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Abstract of Praxis 

Machine Learning Model for Predicting the Procurement Lifetime of Electronic 
Units in Sustainment-Dominated Systems 

    

  The focus of this praxis was on Diminished Manufacturing Sources and Material 

Shortages (DMSMS) type technology obsolescence of military systems. Military’s 

inability to predict the procurement lifetime of their electronic units leads to reactive 

obsolescence management, and ultimately increased sustainment cost and readiness 

degradations. The program managers and operation leads at General Dynamics 

Information Technology (GDIT) would like to improve the process used to predict 

DMSMS obsolescence for their Navy Command, Control, communication, computer, and 

Intelligence (C4I) program subsystems they are under contract to sustain. This paper has 

responded to GDIT’s process improvement initiative by recommending a machine-

learning algorithm that can be used to develop a predictive model capable of making 

inferences about procurement lifetime of electronic units in sustainment-dominated (SD) 

systems. The researcher hypothesized that manufacturer, unit categorization, market 

value, reliability data, and unit age are the most significant predictor of electronic 

products procurement lifetime in SD systems. All the pros and cons were considered to 

improve the existing DMSMS obsolescence processes at GDIT. The researcher 

hypothesized again that the proposed machine learning prediction model in this praxis 

will enable provisioning solutions to obsolescence risk, which will yield in higher cost 

avoidance than current reactive engineering solutions.     

Historical data were collected from GDIT repository of a Navy program 

obsolescence and configuration management data. The researcher used multiple linear 
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regression with backward elimination method for determining the most important factors 

in determining procurement lifetime of electronic units in SD systems. Also, utilized 

machine learning methods such as Random Forest (RF), Neural Networks (NN), and K-

Nearest Neighbors (KNN) for determining the most applicable model for predicting 

procurement lifetime. Finally, presented a case to show the benefits of a DMSMS 

predictive tool in terms of cost avoidance.   

Based on the statistical data, the researcher illustrated that a machine learning 

based prediction model could forecast procurement lifetime of Navy’s C4I electronic 

units with higher accuracy than manufacturer’s quotes. Recommendations for future 

work included using larger sample size and repeating machine learning algorithms on 

different SD systems. 
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Chapter 1—Introduction 

1.1 Background 

This praxis is of special interest for operation managers, sustainment engineers, 

and lifecycle logisticians dealing with sustainment-dominated (SD) systems and for 

others who are involved and/or interested in managing obsolescence. An example of SD 

systems is military’s Command, Control, Communications, Computers, and Intelligence 

(C4I) systems with an extended utilization life. The deployed C4I Sub-systems are 

complex and require many software applications to run effectively and efficiently.  A 

faulty unit in a sub-system can cause the entire system to become unusable. Military 

systems use highly advanced technologies and have longer lifecycle than their constituent 

products. The lifecycle of complex military systems can extend to go over 30 or even 

more than 40 years (Bartels et al., 2012). New product development or modifying the 

existing product in these systems has high cost and/or long times associated with it. As a 

result, the focus of customers or manufacturers is more on sustaining the products. 

Consequently, SD systems will eventually fall behind technology (Sandborn et al., 2007). 

Obsolescence is one of the main problems that these systems will face during their 

lifetime (Meyer et al., 2004). Obsolescence is defined as “the loss or upcoming loss of the 

original equipment manufacturers items” (Sandborn, 2013). Electronic components, such 

as microprocessors and solid-state memory face obsolescence issues quicker than other 

components, because of rapid rate of technological advancements. Electronic components 

obsolescence may cause the obsolescence of other levels of electronic products including 

assembly level, unit level, or system/subsystem level (Saunders, 2016). Moreover, 

obsolescence could take place for non-technological reasons such as market or 
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environment, regulations, and so forth (Bartel et al., 2014). Any of these situations may 

risk availability of products on the market. Obsolescence End of Life (EOL) is regarded 

as the final state of a product lifecycle. EOL come in reality when the suppliers stop 

production, sell, and sustainment support of their product.  

In military the term used for obsolescence is referred as “Diminishing 

Manufacturing Sources and Material Shortages (DMSMS)”. The Defense Standardization 

Program Office defines DMSMS as “the loss or impending loss of the ability to procure a 

technology and raw material from its original manufacturer or supplier”. Saunders (2016) 

extends the definition of DMSMS to when the article is outdated and replaced by a new 

product. Sandborn et al. (2011) ties the cause of DMSMS to the length of the system’s 

development and lifecycle, and explains that needed replacement parts eventually 

become unavailable from their original manufacturer. Saunders (2016) emphasis that the 

DMSMS issues do not only apply to electronic products, and include software and 

material used to construct the system. Effective management of DMSMS demands good 

methods in obsolescence management. Predicting when the technological obsolescence 

will become a reality is the key enabler for DMSMS management, and strategic lifecycle 

planning of SD systems.  

Obsolescence prediction strategies fall into two types: 1) long-term obsolescence 

prediction which is for forecasting beyond a year into future. This strategy will enable 

proactive management, as well as strategic lifecycle planning; 2) short-term prediction 

that looks into supply chain to find out if the product has gone obsolete. Bartels et al. 

(2014) state in a proactive and strategic approach, the product future availability is 

continuously monitored and decision are made to mitigate the risk of obsolescence, 
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before receiving the actual notice for the product’s discontinuance. However, supply 

chain is under no obligation to quote when their products near its obsolescence, and when 

they do its only 58.7% accurate (Sandborn et al., 2011). 

The goal and purpose of the research in this praxis is to focus on long-term 

prediction of electronic unit’s obsolescence, and present a model that can be used to 

forecast obsolescence End of Sale (EOS) date of electronic units in sustainment-

dominated (SD) systems. The recommended model will use machine learning algorithm 

to predict procurement lifetime of Navy’s C4I electronic units using databases of 

previous obsolescence events, which in turn can be translated into obsolescence EOS 

date.  

1.2 Research Motivation 

The underlying motivation for this study is to fulfill the key learning goals listed 

below and obtained from The George Washington University (GWU) School of 

Engineering and Applied Science, Doctor of Engineering in Engineering Management 

learning objectives (2019).  The researcher is motivated to accomplish these goals by 

evaluating a rigorous process that is inherent in completing this praxis study.  

1. Explain and apply the process of engineering management research to solve a 

real-world problem using current engineering management concepts and tools 

2. Articulate expertise and knowledge so as to apply it directly in a business or 

technical environment 

The primary motivation for this study is to improve obsolescence management 

process of military programs that is supported by General Dynamics Information 

Technology (GDIT). GDIT is a private company that does business for government 



4 
 

entities such as Navy. At GDIT, improving the lifecycle support processes are continuous 

effort, especially in its relationship with DMSMS obsolescence management, which is 

critical in sustainment of the complex military systems they are supporting. Currently, the 

process of obsolescence prediction relies on a commercial tool that is not capable of 

forecasting obsolescence at Line Replacement Unit (LRU) level for all the C4I 

subsystems that GDIT is supporting. The need for this study is triggered by GDIT’s 

initiatives to improve the process of obsolescence forecasting. The need was also 

reflected in the Defense Standardization Program Office DMSMS guide book (SD-22) 

recommending contractors to have a prediction tool besides the tools that are available 

commercially to validate, and resolve the issues proactively (Saunders, 2016). The 

researcher is motivated to show that machine learning algorithms can help GDIT 

managers and decision makers in predicting a date for EOS of critical LRUs within C4I 

subsystems. It will enable determination of alternatives for logistical solutions such as 

provisioning, as well as engineering solution such as technology refresh, and ultimately 

will minimize cost and functional impact to the system.  

1.3 Problem Statement 

Military’s inability to predict the procurement lifetime of their electronic units 

leads to reactive obsolescence management, and ultimately increased sustainment cost 

and readiness degradations. 

Typical military product support process relies heavily on vendors to publish their 

Product Discontinuation Notices (PDNs) via Government Industry Data Exchange 

Program (GIDEP), and Defense Logistics Agency (DLA). However, many of the vendors 

don’t actively forecast a date, and when they publish their PDNs, it is too late for military 
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to proactively mitigate the risk of item support. Most of the commercially available 

obsolescence predictor tools forecast at component level, and are more useful for 

Commercial off-the-Shelf (COTS) manufacturers, and vendors. Military programs and 

their DMSMS contractors are more concerned with obsolescence issues at Line 

Replacement Unit (LRU) level, and the continuous effort of contacting vendors for 

receiving insights about their PDNs has not worked well. As stated in assistant secretary 

of the Navy memorandum in year 2005, because of COTS’ product obsolescence the 

dependency on Hardware (HW) and Software (SW) vendors is a serious problem for 

military (Herald et al., 2009). In 2005, US Navy estimated that obsolescence related 

issues of Navy are costing the military up to $750 million every year (Adam, 2005). 

Again, in 2006, the U.S. Department of Defense (DoD) report indicated that obsolescence 

is estimated to cost the U.S. government $10 billion a year (Payne, 2006; Jennings, et al., 

2016). Historically, military’s approach to managing obsolescence has translated into 

reactive decision making. In 2015 it was reported that the U.S. Navy has signed a 

contract with Microsoft Company for an estimated value of $9.1 million to provide 

software patches for resolving the security issues with obsolete products (Russon, 2015). 

At the Southwest Interactive Festival in Austin, Texas, President Obama asked the 

technology industry to help solve the nation’s technical issues related to obsolescence 

problems (Jervis, 2016). Although a lot has been accomplished since then to plan a 

unified approach to obsolescence, the Defense Standardization Program Office in 2016 

stated when systems and subsystems are deployed and in operation, the obsolescence 

issues could potentially risk system readiness and directly affect the warfighters in terms 
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of performance (Saunders, 2016). Obsolescence hurts the equipment reliability, and 

makes supporting and maintaining hard and costly.  

1.4 Thesis Statement 

Machine-learning algorithms can be used to develop a predictive model capable 

of making inferences about procurement lifetime of military’s electronic units using  

manufacturer, categorization tiers, market value, reliability data, and age, enabling 

provisioning to sustain operational availability and effective cost avoidance trade-off 

decisions. 

There are many established component forecasting methodologies used by 

Original Equipment Manufacturers (OEMs) and suppliers. Moreover, component 

manufacturers have begun to include expected obsolescence End of Sale (EOS) dates in 

their component specifications, as well as, component tracking services providing 

estimated End of Life (EOL) dates. According to Sandborn (2013), there is a gap in the 

research performed on obsolescence management methods from military perspective. 

Military is concern with obsolescence of hardware and software LRUs as opposed to 

components. The proposed model aims for prediction of procurement lifetime of Line 

Replacement Units (LRUs). This prediction in turn will enable proactive management of 

military’s DMSMS risk. As Sandborn (2013) stated, there is a need to research on a 

method that could monitor higher-level systems that contain electronic components. 

LRUs are the products that contain many electronic components. Currently, the only way 

to find out about the obsolescence EOS dates of military’s LRUs is by contacting OEMs 

for a quote. However, according to Saunders (2016), the survey of electronic LRUs 

conducted at Naval Sea (NAVSEA) systems command found inconsistencies in 
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prediction of obsolescence by OEMs. NAVSEA reported that only 58.7% of OEM’s 

obsolescence quotes are accurate (Sandborn et al., 2011). It is a common belief that 

DMSMS risks should be managed with considering other issues such as reliability, 

maintainability, supportability, and availability of product and sub-system (Saunders, 

2016). However, there are conflicting publications about the relationship between 

reliability and obsolescence. For example, the concept of forced obsolescence suggests 

that an organization reinvent itself before market forces require it to discontinue certain 

lines of business. Mr. Gates the CEO of Microsoft company in 2008 stated that big 

companies should intentionally obsolete their product, and come up with a new product 

line, before they are forced to discontinue them (Misra 2008). Jack Welch the CEO of 

General Electric (GE) company in 2014 frequently quoted the rate of technological 

changes outsight of company should provide some insight as to when to obsolete a 

product (Allison 2014). Regardless of whether reliability and obsolescence are linked 

together, it is important to proactively manage DMSMS risks on operational capability, 

affordability, and mission readiness (Saunders, 2016). 

