ value of $50,000. The seven other strategies
that are within the IZ as mentioned in Section 4.4.2 can be identified by the dots below the

dashed line and indicate that the first decision should be to conduct a refresh.
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Figure 4.3: Visualization of the mean total costs of alternative strategies with a refresh cost

of $10,000 with an IZ value of $50,000.

Increasing the refresh cost and 17 values to $100,000 changes the optimal first choice
to not recommend a technology refresh in the first time period. Figure 4.4 shows a larger
number of strategies will have a lower cost when not performing a technology refresh during
the first period and the optimal time to conduct the first technology refresh is in the fourth
year. The 20 strategies within the IZ value are also shown in the figure and indicate that

the first decision should be to not conduct a technology refresh.

When the refresh cost is increased to $500,000 with an IZ value of $300,000, Figure 4.5
shows that relying on LTB options is ideal. The optimal minimal cost and strategy are easily
seen in this figure, where the mapping z(0---0) = 0 is on the far left of the figure. The

figure shows the alternatives that may be included if the IZ were raised to a larger value.
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Figure 4.4: Visualization of the mean total costs of alternative strategies with a refresh cost

of $100,000 with an IZ value of $100,000.

4.6 Discussion

This chapter compares a R&S method with a RH framework to identify the optimal strategy
for strategic DMSMS management. The tabular and visual results can assist the DMSMS
manager in planning the sequence of technology refreshes, particularly when exploring strate-
gies to adopt. Actual technology refresh costs should be dictated by data while the 1Z
parameter should be chosen by a decision maker and tied to actual budget values.

The results in Section 4.4 provide insights to the relationship between the LTB costs and
the technology refresh costs. In general, as the technology refresh costs increase, the optimal
strategy will include less refreshes and rely more on LTBs. Also, the RH framework tends
to provide a more conservative strategy for a given technology refresh cost. This is likely
due to the fact that the IHO method using the RH framework has removed any end-of-study

effects when compared with a finite horizon model. Factoring out the similar items in (4.7),

N
Z yrexp(—rt) |cr+ Z exp (rSu(y)) cid;Su(y) | + Z exp (—rZr;i(y)) ¢;d; Sti(y),
i=1

allows for a better view of the relationship between the two costs. Since the objective is to

minimize the overall costs over all strategies, there is a trade-off between the refresh costs
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Figure 4.5: Visualization of the mean total costs of alternative strategies with a refresh cost

of $500,000 with an IZ value of $300,000.

cr and the LTB costs (the second term in the brackets and last term). As the number of
technology refreshes (3, ;) increases the overall technology refresh costs will also increase;
however, the overall LTB costs will tend to decrease as the shortage times (Sy(y)) will also
decrease. This trade-off between technology refresh and LTB (and other) costs is at the
heart of determining optimal strategies and will be central in a real-world application. The
cost function (4.7) can be expanded to accommodate additional mitigation options beyond
LTBs, and additional costs such as holding, stock-out, and salvage costs. Future applications
of the NSGS method to DMSMS applications can include uncertainty in the annual demand

and the item costs.

Both the NSGS method and RH framework can guarantee an optimal solution (or set of
solutions) even when the cost function is ill-behaved, so long as the underlying assumptions
are satisfied. The costs modeled in this chapter assumed stationarity in the costs and the
procurement lifetimes of the parts, but this will not be an issue with either the NSGS method
or the RH framework. One limiting factor with the NSGS method is that it cannot handle a
feasible set of alternatives where there are many decision periods or many decisions at each

period. Using heuristic methods before using the NSGS method to identify a smaller set of
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strategies could be useful in reducing some strategies that would not be optimal. On the
other hand, the RH framework will be able to identify an optimal strategy even if there are
many decision periods or many decisions at each period. A drawback to the RH framework
is that finding a set of practically significant alternatives to help shape business policies may
be harder, which is one of the benefits of using the NSGS method. An area for further
study includes evaluating a blended method that uses both methods, possibly where the RH
framework is utilized first to identify a set of alternatives before using the NSGS method to

identify a practically significant set of alternatives.
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Chapter 5