The benefit of machine-learning model capable of predicting the procurement 

lifetime of military’s electronic units is reflected in provisioning effort to sustain 

operational availability and cost avoidance trade-off decisions. Military’s DMSMS 

management processes enable determination of alternatives for logistical solutions such 

as provisioning, as well as engineering solution such as technology refresh, and 

ultimately will minimize cost and functional impact to the system. However, predicting 

when hardware and software LRUs will become obsolete is a key enabler for DMSMS 

process management.  
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This research attempts to find the most accurate machine-learning algorithm that 

can be used to develop a predictive model capable of making inferences about 

procurement lifetime of military’s electronic units. The model will be trained and 

validated through data mining of known obsolescence cases. It will use: 1) product’s 

configuration data including, manufacturer, categorization tiers, market value; 2) 

demonstrated reliability data reported from the filed during Operation and Sustainment 

(O&S) phase including, number of trouble tickets, number of failures, downtime; and, 3) 

age and procurement lifetime of known obsolete cases to build and validate the model. 

The selected model will be used to avoid cost and operational availability risks of 

DMSMS in O&S lifecycle. Once the procurement lifetime of military’s electronic units is 

predicted, the obsolescence EOS date could be forecasted by adding the introduction date 

of the electronic unit to its predicted procurement time. The EOS date will be used in 

DMSMS process management to assess the sustainment risk. The risk window starts 

from EOS date and ends on scheduled modernization completion date. The risk window 

will be used as logistic window or replenishment time for predicting the inventory stock-

level requirement based on demand. Stock-level shortage is determined by deducting 

number of spares available in the warehouse from stock-level requirement enabled by 

knowing the EOS date. A DMSMS sustainment risk could be resolved by either logistic 

or engineering solutions. The EOS date, and cost associated with stock-level shortage 

during the risk window enable Analysis of Alternatives (AoA), as to whether procure 

enough spares to support the sustainment of system through the scheduled modernization 

program, or initiate engineering alternatives before DMSMS obsolescence becomes an 
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issue. Ultimately, AoA will enable better-informed tradeoff decisions between logistics 

and engineering solutions to avoid cost and operational availability risk.  

1.5 Research Objectives 

The primary objective for this praxis is triggered by GDIT’s process improvement 

initiatives. In current economy, military organizations expect GDIT to do more with less 

money in providing obsolescence management support services.  In an attempt to achieve 

this, the researcher goal is to promote affordable and efficient program support with 

introduction of a prediction tool capable of forecasting procurement lifetime of 

subsystem’s LRUs. This tool will use LRU’s configuration, historical obsolescence and 

demonstrated reliability data to build intelligence. It will model a machine learning 

algorithm to predict procurement lifetime of similar LRUs. This prediction will in turn 

translate into an obsolescence EOS date, and will help GDIT to stay proactive in 

obsolescence management. Ultimately, this model will assist with assessment of future 

obsolescence risk on the current program, as well as, upcoming C4I modernization 

support program. The next generation C4I program will use the same type of equipment 

from basically the same vendors but newer parts. This tool will enable GDIT to 

recommend better-informed tradeoff solutions to their military customer. This study will 

be a step forward to ensure obsolescence risks are mitigated, system availability is at its 

highest, and unscheduled technical refresh or redesign costs are avoided throughout the 

operation’s lifecycle support and sustainment phase. In summary the objective of this 

praxis is to increase effectiveness and efficiency of sustainment engineering in lifecycle 

support. 

1.6 Research Questions and Hypotheses 
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Three questions will be the initial focus for this paper and will guide the research 

and analysis performed by the researcher. These three questions and hypotheses are: 

1. Is there any correlation between lifecycle support sustainment data and 

obsolescence of electronic units in sustainment-dominated systems, if so, which 

factors are the most significant predictor of obsolescence? 

H1: Manufacturer, unit categorization, market value, reliability data, and unit age 

are the most significant predictor of electronic unit’s procurement lifetime in 

sustainment-dominated systems. 

2. Is it possible to build an obsolescence prediction model using manufacturer, unit 

categorization, market value, reliability data, and unit age for electronic units in 

sustainment-dominated systems? 

H2: A machine learning based prediction model can forecast procurement 

lifetime of electronic units in sustainment-dominated systems using manufacturer, 

unit categorization, market value, reliability data, and unit age. 

3. Is there any cost avoidance benefits if this research is successful? 

H3: The proposed machine learning prediction model in this praxis will enable 

provisioning solutions to obsolescence risk, which will yield in higher cost 

avoidance than current reactive engineering solutions.  

1.7 Scope of Research 

A DMSMS risk can impact the system for obsolescence of any product within the 

system, including hardware, software, and material. Electronic Obsolescence may occur 

at any level including piece part, device, component, module, equipment, or system level 

(Saunders, 2016). This research will however only focus on obsolescence of electronic 
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units in the military support environment referred to as Line Replacement Units (LRUs), 

box, or Weapon Replacement Assembly (WRA). 

A DMSMS issue can arise in any phase of program lifecycle; however, the focus 

of this research will be on LC support and sustainment during operation’s phase of the 

program. In Operations Support (O&S) lifecycle, system is in use and actual data is 

collected and available. Operational issues such as DMSMS obsolescence, system 

reliability, failure rates, repair-times, and sustainment cost are visible. Decisions are 

made based on sustainment analysis and cost avoidance trade-offs.  If the program is 

unable to take a proactive action to mitigate critical risks, then performance will decline 

and O&S cost will rise during this phase of program lifecycle. 

The scope of this research study is to 1) explore those variables affecting 

military’s electronic units obsolescence by performing statistical analysis; 2) show that 

the Machine-learning algorithms can help GDIT managers and military decision makers 

in an assessment of obsolescence risk, enabling a better-informed tradeoff decision. 

Ultimately this research will increase DMSMS management process effectiveness and 

efficiency by improving operational availability and avoiding unnecessary cost. The 

study will compare and report the forecasting accuracy of multiple machine learning 

algorithms. It will demonstrate example of cost avoidance benefits of using proposed 

method over current reactive practice for DMSMS obsolescence management with 

respect to C4I systems. The researcher will reach out to GDIT to obtain historical 

obsolescence, configuration, and reliability data. The research will present the statistical 

data for the most significant predictors of electronic unit’s obsolescence, and comparison 

results of the different machine learning methods. If the results support the hypotheses, 
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then the method can help to enable cost-effective proactive obsolescence management. 

Therefore, the machine-learning method will assist in the evaluation, planning, and 

management of DMSMS obsolescence. 

1.8 Research Limitations 

Time. A limitation to this study is that instead of analyzing the accuracy of 

machine learning methods against other obsolescence forecasting methods, the researcher 

will only be analyzing the accuracy of different machine learning prediction algorithms.  

Considering the existence of several obsolescence management predictive tools being 

used by companies supporting military programs today, more insight could be gained if 

these tools were compared against each other.  However, comparing all different 

prediction models against each other would require more time devoted to the study.  In 

order to fit the research study within a span of one year, the researcher narrowed the 

study to focus only on machine learning methods.  

The time constraint of the research also limits the opportunity to gather data 

across multiple programs. 

Data. Since the researcher will be analyzing historical GDIT data, must trust that 

the source will provide actual, relevant data. For more precise results and stronger 

supporting data, the study should observe more than GDIT sources.   

1.9 Organization of Praxis 

This praxis is divided into five chapters. The first chapter provided an overview of 

this praxis. Chapter 2 gives a literature review about SD systems, DMSMS obsolescence 

problem, obsolescence management, and summarizes what has been said about DMSMS 

obsolescence in military. It uses published journals, books, and conference papers to 
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support important writings about this praxis research. Chapter 3 presents the research 

methodology, and describes how the configuration, reliability and obsolescence data are 

collected for each one of the units in sub-systems. It has description of the statistical 

methods and machine learning algorithms that this praxis will employ to analyze the data, 

including description of the dependent and independent variables. Chapter 4 is organized 

based on praxis hypothesis, and includes the analysis of the data, tables, and graphs 

presenting the results. Chapter 5 summarizes the research contributions and provides 

recommendations for future studies pertaining to obsolescence prediction models 

leveraging machine learning algorithms.   
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Chapter 2—Literature Review 

2.1 Introduction 

The researcher reviewed several articles about obsolescence of sustainment-

dominated (SD) systems and how to plan and manage obsolescence risks to help conduct 

this study for the benefit of military’s Command, Control, Communications, Computers, 

and Intelligence (C4I) programs. The following areas and attributes relating to 

forecasting obsolescence of military systems will be covered throughout this section: 

 SD Systems: military’s C4I systems, hierarchy of system items, sustainment 

lifecycle support, and sustainment major activities in Operations & Sustainment 

(O&S) Phase 

 Obsolescence: DMSMS obsolescence, types of DMSMS obsolescence, DMSMS 

problems, and DMSMS obsolescence categories 

 DMSMS Obsolescence Management (OM): reactive OM, proactive OM, strategic 

OM planning, OM process, and predictive models 

2.2 Sustainment-Dominated (SD) Systems 

SD systems, also known as long-term sustainment systems are defined as: 

“Systems for which the lifecycle costs of maintenance exceed the cost of developing the 

system” (Singh & Sandborn, 2006). An example of SD systems is a complex military 

system. When maintaining SD systems, the objective of customers and manufacturers is 

to keep the existing functionality, new technological advancements often don’t get 

inserted into these systems (Sandborn et al., 2007). Since, military is focused on 

maintaining the operational availability and capability at the lowest possible cost; 

therefore, having a systematic approach to managing these systems is very important to 
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their operations (Pobiak et al., 2014). An example of a complex military system is the 

Command, Control, Communications, Computers, and Intelligence (C4I).  

2.2.1 C4I System 

Military’s C4I falls under an emerging type of system referred to as System of 

Systems (SoS). It consists of network of complex sub-systems where a final sub-system 

is not necessarily the end subsystem and optimization is not always feasible. According 

to INCOSE Systems Engineering Handbook (2012), SoS constituent systems have been 

portrayed as inclined towards independence, decentralization, and network-centricity. 

C4I system are comprised of subsystems such as: Tactical Data Link System (TDLS) and 

Command and Control (C2).  The deployed C4I Sub-systems are complex and require 

many software applications to run effectively and efficiently.  A faulty unit in a 

subsystem can cause the entire system to become unusable. 

Tactical Data Link Systems. Tactical Data Link (TDL) systems (TDLS) transfer 

information quickly and securely between military assets including aircraft, ships, 

command centers, and other facilities. Information transfer is done through an orbiting 

satellite, an aircraft or a network links (Davis 2008). TDLS is designed to provide the 

tactical communications network for Joint Air Defense, Joint Surface Defense, Joint 

Ground Defense, counter-landing coastal defense, and harbor defense. TDLS is used to 

facilitate distribution of near-real time Situational Awareness (SA) information amongst 

the Navy services. It is a large network comprised of Commercial off-The-Shelf (COTS) 

and Government Furnished Property (GFP) items. 

Command and Control Systems. Command and Control (C2) system provides 

services to land operation centers and mobile units. It collects manually entered data, as 
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well as data received from TDLS, weather services, and infrastructure sensors throughout 

the battlespace and creates a common view of tactical battlefield called Common Tactical 

Picture (CTP). CTP is a view of current activity and conditions in the battlespace shared 

by all C2 centers and other platform participants. The C2 system plays the key role of 

distributing battle plans, orders, and Situational Awareness (SA) about enemy, unknown, 

and friendly unit positions. The C2 software solution integrates COTS items and GFP to 

provide necessary operational and tactical capabilities to efficiently present accurate 

battlespace conditions. Krulak (1996) states C2 is a complex system in military, and what 

makes it complex is not necessarily the number of its constituent electronic components; 

but, the way those components interact.  C2 Systems are very sensitive to changes in the 

situation and have redundancies build in them to protect against any disruption or damage 

caused by battle. 

2.2.2 Hierarchy of System Items 

Saunders (2016) explains in military there are many different levels within a 

system and subsystem. Figure 2- 1 presents the hierarchy items in a military systems. It 

shows that as we move from left to right, the system and subsystems are decomposed into 

“System/
Subsystem”

“Unit

(related terms: 
box, WRA, 

LRU, software 
application)”

“Assembly

(related terms: 
card, SRU, 

SRA)”

“Component

(related terms: 
piece parts, 

devices)”

 

Figure 2- 1. Hierarchy of System Items 
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smaller items. It is decomposed from system to subsystem, from subsystem to unit, from 

unit to assembly, and from assembly to component. As observed in Figure 2- 1, 

additional related terms are also used to refer to the items of the system. For example, 

when a program is referencing to an item at component level, the other terms that military 

uses for components are piece parts and devices. 

When a program is referencing to an item at assembly level, the other terms that military 

uses for assembly are card, Shop Replacement Unit (SRU), and Shop Replacement 

Assembly (SRA). When a program is referencing to an item at unit level, the other terms 

that military uses for unit are box, Weapon Replacement Assembly, Line Replacement 

Unit (LRU), and software application.  

2.2.3 Sustainment Lifecycle Support  

Complex military systems are comprised of both Commercial Off-The-Shelf 

(COTS) and Government Off-The-Shelf (GOTS) items. Finding the right mix between 

COTS and GOTS items depend on the mission, operational environment, and funding 

requirements. However, virtually every lifecycle sustainment requires support from both 

government and commercial sector. Determining the level of sustainment support within 

system hierarchy is a complex process. According to DOD Product Support Manager 

(PSM) guidebook (2016), sustainment is required in every phase of program lifecycle. 

Sustainment activities and deliveries for each phase of program are captured is 

sustainment requirements document. The strategies and plans are developed to fulfill 

these requirements. The cost associated with sustainment plans are different for each 

phase of program lifecycle. The sustainment lifecycle as published in product support 

manager guidebook by DOD PSM guidebook (2016) is depicted in Figure 2- 2. 
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Every phase of sustainment lifecycle has a purpose; however, the focus of this research 

will be on sustainment during the Operations & Sustainment (O&S) phase of program. 

Operations and Sustainment (O&S) Phase. The O&S phase represents the 

longest period of the system life-cycle. According to DOD PSM guidebook (2016), the 

cost incurred during O&S phase is approximately 60 to 70 percent of the total System 

Lifecycle Cost (LCC). O&S support start at the Initial Operating Capability (IOC) and 

ends when the system is disposed. In the IOC period, the sustainment plans are prepared, 

Key System Attributes (KSAs) are established, and sustainment Key Performance 

Parameters (KPPs) are baselined.  One of the major challenges of O&S support is to 

adapt to technical and programmatic changes. Changes in O&S phase may be due to new 

operational requirements, funding constraints, political shifts, or sustainment challenges. 

Through a change management program, changes are evaluated for potential impact to 

the system configuration, new strategies are developed, and sustainment plans get 

updated. Another major challenge in this phase is to determine when a system item, 

whether it is a LRU or a subsystem has reached the end of its planned useful life. The 

sustainment analysis for determining to retire a system item and go through disposal 

process is based on the actual available operational data such as failure rates, repair-

times, and funding limitations. Another major challenge in this phase is to stay proactive 

in resolving issues pertaining to all aspects of sustainment support. This limitation is due 

“Material 
Solution 
Analysis”

“Technology 
Maturation & 

Risk 
Reduction”

“Engineering 
& 

Manufacturing 
Development”

“Production 
and 

Development”

“Operations & 
Sustainment / 

Disposal”
 

Figure 2- 2. Sustainment Lifecycle 
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to significant every day challenges to maintain operational readiness and resolve the 

issues with rising costs. DMSMS obsolescence challenges require continuous assessment, 

analysis and revisions to strategical plans. Based on DOD PSM guidebook (2016), the 

strategies to deal with DMSMS challenges are often reactive in nature which evolves 

around focusing on critical items and provisioning solutions with little time available to 

analyze and revise the sustainment strategy. Unless, the military finds a way to take a 

proactive approach in dealing with DMSMS issues, sustainment cost and operational 

availability risk.   

2.2.4 Sustainment Major Activities in O&S Phase 

 The major activities in O&S phase of a system lifecycle include: a) supply chain 

management; b) configuration management; c) maintenance management; d) Technology 

refresh & insertion; and e) obsolescence management.  

Supply Chain Management (SCM).  The goal of SCM is to maintain the system 

performance at lowest costs. However, it will not compete to simply lower the cost down 

without considering the impact on system performance. According to DOD PSM 

guidebook (2016), in O&S phase the SCM role turns into Sustainment Supply Chain 

(SSC), and need to assess the supplier health annually. As the risk of DMSMS increases, 

the SSC proactively conduct COTS market surveillance, and monitors the supplier base 

availability more frequently. There are variety of SSC support activities in military 

including provisioning, Return of Repairable (RoR), inventory management, and material 

acquisition.  

Configuration Management (CM). CM is about managing and documenting 

changes prior to their occurrence or as they take place. This help the sustainment 
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engineers and SSC managers to keep up with the latest configuration items in the system. 

Sound CM enables program leadership to employ a program-wide methodology for 

ensuring that all CM requirements are satisfied across DMSMS obsolescence, and OEM 

modifications and upgrades throughout the O&S lifecycle. The major activities 

associated with military CM are change identification, change control, configuration 

status accounting, and configuration verification and audit. 

Maintenance Management. This is about making sure that maintenance on 

hardware (HW) and software (SW) items are performed based on Maintenance Support 

Plan (MSP). The MSP establishes the framework in which intermediate (regional) and 

depot maintenance will be accomplished for the HW, and SW items in the system. The 

MSP is supposed to be a living document and is based upon collection and analysis of 

sustainment support data. When maintenance personnel identify a failed item, they report 

the failure with opening a Trouble Ticket (TT). The TT will be entered into Logistics 

Management Information System for recordkeeping and use in failure analysis, 

maintenance system analysis, obsolescence analysis, and supply chain analysis. 

Following verification of the failure, the responsible subject Matter Expert (SME) will 

arrange to have a spare component delivered or order in the event a spare is not available. 

However, if the requisition for a spare part is returned due to DMSMS obsolescence 

issues, the SME cannot resolve the problem. 

Technology Refresh & Insertion. Technology refresh or Tech refresh is about 

replacing an obsolete system item with a substitute item that it’s fit, form and function 

specifications are not different from the original item used in the system. Tech refresh is 

an approach for resolving obsolescence issues, and could potentially optimize future cost 
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avoidance benefits (Sandborn, 2013). Technology insertion or Tech insert is about 

replacing a system item with a substitute item that has additional capabilities. Insertion of 

new technologies will provide functionality growth and improve the current functionality 

of the system (Sandborn et al., 2003).  Tech refresh occurs when other mitigation options 

to maintain the same system configuration are not possible; however, Tech insert 

becomes necessary when functionality upgrades are required (Singh & Sandborn, 2006). 

Tech refresh and Tech inserts could be planned as part of system modernization or forced 

to resolve an obsolescence issue. According to DOD PSM guidebook (2016), in O&S 

phase, an incremental approach to evolving the system should be recognized as an 

opportunity to mitigate cost and operational availability risks. Kang et al., (2012) believes 

increasing the cycle of scheduled Tech refresh and Tech inserts could help to overcome 

the risk of obsolescence, but will increase the cost of sustainment.  

2.3 Obsolescence  

Obsolescence is defined as “the loss or upcoming loss of the OEM” (Sandborn, 

2013).  Obsolescence is determined by the OEMs. The 1994 Perry Memo recommended 

that military should seek commercially available technologies before developing their 

own specifications (Bartels, et al., 2012). Based on that recommendation, military entities 

started the acquisition of COTS items, and lost control of obsolescence (Bartels et al., 

2012). Obsolescence has been a major issue since manufactures are under no obligation 

to accommodate military with regard to their obsolescence initiatives. However, Defense 

Standardization Program Office (DSPO) has stablished guidelines for dealing with 

obsolescence challenges. 

2.3.1 DMSMS Obsolescence  
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 In military the term used for obsolescence is referred as “Diminishing 

Manufacturing Sources and Material Shortages (DMSMS)”. DSPO (2016) guidebook 

extends DMSMS to when the article is outdated and replace by a new product. Sandborn 

et al. (2011) ties the cause of DMSMS to the length of the system’s development and 

lifecycle, and explains that needed replacement parts eventually become unavailable from 

their original manufacturer. Saunders (2016) emphasis that the DMSMS issues do not 

only apply to electronic products, and include software and material used to construct the 

system. Sandborn (2013) explains, in contrast with lifecycle of a military system that 

exceeds 20 years, the lifecycle of an electronic item is typically no more than 8 years. 

Herald et al. (2009) explains that the lifecycle mismatch between military systems and 

their constituent electronics will eventually become a major concern for military.   

2.3.2 Types of DMSMS Obsolescence 

There are several different types of DMSMS obsolescence including a) 

technological; b) functional; c) regulatory; c) supportability; and d) demand 

obsolescence.   

Technological Obsolescence. Saunders, (2016) explains, an item is 

technologically obsolete when a newer technology is in the market, and is broadly 

preferred over the old technology. 3G broadband cellular network is a good example of 

this type of obsolescence. They became obsolete, when 4G system entered the market 

and provided better capabilities. Pobiak (2014) pointed out many military systems are 

technologically obsolete at the time they are fielded due to long development period. 

Functional Obsolescence. An item is functionally obsolete when it doesn’t 

perform as well as it once did.  This could happen because of an un-scheduled tech 
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refresh to overcome the impact of an obsolescence issue, or a software upgrade that is not 

100 percent compatible with the aging hardware. Asynchronous Transfer Mode (ATM) 

technology is functionally obsolete because it doesn’t respond to military’s new security 

measures it once did. ATM 8830/B series network switch that was introduced by Cisco 

Company in 2003 is considered to be functionally obsolete. 

Regulatory Obsolescence. Regulations can force an item or substance to become 

obsolete. A good example is the use of Freon, also known as R-22 which was forced to 

exit the market when Environmental Protection Agency (EPA) banned it from using in 

new systems. 

Supportability Obsolescence. When the End of Service (EOSR) date for 

supporting an item has expired, then it is considered to be obsolete. A good example of 

supportability obsolescence is Window XP operating system produced by Microsoft, and 

released in 2001. Extended support for Windows XP ended in 2014, after that the 

operating system was not eligible for receiving security patches. Saunders (2016), stated 

that if the Special Test Equipment (STE) for testing a product is no longer available, then 

that product it is considered to be obsolete due to supportability concerns. Link Host 

Simulator (LHS) introduced by Viasat Company was used as a tool to test military’s Join 

Tactical Information Distribution System (JTIDS) radios in TDLS subsystem. LHS 

reached its’ EOL in June of 2017. Consequently, JTIDS radios were considered to be 

obsolete. 

Demand Obsolescence. A product could be available in market to purchase, but 

it is no longer desirable is considered to be obsolete (Saunders 2016). A binaural headset 

with microphones and gel ear seal that was introduced to Navy by David Clark Company 
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in 2013 has a predicted EOS date of 2021; however, it supports ATM-based technology 

that is not desirable. Customers with ATM network find it increasingly difficult to source 

ATM components. A few remaining companies such as David Clark Company that 

support ATM technology have begun discontinuing their ATM product lines due to 

decrease in market demand. 