CONCLUSION

This dissertation provides three mechanisms to improve proactive and strategic DMSMS
management. The contribution in Chapter 2 shows that previous methods to reduce the
bias in the shape parameter can be applied to generalized Type 1 censoring, and shows how
oversampling, according to a SMOTE-like procedure, can reduce the bias in the scale esti-
mates and the overall density for a Weibull distribution. Previous studies have highlighted
the issues with parameter estimation when there are smaller samples sizes and/or increased
levels of censoring [40,65,125]. The ratio of oversampling non-censored to censored values
to reduce the bias is related to the level of censoring. As the censoring percentage increases,
creating synthetic data by oversampling the censored values tends to increase as well. In
general, there is greater potential to reduce the bias (in expectation) in the overall distribu-
tion with oversampling where there are smaller sample sizes. Identifying the points in the
N x C grid for creating over-sampled synthetic observations is novel in that it does so for
smaller sample sizes and across all levels of censoring. Although this model was represented

from a DMSMS perspective, there is potential to apply this method in other contexts.

The availability models developed in Chapter 3 provide a framework to include the market
size when forecasting part availability. Both models, Pz and T, are validated with analytic
solutions and allow for quantification of DMSMS availability risk. The models show the
varying levels of risk when comparing different parts with differing churn rates or for a single
part with varying market sizes. Since the model is built upon a DES framework, the analytic
solutions shown in Sections 3.7 and 3.8 can be modified as necessary to assist in numerical
validation for procurement lifetimes that do not have exponential distributions. Extensions

to the models explore the case where a configuration part may have non-homogeneous ven-



98

dor parts and time and state-dependent cases (shortening procurement lifetimes, increasing
probability of no F3 replacements, and single manufacturers). The extensions allow a mod-
eler to provide additional realism as needed to the model, assuming they will have access to
relevant data regarding part procurement lifetimes and market sizes.

The final contribution in Chapter 4 provides the DMSMS practitioner two additional
methods to identify optimal technology refresh strategies when considering LTBs as a miti-
gation strategy. Both the NSGS method and RH framework can identify the optimal refresh
solutions even if the cost functions are ill-defined. In general, the RH framework chooses the
optimal decision in the current time period with a finite approximation to an infinite horizon
optimization problem. This results in a strategy that will tend to be more risk-adverse and
can be used to hedge against uncertainty. On the other hand, a strategy identified by the
NSGS method will ensure that there are sufficient parts on hand or available to make it
to the end of the ten-year period, but typically no excess parts. One benefit of the NSGS
method when applied to a DMSMS application is that it identifies a handful of strategies
that are within a pre-identified zone of indifference. From a decision maker’s standpoint,
this benefit is invaluable as it can provide a handful of options to consider when exploring
options. Although the system and costs in this model are fictitious, the results shown in
Chapter 4 highlight the trade-off between the LTB costs and the technology refresh costs;
as the cost of a refresh increases, relative to the LTB costs incurred, there tend to be less
recommended refreshes over the ten year period.

This dissertation presented the models from Chapters 2, 3, and 4 as independent. Future
research and case study applications could examine the efficacy of combining the three mod-
els. For example, the bias reduction method could be integrated into the availability models
to improve the individual part procurement lifetimes. Integrating the availability models
into the optimal technology refresh model can improve the overall cost estimates by taking
into account the market sizes for various parts when estimating the technology refresh costs.

As mentioned before, the oversampling procedure in Chapter 2 assumes the parts do not

have evolutionary parametric drivers and only use the introduction date and obsolescence
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date or censoring date. As much as it is possible, additional efforts to more accurately
and adequately track parametric drivers can help with estimating procurement lifetimes.
Additional data, such as capability growth, cost, design deficiency, environmental impact,
maintainability, reliability, safety, and supportability, have been identified by [18] to assist
in making decisions regarding technology and redesign refreshes. This additional informa-
tion can be used to improve the procurement lifetime estimates, but can also improve the

availability model and optimal technology refresh planning.
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