2.3.3 DMSMS Problems 

According to Saunders (2016), DMSMS issues are not necessary related to 

technological type of obsolescence. An item could be technologically obsolete; however, 

as long as it could be sourced from the OEM, or there are sufficient spares available in 

inventory to meet the failure demands, there are no DMSMS issues. If the stock-level is 

forecasted to be below the predicted demand, then a DMSMS resolution case need to be 

opened. If the item cannot be procured but stock-level is healthy, then it should be added 

to the DMSMS risk watch-list; but no resolution is needed. Saunders (2016) states, if the 

OEM’s EOSR date is not expired, and the item could still be repaired or updated, then 

there are no major issues. This assumes that the components of the RoR item, STE, and 

repair skill set are still available. Finally, an item may have a DMSMS issue if market 

factors are forcing the supplier of a product out of business. For example, a supplier due 

to economic reasons may declare bankruptcy. The production line of a manufacturer 

might get affected by a natural disaster. A sole-source provider may go out of business 

due to acquisitions. In summary most of the obsolescence types including functional, 

regulatory, supportability, and market demand obsolescence result in DMSMS issues. 

2.3.4 DMSMS Obsolescence Categories 
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Defense Standardization Program Office DMSMS guide book (2016) states there 

are two categories of DMSMS obsolescence. 1st DMSMS obsolescence category consist 

of technological, regulatory, supportability, and market demand, also referred to as 1st 

order DMSMS. 2nd DMSMS obsolescence category consist of functional obsolescence, 

also referred to as 2nd order DMSMS.  The 1st category prevents the military from 

sourcing, renewing the license, or obtaining service support. However, the 2nd category is 

the residual outcome of resolving the issues pertaining to 1st category. Saunders (2016) 

observed that an un-scheduled tech refresh or tech insert, due to reactive OM approach, 

could be the potential cause of functionality obsolescence. Jenab and Noori (2014) 

explain effective obsolescence planning should minimize the impact on functionality of 

the system, referring to 2nd order DMSMS. A proactive approach to modernization could 

potentially mitigate the risk of 2nd order DMSMS (Sandborn, 2013). 

2.4 Obsolescence Management 

Obsolescence Management (OM) is defined as “the process of managing 

obsolescence to mitigate or avoid the impact of supply shortfalls” (Bartels et al., 2012). 

OM applies to all different levels of HW and SW from components to subsystems and 

systems, as well as, services and material. The objectives of OM is to maintain the health 

of the system at the lowest cost. Bartels, et al. (2012) states, obsolescence is an all 

pervasive fact, and will influence the health of subsystems in all program lifecycles. OM 

will promote making informed decisions that are based on trade-off assessments. In 

January 2016, the Defense Standardization Program Office (DSPO) published the new 

version of SD-22, “Diminishing Manufacturing Sources and Material Shortages 

(DMSMS): A Guidebook of Best Practices and Tools for Implementing the DMSMS 
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Management Program.” The DMSMS guidebook was signed and approved for pubic 

release, by director of Defense Standardization Program Office Gregory E. Saunders. 

Bartels, et al. (2012) believe the SD-22 guidebook is widely used by majority of 

organizations around the world. Figure 2- 3 shows the levels of OM. Sandborn (2013) has 

emphasized, that the different levels of OM need to be addressed effectively. 

2.4.1 Reactive Obsolescence Management 

Reactive OM is about responding to obsolescence after it is realized. Reactive 

OM deals with issues and crises by determining actions that if taken and tracked 

immediately will resolve or lower the impact to the system (Sandborn, 2013). The vast 

majority of the research performed on OM are about how to manage issues associated 

with obsolescence in a reactive mode (Sandborn, 2013; Singh & Sandborn, 2006). 

 

Reactive

Proactive Strategic

DMSMS Obsolescence Management
 

Figure 2- 3. Obsolescence Management levels 
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However, DMSMS guidebook recommends programs to plan on methodologies that 

satisfy both reactive and proactive OM approaches. The challenge that military complex 

systems are facing is that by the time they are done with the design and development 

lifecycle, many of the electronics in the system face the obsolescence issues. According 

to Sandborn (2013), the typical lifecycle window for COTS electronic components is 

anywhere from three (3) to eight (8) years. Military programs face obsolescence even 

before they enter the O&S lifecycle phase of the program. Livingston (2000) believes, 

military has no other choice but to focus on reactive OM methodologies. The common 

theories for dealing with obsolescence challenges in reactive mode are listed as: a) 

lifetime buys; and b) unplanned tech refresh. 

Lifetime Buys. This is considered to be a logistical resolution. The assumption 

for this theory is that EOS has not expired, and the quantity required for lifetime 

sustainability support is available to purchase. The major consideration for this theory is 

to buy enough to eliminate the risk of an unplanned tech refresh; but, don’t over-stock 

because it increases the cost of inventory, and may become waste at the end of planned 

lifecycle (Bartels et al., 2012). A sound provisioning algorithm that is capable of 

predicting the demand for lifetime buy is instrumental in achieving this theory. 

Unplanned Technical Refresh. This is considered to be an engineering 

resolution. The assumption for this theory is the availability of the next-generation 

substitute item that it’s fit, form and function specifications are not different from the 

original item used in the system. The major considerations for this theory is: a) the cost 

and time spent to qualify the substitute before it can be fielded; b) the creation of derived 

or 2nd order DMSMS issue (Rojo et al., 2010). A comprehensive plan for performing the 
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Verification & Validation (V&V) test is central to achieving this theory. 

2.4.2 Proactive Obsolescence Management 

Proactive OM is about influencing obsolescence before it is realized. Historically, 

proactive obsolescence hasn’t been the focus of military’s program managers, since they 

were mostly dealing with the GOTS items (Rojo et al., 2010). However, with the 

introduction of COTS items into military systems, proactive theories are gaining more 

popularity. These theories include: a) product roadmaps; b) design & development for 

obsolescence. 

 Product Roadmaps. Proactive OM starts in early stages of a program lifecycle. 

During the design and development phase when the products are evaluated for use in the 

system, obsolescence considerations will provide a roadmap for the product and need of 

the system. It should be noted that obsolescence considerations require the ability to 

forecast the procurement lifetime of the products. 

Design & Development for Obsolescence. A system design around product 

obsolescence is about lowering the sustainment cost by avoiding obsolescence. Military 

is well aware that proactive solutions need to start in early stages of system lifecycle 

when system developers are formulating the requirements. However, little research has 

been done in this area (Rojo et al., 2010; Sandborn, 2013). It is assumed that the upfront 

cost of design and development will have to increase to lower the cost of rising 

sustainment impacted by obsolescence challenges.  

2.4.3 Strategic Obsolescence Management 

The strategies pertaining to OM are about lowering the sustainment cost by 

avoiding or mitigating obsolescence risks long before they are realized. It requires 
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programs to have methodologies, and think at box level, as opposed to components level.  

Saunders (2016) states the programs should establish a strategic underpinning for OM, as 

well as risk-based operating guidelines. A solid strategical foundation for OM requires 

programs to prioritize mission critical subsystems, and monitor the obsolescence of their 

constituent LRUs. Saunders (2016) believes prioritizing the scope of DMSMS 

management, and planning for a mix between proactive and reactive OM is pivotal to 

managing complex military platforms. It is crucial to establish thresholds for risk 

appetite, as it will build a foundation for OM. Strategical plans should look beyond the 

product lifecycle, and mitigate the risk of mission readiness in a battleground. The risk of 

obsolescence is greater in field as it pertains to operational availabilities; however, it 

could be less of a risk if there are enough spares available to overcome the impact of a 

shortage. Planning on modernization is important in maintaining the health and 

effectiveness of the functionalities within the system. Both provisioning and 

modernization initiatives require an insight into products EOL.  DMSMS guidebook 

(2016), recommends programs to gain insights into COTS obsolescence by contacting 

OEMs, employing forecasting tools, and developing in-house algorithms. The decisions 

for selecting obsolescence prediction tools, methodologies, and their expected accuracies 

should be made as the strategical objectives are being formed. 

2.4.4 DMSMS Obsolescence Management Process 

The process for DMSMS obsolescence management is program driven. Figure 2- 

4 shows the military’s recommended process reflected in DoD DMSMS SD-22 (2016). 

guidebook.  
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Secure Resources for DMSMS Operations. Saunders (2016) explains military 

programs need to secure resources and funding for routine DMSMS management 

processes including: monitoring and surveillance, impact assessment, resolution 
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Figure 2- 4. DMSMS Obsolescence Management Process (Saunders (2016) 
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determination, and implementation resolution. Moreover, additional funding should be 

set aside for cases that might need special resolutions. 

DMSMS Monitoring and Surveillance (M&S). DMSMS management process 

begins with monitoring and surveying the system for end of life items. The steps required 

for monitoring and surveying the DMSMS as reflected in Figure 2- 4 consist of: 

1) Prioritization of the subsystems base on their mission critically; 

2) Identification, and acquisition of a tool capable of forecasting the obsolescence 

dates of LRUs in their subsystems;  

3) Collection of data pertaining to the critical subsystems, and uploading into the 

predictive tool that was obtained. Note: The data for subsystems’ LRUs and SRUs 

could be collected from Bill of Materials (BOM), or Configuration database; 

4) Analysis for availability of LRUs or SRUs by performing market survey, 

employing commercial obsolescence forecasting tool, leveraging an in-house 

prediction algorithms; 

5) Collection of programmatic and logistics data such as planned modernization 

data, failure rates, number of Trouble Tickets (TT) received, repair history, and 

number of available spares that combined with outcome of analysis for 

availability of LRUs and SRUs  will set the stage up for performing impact 

analysis; 

6) Assessment of subsystems health based on analysis performed for availability of 

LRUs and SRUs, as well as programmatic and logistics data to provide a good 

visual for DMSMS risks. 

 DMSMS Impact Assessment. After recognizing the health status of the mission 
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critical subsystems and their constituent LRUs, it is time to assess the severity of impact 

that DMSMS may impose to the program.  The steps required for assessing the impact of 

DMSMS as reflected in Figure 2- 4 consist of: 

1) Identification of data that is needed to perform the impact analysis. This could be 

in addition to the data that was collected in DMSMS M&S process, since the data 

needs are program driven; 

2) Assessing the impact of DMSMS to the program realizing when the obsolescence 

risk window will open and current inventory levels and demand rates. The 

analysis is done to provide insights on impact of DMSMS to sustainment cost and 

operational availability supporting mission readiness. 

DMSMS Resolution Determination. The process for determining DMSMS 

resolution is iterative in nature. The determination for a sound resolution to mitigate the 

risk of DMSMS is based on the assessments performed on health of subsystem, as well as 

the impact that it will potentially impose on the program. The steps required for 

determining a resolution for DMSMS as reflected in Figure 2- 4 consist of: 

1) Identification of all cost elements that are associated with finding a resolution 

before deciding to move on with identifying a solution. For example, the cost 

associated with an in-house engineering evaluation as a prerequisite to identifying 

a resolution; 

2) Identification & definition of resolution options to resolve or mitigate the 

DMSMS through either a logistics provisioning solution or an engineering 

solution such as: Tech refresh, Tech insert, or Re-design;  

3) Determination of a preferred resolution option with considering all of the 
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solutions, risk window, and the implementation schedule. Note: This is a time 

sensitive decision that military leaders need to promptly act upon, before the 

impact is realized. 

DMSMS Implementation Resolution. Once a DMSMS resolution option has 

been determined, the implementation follows the standard management processes. If the 

resolution has an impact on current configuration of the system, then it should go through 

formal change management process. The steps required for implementing a resolution for 

DMSMS as reflected in Figure 2- 4 consist of: 

1) Securing a resolution funding to start planning for DMSMS resources; 

2) Implementation of DMSMS resolution after a DMSMS resolution option has been 

approved and funded by leveraging standard management processes. Note: The 

schedule for implementation should be baselined, and tracked for on time delivery 

of resolution. 

2.4.5 DMSMS Predictive Models  

 According to Saunders (2016), majority of predictive tools that are available in 

market search for the availability of an electronic parts using the same database. 

However, According to SD-22 Guidebook, these tools don’t find the same percent of the 

parts they search for, and don’t agree on obsolescence status of these parts. Sandborn et 

al., (2011) believe contacting the OEMs for their obsolescence is the most candid 

approach to forecasting obsolescence. However, according to Saunders (2016), the 

survey of electronic LRUs conducted at Naval Sea (NAVSEA) systems command found 

inconsistencies in prediction of obsolescence by OEMs. NAVSEA reported that only 

58.7 percent of OEM’s obsolescence quotes are accurate. Moreover, 25.6 percent of 
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actual obsolescence is after OEM’s quoted date, and 15.7 percent of actual obsolescence 

is before the OEM’s quoted date (Gaintner, 2007; Sandborn et al., 2011). Traditional 

approach to forecasting obsolescence is ordinal scale. In an ordinal approach the 

assessment of obsolescence is based on technological and supply chain attributes (Josias 

et al., 2004; Sandborn et al., 2011). General models to forecasting obsolescence are based 

on technology trends, including sales curves, and leading indicator approaches (Sandborn 

et al., 2011).  Data mining methods are based on historical data, and capable of providing 

the accuracy level in forecasting.  Sanborn (2011) believes existing tools are good at 

classifying the status of obsolescence; but, constrained at forecasting EOS dates.  Singh 

et al., (2006) believe a tool capable of forecasting with uncertainty estimates will open 

the door to more cost avoidance benefits. 

2.5 Summary 

This chapter focused on the literature that are in parameter of obsolescence 

forecasting in lifecycle support phase. As reviewed, in military there exist a need to 

manage the obsolescence of tactical systems, through operational stage of its lifecycle. 

Once a system is deployed, the challenge is to sustain the system baseline to facilitate 

efficient operational support. As Saunders (2016) explained, military cannot stay reactive 

in resolving obsolescence issues due to significant consequences. Sandborn (2013) states 

obsolescence has become a major consideration in lifecycle planning. Obsolescence 

considerations require the ability to forecast the procurement lifetime of the products. 

Existing tools are not good at forecasting obsolescence dates, and don’t estimate the 

uncertainty level of their prediction. There is a need for a tool that is capable of 

forecasting military’s obsolescence at LRU level.   
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Chapter 3—Methodology 

3.1 Introduction 

This chapter discusses the methodologies that will be used to assess the collected 

data and find evidence to support or reject the three (3) hypotheses. The chapter starts 

with describing the quantitative research methods that will be used to analyze the data 

and forecast procurement lifetime of Navy’s C4I electronic units. It will then describe the 

method that will be used to present the cost avoidance benefit of predicting procurement 

lifetime of electronic units in Sustainment-Dominated (SD) systems. 

Initially, the researcher will establish a procedure for collecting data. The 

procedure is set to help the researcher find and choose potential program with 

obsolescence data as appropriate samples for this study. In this chapter, some of the main 

concerns in the program data selection, which will be collected from the sponsor, General 

Dynamics Information Technology (GDIT) are explained.   

After collecting the data, the researcher will assess and analyze the correlation 

between Navy’s C4I electronic units obsolescence attributes with their procurement 

lifetime leveraging multiple linear regression with backward elimination method. The 

research will utilize R software package and it’s build in libraries for statistical analysis 

and visual aids. Also, will compare several different machine learning algorithms for 

finding the best model for predicting procurement lifetime of Navy’s C4I electronic units. 

The machine learning algorithms will include: 1) Random Forest algorithms; 2) Neural 

Network algorithms; and 3) K Nearest Neighbor (KNN) algorithms. Finally, the 

researcher will attempt to show the cost avoidance benefit of predicting procurement 

lifetime of Navy’s C4I electronic units by comparing the unscheduled tech-refresh cost 
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against the logistical provisioning approach. The researcher will include two layers of 

cost avoidance in this praxis: a) assume 10% for required number of spares, which is the 

current method used at GDIT; and b) reliability Poisson distribution to estimate demand 

for sparing. 

The last part of the chapter explains the process of documenting the results and 

analyzing the graphics. The prediction results will be summarized in individual tables for 

each machine learning algorithm using Excel sheets. A graphical representation of the 

results will be included in the research, with the goal of presenting the results apparent to 

the visual readers. 

3.2 Restatement of Problem and Hypothesis 

Problem:  Military’s inability to predict the procurement lifetime of their 

electronic units leads to reactive obsolescence management, and ultimately increased 

sustainment cost and readiness degradations. 

Thesis Statement: Machine-learning algorithms can be used to develop a 

predictive model capable of making inferences about procurement lifetime of military’s 

electronic units using manufacturer, categorization tiers, market value, reliability data, 

and age, enabling provisioning to sustain operational availability and effective cost 

avoidance trade-off decisions.   

Hypotheses: Three hypothesis will be the initial focus for this paper and will 

guide the research and analysis performed by the researcher. These three hypothesis are: 

H1: Manufacturer, unit categorization, market value, reliability data, and unit age 

are the most significant predictor of electronic unit’s procurement lifetime in 

sustainment-dominated systems. 
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H2: A machine learning based prediction model can forecast procurement 

lifetime of electronic units in sustainment-dominated systems using manufacturer, 

unit categorization, market value, reliability data, and unit age. 

H3: The proposed machine learning prediction model in this praxis will enable 

provisioning solutions to obsolescence risk, which will yield in higher cost 

avoidance than current reactive engineering solutions. 

3.3 Research Methods Employed 

The methodologies that will be employed by this research are quantitative 

methods using: a) statistical approach for finding the most significant predictor of 

electronic unit’s procurement lifetime in SD systems; b) machine learning algorithms for 

finding the best model for predicting procurement lifetime of military’s electronic units; 

and c) probability distribution method to estimate number of spares needed to avoid cost 

of reactive engineering tech refresh, and present benefits of proactive logistics solutions 

to obsolescence risk. The research will utilize R software and it’s built in libraries to 

perform statistical analysis and model the predictive machine learning algorithms. Also, 

Excel, R software, along with Microsoft Visio will be used for visual aids, and 

presentations. 

3.4 Collection of Data 

Collection of data requires effective approach and processes for communication 

and relationships resulting in high level of insight into historical obsolescence, reliability, 

and Configuration Management (CM) data.  The researcher will attempt to obtain data 

from GDIT. 

Data for Finding the Most Significant Predictors of Procurement Lifetime, 
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and Best Prediction Model. GDIT will provide access to a GDIT supported navy’s C4I 

historical program data. The researcher is an employee of GDIT, enabling a fluid 

information exchange. The researcher will meet with GDIT Navy C4I program 

obsolescence manager, reliability engineer and CM administrator to discuss the thesis 

concerns and clarify assumptions. The researcher will request for access to GDIT 

repository data via VPN or web-based services in order to capture and analyze the data 

related to obsolescence, reliability, and CM.  

The researcher will obtain historical obsolescence and reliability data, along with 

configuration management information at LRU level, including: manufacturer’s name, 

product categorization tiers, market value, and introduction date of Line Replacement 

Units (LRUs) of a Navy Command, Control, Communications, Computers, and 

Intelligence (C4I) subsystems. The data preparation steps that will be taken to conduct 

this research are as follows: 

1. Prepare a single data file  

a) Conduct obsolescence, reliability, and configuration review meetings 

b) Obtain and review the historical data files for obsolescence, reliability, and 

configuration items 

c) Merge obsolescence, reliability, and configuration data into a single 

worksheet leveraging common part number relationship in all three sets of 

data files 

d) Filter the obsolete LRUs that have reported demonstrated reliability data  

e) Save as a flat file 

2. Assess procurement lifetime, age, and reliability of units 
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a) Calculate failure per unit 

b) Calculate Trouble Tickets (TTs) per unit 

c) Calculate downtime per unit 

d) Calculate unit age 

e) Calculate procurement lifetime 

Data for Showing the Benefits of the Proposed Machine Learning Model. The 

researcher will obtain the data including the quantity of deployed units, quantity of spares 

available in the warehouses, estimates for the Meantime between Failures (MTBF), 

market value of each unit in the case study, and engineering estimates for performing 

reactive technical refresh to resolve the obsolescence issue from GDIT.  

Prepare a Single Data File. The researcher will be performing a series of 

obsolescence, reliability, and configuration management (CM) review meetings with 

Subject Matter Experts (SMEs) from GDIT using written obsolescence, reliability, and 

CM process flows and desktop instructions provided by GDIT. The primary objective of 

these review meetings is to gain an understanding of the current processes at GDIT 

pertaining to obsolescence prediction, reliability assessment, and Configuration Item (CI) 

information. The secondary objective of these meetings are for the researcher to obtain 

access to repository of historical data for navy C4I program support. Virtual meetings 

will be scheduled via sponsor’s online collaboration tool, with SMEs and the researcher 

as attendees. Emails will be utilized to facilitate communication between SMEs and the 

researcher about open-ended questions. Throughout the review process, the researchers 

will be screening the LRUs and subsystems that provide the most reliable and detailed 

data for inclusion as subjects for this study. The researcher will use the LRUs unique 
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identification number in all three files as a common field to merge reliability, 

obsolescence, and configuration information into a single file. The researcher will then 

filter the obsolete LRUs that have demonstrated reliability data collected against them 

including: number of Trouble Tickets (TTs), Failure counts, and down time. The 

consolidated file will be saved as a flat file, and will be used for statistical analysis, and 

export into R software for building prediction models. The researcher will use several 

machine learning algorithms leveraging R software to choose the best prediction model 

that can forecast procurement lifetime of Navy’s C4I electronic units using manufacturer, 

unit categorization, market value, reliability data, and unit age. Finally, the researcher 

will attempt to show the cost avoidance benefit of predicting procurement lifetime of 

electronic units in SD systems by comparing the unscheduled tech-refresh cost against 

the logistical provisioning approach. The researcher will include two layers of cost 

avoidance in this praxis to show the benefits: a) assume 10 percent of number of 

deployed units for required number of spares – GDIT’s existing rule for sparing; and b) 

reliability Poisson distribution process to estimate demand for sparing. 

Assess Procurement lifetime, Age, and Reliability of Units.  Assessing 

procurement lifetime, age, and reliability of units signifies the final step in the data 

collection and data processing section of this study. In this activity, the researchers will 1) 

calculate the failure per unit for each obsolete unit; 2) calculate number of TTs for each 

obsolete unit; 3) calculate downtime for each obsolete unit; 4) calculate age of each 

obsolete unit; 5) calculate procurement lifetime of each obsolete unit. Equations that will 

be used to calculate these variables will be derived using the reliability guidelines and 

manuals provided by GDIT and the review of literature pertaining to reliability and 
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obsolescence management. The results of this assessment will be used to perform 

statistical analysis to find the most significant predictor of electronic unit’s procurement 

lifetime, as well as, building a model for predicting procurement lifetime of electronic 

units in SD systems. The researcher will utilize tools such as Excel or Google Sheets to 

automatically compute the values of each measure. Equation 3- 1, Equation 3- 2, 

Equation 3- 3, Equation 3- 4, and Equation 3- 5 will be used to describe the data set. 

3.5 Statistical Data Analysis Methods Employed  

 The methodology that will be employed by this study to analyze the data collected 

and find the most significant predictor of electronic unit’s procurement lifetime in SD 

systems is statistics method. The researcher will apply the Multiple Linear Regression 

Equation 3- 1. Number of Failures (F) per Unit                      

𝑭𝑼𝒏
=

𝑭𝒂𝒊𝒍𝒖𝒓𝒆 𝑪𝒐𝒖𝒏𝒕𝑼𝒏

𝑫𝒆𝒑𝒍𝒐𝒚𝒆𝒅 𝑪𝒐𝒖𝒏𝒕𝑼𝒏

 

Equation 3- 2. Number of Trouble Tickets (TT) per Unit       

𝑻𝑻𝑼𝒏
=

𝑻𝑻 𝑪𝒐𝒖𝒏𝒕𝑼𝒏

𝑫𝒆𝒑𝒍𝒐𝒚𝒆𝒅 𝑪𝒐𝒖𝒏𝒕𝑼𝒏

 

Equation 3- 3. Downtime per Unit (Days)                                  

𝑫𝑻𝑼𝒏
=

𝑫𝒐𝒘𝒏𝒕𝒊𝒎𝒆 𝑪𝒐𝒖𝒏𝒕𝑼𝒏

𝑫𝒆𝒑𝒍𝒐𝒚𝒆𝒅 𝑪𝒐𝒖𝒏𝒕𝑼𝒏

 

Equation 3- 4. Unit Age (Days)                                                    

𝐴𝑔𝑒௎೙
=  𝑇𝑖𝑚𝑒 𝑁𝑜𝑤 − 𝐼𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐷𝑎𝑡𝑒௎೙

 

Equation 3- 5. Procurement Lifetime (Days)                             

𝑃𝑟𝑜𝑐𝐿𝑖𝑓𝑒௎೙
=  𝐸𝑂𝑆 𝐷𝑎𝑡𝑒௎೙

− 𝐼𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐷𝑎𝑡𝑒௎೙
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(MLR) with backward elimination method to reveal the correlation between procurement 

lifetime of C4I units as response variable, and independent variables: a) manufacturer; b) 

unit categorization; c) market value; d) failure per unit; e) TT per unit; f) down time per 

unit; and g) unit age. The linear model equation to estimate Procurement Lifetime of 

LRUs in C4I Subsystems is depicted in Equation 3- 6. The goal of MLR model is to 

estimate the coefficient of all the variables in such a way to minimize the overhaul error 

of predicting the Procurement Lifetime. This method is the appropriate approach for this 

study for two apparent reasons. First, this is a correlational study and the strongest 

predictor of Navy’s C4I electronic unit’s procurement lifetime will be determined with 

manipulating the environment. Second, the goal is to collect data on Navy’s C4I 

electronic units that were obsolete to build intelligence to forecast procurement life time 

and find the obsolescence date with intention to make inferences using the most 

significant predictor of unit’s procurement lifetime.  

Storlie & Helton (2008) defines regression models as either 1) parametric: i.e. 

linear regression, rank regression, and quadratic regression; or 2) non-parametric: i.e. 

locally weighted regression, additive models, projection pursuit regression, and recursive 

partitioning regression. These models are used in sampling-based sensitivity or 

correlation analyses. According to Storlie & Helton (2008), non-parametric regression 

algorithms are not good for building models that have too many independent variables, 

Equation 3- 6. MLR Formula for Procurement Lifetime Approximation (Days)                             

 

~𝑃𝑟𝑜𝑐𝐿𝑖𝑓𝑒𝑈𝑛
=B0 + B1 x Manufacturer + B2 x Categorization.Tier1 + B3 x 

Categorization.Tier2 + B4 x Categorization.Tier3 + B5 x Market Value + B6 x 

𝐹𝑈𝑛
+ B7 x 𝑇𝑇𝑈𝑛

+ B8 x 𝐷𝑇𝑈𝑛
+ B9 x 𝐴𝑔𝑒𝑈𝑛
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unless the sample size in use is very large. Moreover, in backward elimination method 

the order of elimination is very important, since it provides important sensitivity 

information. The backward elimination selection initially starts with fitting a model 

considering all candidate variables. The next step is to sequentially remove the 

unimportant variables until the removal of another variable lowers the accuracy of the 

model. This is when the backward elimination should stop. Finding which variable is 

more sensitive and correlated to the response variable is the goal of stepwise method with 

backward elimination. The researchers will utilize the following measures to measure the 

efficiency of model: 

The coefficient of determination (R squared or 𝑹𝟐). The 𝑅ଶ statistic is a 

probability measurement to find out about the accuracy of the regression model that was 

built on the variables provided. When the 𝑅ଶ gets close to one, then we can assume the 

model performance in reproducing the data is better. However, the 𝑅ଶstatistic value can 

be wrong if the data is over fitted. The adjusted 𝑅ଶstatistic (𝑅ଶA) is another probability 

measurement for finding the accuracy of model witch tries to test for overfitting issues.  

The Predicted Residual Error Sum of Squares (PRESS). PRESS statistic is 

another probability measurement for finding the accuracy of the fitted model. Similar to 

𝑅ଶA  aims at testing for overfitting issues with the data. When performing backward 

elimination in regression models, a decrease in the value of PRESS indicates the accuracy 

of the model has increased. However, an increase in PRESS value is indication of 

overfitting the data.  Storlie & Helton (2008) explain PRESS statistic is very responsive 

to effect of highly correlated variables. This is especially true for variables with extreme 

values. The PRESS R-Squared is another measure for estimating how much variation the 
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model explains. If the model is very poor then the outcome of PRESS R-squared can be 

negative.  

Comparing (𝑹𝟐) vs. (𝑹𝟐A) vs. (PRESS 𝑹𝟐). When performing stepwise 

backward selection, R-Squared makes the noisy model (initial model) look better than the 

clean model, with reduced variables. However, the 𝑅ଶA prefers the clean model over the 

noisy model, indicating more variables don’t improve the accuracy of model, because the 

difference is almost insignificant. PRESS R-Squared similar to 𝑅ଶA prefers the clean 

model over the noisy model, with much larger variance. The book of Storlie & Helton 

(2008) will be used as referenced for examples, equations, and guidelines. The researcher 

will employ R software for constructing the stepwise backward implementation of 

multiple liner regression model. The goal is to find the most important variables in 

predicting procurement lifetime of obsolete Navy’s C4I electronic units. 

Shapiro-Wilk Test. When checking for normality of sample population, Shapiro-

Wilk test provides good insight. If the W-value is small then it is an indication that the 

sample is not normally distributed. Also, if the p-value is greater than 0.05 then the 

assumption for normality is valid. The researcher will use R studio software for 

performing the Shapiro-Wilk test, to find out about normality of residuals of the initial fit 

model. The test will assure the MLR method is appropriate for finding the most relevant 

predictors of military’s electronic unit’s procurement lifetime. The test for normality of 

residuals leveraging Shapiro-Wilk test will be repeated with backward elimination of 

independent variables to stop elimination if the residuals have lost their normality.    

3.6 Machine Learning Algorithms Employed  

The researcher will compare several different machine learning algorithms for 
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finding the best model for predicting procurement lifetime of Navy’s C4I electronic units. 

The machine learning algorithms will include: 1) Random Forest algorithms; 2) Neural 

Network algorithms; 3) and K Nearest Neighbor (KNN) algorithms. The researcher will 

use R studio software to implement these algorithms. 

3.6.1 Random Forest  

Random Forest (RF) is a popular ensemble technique. It improves the 

performance of a decision tree by reducing the amount of variance. The idea behind the 

ensemble techniques is to construct multiple supervised learning models and then use the 

mean of their outcome as the end result.  The purpose is to build a stronger model that 

doesn’t over fit the data, and removes the bias from the model. The goal of RF model is 

to build a lot of decision trees for the purpose of making the correlation between the trees 

smaller.  Breiman, L. (2001) explains RF technique combines the decision trees with 

values of a random vector. Random vectors are sampled independently with same 

distribution for all of the decision threes. According to Breiman, l. (2001), RF is an 

effective tool for predictions, because of the law of large numbers, which limits the 

overfitting issues. The strength of the independent variables become solid and concrete 

with out of bag estimation. Moreover, RF is used for both classification and regression 

cases. R software package implements several Random Forest algorithms such as, 

Breiman's random forest algorithm for classification and regression. R will utilize the 

following measures to evaluate the efficiency of model: 

Variables importance measures. According to Liaw & Wiener (2018), for 

regression models, the variable importance is first measured by Root Mean Square Error 

(RMSE) for each decision tree. This measurement is repeated with changing the order of 
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independent variables. The RF will calculate the mean for all RMSEs and then will use 

standard deviation to normalize it. The second measure for variable importance is done 

by calculating the residual sum of squares, averaged over all decision trees and 

normalized. 

3.6.2 Neural Network 

Neural Network (NN) or Artificial Neural Network (ANN) is an information 

processing model. NN perform computations through a process by learning. NN is about 

a set of neural input and neural output nodes that are connected. Each one of the neural 

input and neural output connections has an assigned weight. Shyam, B. (2018) explains 

neuron weights are very similar to the coefficients that are used in a regression equation. 

Similar to linear regression models, In NN each neuron has a bias term which is added to 

its input. The NN assigns weights to a small random values in range 0 to 1. It is desirable 

to keep small weights. When NN is in the training mode, then it adjusts the weights to 

predict the correct class label for the given inputs. The weighted inputs get rolled up and 

are passed through an activation or transfer function. According to Shyam, B. (2018), 

transfer function decides whether the neuron has to be activated and the output should be 

sent to next layer or not. NN is comprised of several layers including input layers, hidden 

layers, and output layers. Shyam, B. (2018) explains, there are two main types of NNs: 1) 

Feedforward; and 2) feedback artificial neural networks. Feedforward type of NN is not 

recursive. In feedforward NN, the signals travel in only one direction, which is towards 

the output layer. On the other hand, feedback type of NN contain cycles. In feedback NN 

signals travel in both directions by introducing loops in the network. The network's 

behavior in feedback type of NN could change over time based on its input. This is 
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caused by feedback cycles. The feedback NN is also known as recurrent neural 

networks. NNs are utilized for classification and regression problems. NN models can be 

only constructed with numerical variables, and non-missing value datasets. Shyam, B. 

(2018) believes the NN models are more efficient than regression models when there is 

more complex dataset. The accuracy of NN model is measured by the R squared and 

RMSE. 

3.6.3 K-Nearest Neighbor (KNN) 

The KNN can be used for classification predictions, as well as, continuous 

predictions. The model simply compares the data pertaining to the new case with k 

similar cases in the training data set, and then predicts the response variable. The k is 

defined by the analyst. Dalpiaz, D. (2019) explains KNN is a non-parametric method and 

has a tuning parameter, k. The tuning parameter determines how the model is trained, as 

opposed to the parameter that is learned through training. KNN requires that all 

predictors be numeric. For continuous predictions KNN uses the average value of k cases 

in training set that are closely similar to the new case as predicted value. The similarity 

between cases is decided by using Euclidean distance measure. It is recommended to 

scale the independent variables for comparability. The researcher will use R software for 

constructing the KNN algorithm.  

The accuracy of KNN is determined by R squared and RMSE. The nearest k has 

the lowest value of RMSE and the highest value of R squared. 

3.7 Cost Avoidance Benefits of Predicting the Procurement Lifetime 

The cost avoidance benefit of the most accurate machine-learning model in this 

research, capable of predicting the procurement lifetime of military’s electronic units will 
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be assessed by employing an actual case of obsolescence that was not predicted before it 

became an issue. The researcher will show the cost avoidance benefit of the proposed 

machine-learning model by comparing the cost of Proactive Logistics Solutions (PLS) 

enabled by predicting the procurement lifetime of LRUs against the cost of Reactive 

Engineering Solutions (RES) mandated when EOS date is noticed after its been realized.  

3.7.1 Proactive Logistics Solutions cost 

As illustrated in Figure 3- 1, proactive logistics solutions are possible if EOS date 

is predicted before it is realized. The process for accessing PLS cost is illustrated in 

Predicted Procurement Lifetime
(PLT)

Estimated EOS Date (EOSD)
(LRU’s Introduction Date + PLT)

Sustainment Risk Window (SRW)
Modernization Completion Date – EOSD

Stock-Level Requirement Quantity (SLRQ)
(Poisson Process)

(Requires knowledge of SRW -> Replenishment Period = SRW)

Stock-level Requirement Quantity (SLRQ)
(10% GDIT Rule)

(Requires knowledge of EOSD)

Stock-Level Shortage/ Overage Quantity (SLS/OQ)
(Existing Inventory - SLRQ)

Proactive Logistics Solution Cost (PLSC)
( SLRQ * Original LRU Market Value )

Step 1

Step 2

Step 3

Step 4a

Step 4b

Step 5

Step 6  

Figure 3- 2. Proactive Logistics Solutions (PLS) Cost Assessment Process 

Risk Window
Strategic Proactive Reactive

Introduction 
Date

EOS 
Date

Logistics 
Solution 

EOS Date 
Prediction

Modernization

Strategic

 

Figure 3- 1. Logistics Solutions 
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Figure 3- 2. The following step numbers correspond to numbering in Figure 3- 2. 

Step 1 - Predicted Procurement Lifetime (PLT). As mentioned in section 3.6, 

the researcher will compare several different machine learning algorithms including, 

Random Forest, Neural Network, and K Nearest Neighbor to find the most accurate 

prediction model for forecasting procurement lifetime of military’s electronic LRUs. 

Step 2 - Estimated EOS Date (EOSD). Once the procurement lifetime (PLT) of 

military’s electronic LRUs in the case study are predicted, the obsolescence EOSD will 

be forecasted by Equation 3- 7. The EOSD will be used to calculate the sustainment risk 

window in Step 3 to assess the inventory stock-level requirement. 

Step 3 – Sustainment Risk Window (SRW). The SRW as shown in Equation 3- 

8, starts from EOS date and ends on scheduled modernization completion date. The 

sustainment risk window will be used as logistic window or replenishment time (𝑇ோ) for 

predicting the inventory stock-level requirement in Step 4.  

Step 4 – Stock-Level Requirement Quantity (SLRQ). The researcher will use 

two (2) methods for finding the stock-level requirement of LRUs in the case study: 1) 

GDIT’s 10% method; 2) Poisson Reliability method. GDIT evaluates the outcome of 

both methods to perform effective cost avoidance tradeoffs. 

1) Step 4a – SLRQ – 10% GDIT Rule. As shown in Figure 3- 9, this method 

assumes that the estimate for the stock-level requirement is 10 percent of 

Equation 3- 7. End of Sales (EOS) Date                                    

𝐸𝑂𝑆𝐷௎೙
=  𝐼𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝐷𝑎𝑡𝑒௎೙

− 𝑃𝐿𝑇௎೙
 

Equation 3- 8. Sustainment Risk Window (Days) or Logistics Window or 𝑻𝑹     

𝑆𝑅𝑊௎೙
=  𝑀𝑜𝑑𝑒𝑟𝑛𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛  𝐷𝑎𝑡𝑒 − 𝐸𝑂𝑆𝐷௎೙
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number of deployed units. GDIT considers replenishing spares once the EOS 

date is predicted. 

Where:       

S = Estimated number of required spares                                      

N = Number of units deployed 

2) Step 4b – SLRQ – Poisson Process. This is another method that GDIT uses 

to estimate the number of required spares for provisioning. This method takes 

into account unit reliability that is modeled by Poisson process. Equation 3- 9, 

by Diallo et al. (2012) is used to determine the required quantity of spares.  

Where: 

𝑃ௌ௣௔௥௘௦(𝑆) = The probability of using spares  

𝑆  = The largest number of spares allowed 

N = Number of units deployed 

𝑘  = Index variable for the number of spares used = 𝑆𝐿𝑅𝑄௎೙
 

= Failure rate = 
ଵ

ெ்஻ி
   (MTBF: Mean Time between Failures) 

Equation 3- 9. Number of Required Spares (Poisson Method) 
  

𝑃ௌ௣௔௥௘௦(𝑆) =  ෍
(𝑁. 𝜆. 𝑇ோ)௞

𝑘!

ௌ

௞ୀ଴

. 𝑒ିே.ఒ.்ೃ 

Equation 3- 9. Number of Required Spares (GDIT 10% Method) 

𝑆𝐿𝑅𝑄௎೙
= 𝑆𝑝𝑎𝑟𝑒(𝑆)௎೙

= 𝑁௎೙
∗ 10% 
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𝑇ோ  = Replenishment Time = Sustainment Risk Window (Days) 

The researcher will obtain the data including the number of deployed units, 

number of spares available in the warehouses, and estimates for the MTBF from GDIT. 

The assumption will be based on GDIT direction: 1) The LRU fail cannot be repaired; 2) 

Can model the failure rate using Poisson probability distribution; 3) Forecast with 95% 

confidence.  

Equation 3- 9 computes probability of using a given number of spares, 𝑃ௌ௣௔௥௘௦(𝑆), 

during the sustainment risk window. It sums the Poisson probability of using different 

number of spares. The researcher will use excel to estimate the number of spares that are 

required to sustain the system during risk window, with 95% reliability requirement.  

Step 5 – Stock-Level Shortage/ Overage Quantity (SLS/OQ). The researcher 

will analyze if there are any stock-level shortages or overages during the sustainment risk 

window by deducting number of spares available in the warehouse from stock-level 

requirement enabled by knowing the procurement lifetime. Equation 3-10 will be used to 

determine the stock-level shortage. In case of stock-level overage there is no DMSMS 

risk present. 

Step 6 – Proactive Logistics Solutions Cost (PLSC). The cost of proactive 

Equation 3-10. Stock-Level Shortage/ Overage 

𝑆𝐿𝑆/𝑂𝑄௎೙
= 𝑆𝐿𝑅𝑄௎೙

 − 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑆𝑝𝑎𝑟𝑒(𝑠)௎೙
 

Equation 3-11. Proactive Logistics Solution Cost 

𝑃𝐿𝑆𝐶ௌ௨௕௦௬௦௧௘௠ = ෍ (𝑆𝐿𝑆𝑄௎೙
∗   𝐶𝑜𝑠𝑡௎೙

)

ௌ

௎೙ୀଵ

 

Where:  

𝑈௡= Index variable for number 
of units affected by obsolescence 

S = Number of Units in 
subsystem affected by 
obsolescence 
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logistics solution as depicted in Equation 3-11 will be estimated based on stock-level 

shortage prediction enabled by procurement lifetime prediction, and the cost for 

purchasing the spares will be obtained from GDIT.  

3.7.2 Reactive Engineering Solutions cost 

As illustrated in Figure 3- 3, reactive engineering technical refresh solutions are 

Risk Window
Strategic Proactive Reactive

Introduction 
Date

EOS 
Date

Engineering 
Solution 

Discontinue
Notice

Modernization

Strategic

Realized Risk (Issue) New Risk Window  

Figure 3- 3. Engineering Solutions 

Discontinue Notice 
 (EOS Realized) 

(DN)

Reactive Engineering Completion Date (RECD)
(Tech-Refresh Start + Verification Duration )

Reactive Sustainment Risk Window (RSRW)
Modernization Completion Date – RECD

Stock-Level Requirement Quantity (SLRQ)
(Poisson Process)

(Requires knowledge of RSRW -> Replenishment Period = RSRW)

Stock-level Requirement Quantity (SLRQ)
(10% GDIT Rule)

(Requires knowledge of EOSD)

Stock-Level Shortage Quantity (SLSQ)
(Existing Inventory - SLRQ)

Substitute Spare Units Cost (SSUC)
( SLSQ * Substitute LRU Market Value )

Step 1

Step 2

Step 3

Step 4a

Step 4b

Step 5

Step 6

Reactive Engineering Solution Cost (RESC)
( Tech-Refresh Cost +  SSUC )

Step 7

 

Figure 3- 4. Reactive Engineering Solutions Cost Assessment Process 
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mandated when EOS date is noticed after realization. At this point, the only option to 

mitigate the risk of not having enough spares available to sustain the system is to find   

substitute replacements and qualify before deploying to the field. The process for 

accessing reactive engineering solutions cost is illustrated in Figure 3- 4. The following 

step numbers correspond to numbering in Figure 3- 4.  

Step 1 – Discontinue Notice (DN). The DN is received when system failures 

trigger a demand for procuring additional spares, but the electronic unit deployed in the 

field is discontinued. 

Step 2 - Reactive Engineering Completion Date (RECD). The EOSD as shown 

is Equation 3-12, will be used to calculate the new sustainment risk window in Step 3 to 

assess the inventory stock-level requirement. 

Step 3 – Reactive Sustainment Risk Window (RSRW). The RSRW as shown in 

Equation 3-13, starts from RECD and ends on scheduled modernization completion date. 

The reactive new risk window will be used as logistic window or replenishment time 

(𝑇ோ) for predicting the inventory stock-level requirement in Step 4.  

Step 4 – Stock-Level Requirement Quantity (SLRQ). The researcher will use 

two (2) methods for finding the stock-level requirement of LRUs in the case study: 1) 

Equation 3-12. Reactive Engineering Completion Date (RECD)  

𝑅𝐸𝐶𝐷௎೙
=  𝑇𝑒𝑐ℎ 𝑅𝑒𝑓𝑟𝑒𝑠ℎ 𝑆𝑡𝑎𝑟𝑡 𝐷𝑎𝑡𝑒௎೙

+ 𝑇𝑒𝑐ℎ 𝑅𝑒𝑓𝑟𝑒𝑠ℎ 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛௎೙
 

 

Equation 3-13. Reactive Sustainment Risk Window (Days) or Logistics Window 

or 𝑻𝑹 

𝑆𝑅𝑊௎೙
=  𝑀𝑜𝑑𝑒𝑟𝑛𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛  𝐷𝑎𝑡𝑒 − 𝑅𝐸𝐶𝐷௎೙
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GDIT’s 10% method; 2) Poisson Reliability method. GDIT evaluates the outcome of 

both methods to perform effective cost avoidance tradeoffs. 

3) Step 4a – SLRQ – 10% GDIT Rule. As shown in Figure 3-14, this method 

assumes that the estimate for the stock-level requirement is 10 percent of 

number of deployed units. GDIT considers replenishing spares once the EOS 

date is predicted. 

Where: 

S = Estimated number of required spares 

N = Number of units deployed 

4) Step 4b – SLRQ –Poisson Process. This is another method that GDIT uses to 

estimate the number of required spares for provisioning. This method takes 

into account unit reliability that is modeled by Poisson process. Equation 3- 

15, by Diallo et al. (2012) is used to determine the required quantity of spares. 

Where: 

𝑃ௌ௣௔௥௘௦(𝑆) = The probability of using spares  

Equation 3-15. Number of Required Spares (Poisson Method) 

𝑃ௌ௣௔௥௘௦(𝑆) = ෍
(𝑁. 𝜆. 𝑇ோ)௞

𝑘!

ௌ

௞ୀ଴

. 𝑒ିே.ఒ.்ೃ 

Equation 3-14. Number of Required Spares (GDIT 10% Method) 

𝑆𝐿𝑅𝑄௎೙
= 𝑆𝑝𝑎𝑟𝑒(𝑆)௎೙

= 𝑁௎೙
∗ 10% 
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𝑆  = The largest number of spares allowed 

N = Number of units deployed 

𝑘  = Index variable for the number of spares used = 𝑆𝐿𝑅𝑄௎೙
 

= Failure rate = 
ଵ

ெ்஻ி
   (MTBF: Mean Time between Failures) 

𝑇ோ  = Replenishment Time = Reactive Risk Window (Days) 

The researcher will obtain the data including the number of deployed units, 

number of spares available in the warehouses, and estimates for the MTBF from GDIT. 

The assumption will be based on GDIT direction: 1) The LRU fail cannot be repaired; 2) 

Can model the failure rate using Poisson probability distribution; 3) Forecast with 95% 

confidence.  

Equation 3- 15 computes probability of using a given number of 

spares, 𝑃ௌ௣௔௥௘௦(𝑆), during the sustainment risk window. It sums the Poisson probability 

of using different number of spares. The researcher will use excel to estimate the number 

of spares that are required to sustain the system during risk window, with 95% reliability 

requirement.  

Step 5 – Stock-Level Shortage Quantity (SLSQ). The researcher will analyze if 

there are any stock-level shortages during the reactive sustainment risk window by 

deducting number of spares available in the warehouse from stock-level requirement. 

Equation 3-16 will be used to determine the stock-level shortage before buying the 

engineering approved substitute electronic units. 

Equation 3-16. Stock-Level Shortage  

𝑆𝐿𝑆𝑄௎೙
= 𝑆𝐿𝑅𝑄௎೙

 − 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑆𝑝𝑎𝑟𝑒(𝑠)௎೙
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Step 6 – Substitute Spare Units Cost (SSUC). The cost of SSUC as depicted in 

Equation 3-17 will be estimated based on stock-level shortage. The cost for purchasing 

the spares will be obtained from GDIT. 

Step 7 – Reactive Engineering Solutions Cost (RESC). The cost of RESC as 

depicted in Equation 3-18 will be estimated based on Tech Refresh Cost (TRC) + SSUC. 

The cost for Tech refresh (TRC) will be obtain from GDIT. 

3.7.3 Cost Avoidance Benefit Assessment 

The process for accessing Cost Avoidance benefits of using the proposed 

machine-learning prediction model is illustrated in Figure 3- 5. The following step 

Equation 3-18. Reactive Engineering Solutions 

 Cost (RESC)  

𝑅𝐸𝑆𝐶ௌ௨௕௦௬௦௧௘௠ = 𝑇𝑅𝐶 + ෍ (𝑆𝑆𝑈𝐶௎೙
)

ௌ

௎೙ୀଵ

 

Equation 3-17. Substitute Spare Units Cost (SSUC)  

𝑆𝑆𝑈𝐶௎೙
= 𝑆𝐿𝑆𝑄௎೙

∗  𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑒 𝐶𝑜𝑠𝑡௎೙
 

Sec 3.7.1
 Step 6

Proactive Logistics Solutions Cost
(PLSC)

Cost Avoidance 
(RESC – PLSC)

Step 1

Sec 3.7.2
Step 7

Reactive Engineering Solutions Cost
(RESC)

Step 8

 

Figure 3- 5. Cost Avoidance Benefit Assessment 

Where:  

𝑈௡= Index variable for number 
of units affected by obsolescence 

S = Number of Units in 
subsystem affected by 
obsolescence 
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numbers correspond to numbering in Figure 3- 5. 

Sec 3.7.1 Step 6 – Proactive Logistics Solutions Cost (PLSC). This step was 

illustrated in Section 3.7.1 of Chapter 3. 

Sec 3.7.2 Step 7 – Reactive Engineering Solutions Cost (RESC). This step was 

illustrated in Section 3.7.2 of Chapter 3. 

Step 8 – Cost Avoidance. Equation 3-19 reflects how the cost avoidance is 

calculated. The reactive engineering solutions cost as reflected in Equation 3-18 will be 

estimated for evaluating substitute replacements for the discontinued LRUs and cost of 

purchasing substitute LRUs. The Base of Estimate (BOE) for Labor requirements and 

substitute purchases will be obtained from GDIT. On the other side, the cost of proactive 

logistics solutions as depicted in Equation 3-11 will be estimated based on stock-level 

shortage prediction enabled by procurement lifetime prediction, and the market price for 

purchasing the spares will be obtained from GDIT.  

3.8 Expected Findings and Results 

The researcher expects to find raw data from GDIT. The data obtained is 

associated with various elements of unit’s obsolescence, configuration, and reliability. 

The data for this study will include: manufacturer part number, description of unit, 

production start date, EOS date, Manufacturer’s name, unit categorization tier 1, unit 

categorization tier 2, unit categorization tier 3, market value, deployed count, failure 

count, repair downtime, and trouble ticket count. These findings will support this praxis 

Equation 3-19. Cost Avoidance   

𝐶𝑜𝑠𝑡 𝐴𝑣𝑜𝑖𝑑𝑎𝑛𝑐𝑒 =  𝑅𝐸𝑆𝐶ௌ௨௕௦௬௦௧௘௠ − 𝑃𝐿𝑆𝐶ௌ௨௕௦௬௦௧௘௠ 
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research.  

For finding the most significant factors in predicting the procurement lifetime of 

Navy’s C4I electronic units, the researcher will compare the result of multiple linear 

regression with stepwise backward method against Random Forest machine learning 

algorithm leveraging the approach of Breiman. 

For procurement lifetime, the accuracy of the machine learning algorithm should 

remain stable with minimal fluctuation from train dataset to validation dataset; the 

machine learning algorithm with higher accuracy will be considered for recommending to 

GDIT. The researcher determined that if the coefficient of multiple correlation “R 

squared” of machine learning algorithm is above 58.7% accuracy of manufacturer’s 

obsolescence quotes (Gaintner, 2007; Sandborn et al., 2011), then the prediction is 

acceptable; however, the Root Mean Square Error (RMSE) values are considered in 

evaluation of accuracy of the forecast. It is expected that Random Forest algorithm will 

result in the most accurate model. 

For cost avoidance benefit, the researcher expects the result depict a cost 

avoidance that could have benefited GDIT, if the most accurate machine learning 

prediction model in this praxis was in place to proactively sustain the system. 

R Studio software graphical plot and summary data metrics will be used to 

observe the results.        

3.9 Summary of Resources Used  

The sources of data will derive from GDIT.  The researcher has direct access to 

GDIT database; thus, the researcher should be able to retrieve data from GDIT data 

repositories.  
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Meetings are critical mechanisms for providing collaboration and communication 

between researcher and sponsor’s workgroups. With the researcher residing in diverse 

locations, will make use of collaborative tools to conduct virtual meetings.   

3.10 Formats for Presenting Results 

After the researchers collect the obsolescence, reliability, and configuration data 

from GDIT, the researchers will consolidate the data in a Microsoft Excel spreadsheet for 

each obsolete unit.  The second step is to filter the candidate raw data variables in Excel 

tables. The candidate raw data variables will include the following information: 

 Manufacturer part number  

 Unit’s Introduction date 

 End of sales date 

 Manufacturer’s name 

 Unit categorization tier 1 

 Unit categorization tier 2 

 Unit categorization tier 3 

 Unit Market value 

 Unit Deployed Count 

 Number of Failure(s) per unit 

 Repair downtime per unit 

 Number of Trouble ticket(s) per unit 

The Excel file created by the researcher will calculate independent variables from 

the raw data provided by GDIT, using Equation 3- 1, Equation 3- 2, Equation 3- 3, 

Equation 3- 4, and Equation 3- 5 in this Chapter. The candidate calculated data variables 
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will include the following information: 

 Failure per Unit 

 Downtime per Unit 

 Unit Age 

 Procurement Lifetime 

The Excel file will also contain separate sheets for each of the method used, plus 

an additional sheet that will contain the final comparison between these methods.  The 

researchers will then plot the comparison result to assist in evaluating the result and 

deriving a conclusion.  

3.11 Summary  

Chapter 3 of this research paper starts by finding the problem and setting the goals 

to help assist the improvement of GDIT obsolescence processes. The researcher also 

discussed the research method to be applied as a statistical methods using data with the 

goal of finding the most relevant predictors of obsolescence, and predicting the 

procurement lifetime of units in military’s SD systems. Included in the chapter are the 

methods used in the data collecting process, followed by the steps used in the data 

assessment and the equations used to process the data.  Charts and graphs will help the 

researcher find the results and the relations important to support or reject the hypothesis. 

A description of the expected findings and results for all methods under considerations 

are summarized in this chapter. 
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Chapter 4—Results 

4.1 Introduction 

The researcher identified the most important predictors of obsolescence in 

sustainment-dominated (SD) systems, and decided on a machine learning algorithm to 

predict procurement life time of Navy’s C4I electronic units. The researcher analyzed the 

relevant predictors of obsolescence, by leveraging Multiple Linear Regression (MLR) 

model, using a stepwise selection of variables by backward elimination. The residuals of 

MLR were checked for normality; and moreover, using Variance Inflation Factor (VIF) 

quantified the severity of multi-collinearity; however, didn’t need to remove them among 

the variables. The researcher used R software to implement multiple machine learning 

algorithms: Random Forest (RF), K Nearest Neighbor (KNN), and Neural Network (NN) 

to predict procurement lifetime of Navy’s C4I electronic units. The results were 

evaluated by assessing the overall accuracy of the algorithms determined by R-Squared 

(𝑅ଶ) and Root Mean Square Error (RMSE). The most accurate algorithm had the highest 

R-Squared, and lowest RMSE.  

The researcher addressed the reliability of predictor’s data before addressing their 

importance. If it can be shown in past program that there were correlation between the 

predictors and obsolescence at an acceptable level, then when the same predictors are 

used on systems of similar characteristics, managers will be able to predict the likely 

procurement lifetime of configuration items (CIs). General Dynamics Information 

Technology (GDIT) provided historical obsolescence and reliability data, along with 

configuration management information at LRU level, including: manufacturer’s name, 

product categorization tiers, market value, and introduction date of Line Replacement 
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Units (LRUs) of a Navy C4I subsystems.  

The result of most significant predictors of obsolescence determined by utilizing 

MLR were sorted by their linear model coefficients and compared against the order 

depicted by RF unconditional mean decrease in accuracy using approaches of Breiman. 

The results were slightly different; however, unit age scored the highest. The accuracy of 

different machine learning models in predicting the procurement life of Navy’s C4I 

electronic units were compare against each other. Quantile Random Forest (QRF) model 

with 50 percentile scored the highest in accuracy. The researcher compared the result of 

QRF model’s prediction accuracy against the industry standard. The result showed that 

QRF machine learning algorithm is more accurate in predicting obsolescence EOS date 

of military’s electronic units in SD systems.  

The researcher analyzed cost avoidance benefits of predicting procurement 

lifetime of Navy’s C4I electronic units. This was performed by a case study, comparing 

the cost of unscheduled tech-refresh solution for C4I Radar Subsystem against 

provisioning cost of Radar Subsystem Line Replacement Units (LRUs). The tech-refresh 

cost was established by receiving data including labor forecast, and estimated wrap rates 

from GDIT. The estimation on cost of provisioning was enabled by knowing the actual 

obsolescence EOS dates of LRUs in the Radar Subsystem, and given the scheduled 

modernization date. The researcher used two layers of estimate for provisioning solution, 

which was based on: 1) Reliability theory leveraging Poisson distribution for non-

repairable units to calculate the demand rate; 2) GDIT’s existing rule for sparing demand. 

The result of cost avoidance benefit was in favor of logistics provisioning solution, which 

suggested estimating the LRU’s EOS dates enable avoiding financial risk to the Navy 
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C4I program. 

4.2 Background Findings for GDIT’s Navy C4I Program 

Researcher was interested to find out how GDIT will establish a forecast for End 

of Sale (EOS) and End of Service (EOSR) dates of C4I subsystems’ LRUs. The 

researcher found that GDIT uses a commercial obsolescence software package that 

provides insights into End of Sale (EOS) and End of Service (EOSR) dates of some of the 

C4I subsystems’ LRUs by contacting the Original Equipment Manufacturers (OEMs).  

The obsolescence and reliability data, along with configuration management 

information of LRUs within a Navy’s C4I subsystems were given by GDIT. The total 

number of obsolescence cases with known EOS dates were three hundred twenty one 

(321). The researcher was able to find the configuration data including: manufacturer’s 

name, product categorization tiers, market value, deployed count, and introduction date, 

as well as, reliability data including: number of Trouble Tickets (TT), Number of 

Failures, and total days of downtime for all 321 LRUs. The equations in Chapter 3: (3- 

1), (3- 2), (3- 3), (3- 4), and (3- 5) were used to calculate additional data for this research 

assessment (See Appendix A for raw and calculated data). 

4.3 Lifecycle Support Sustainment Data and Obsolescence Correlation 

The following analysis method is used to assess the most significant predictors of 

electronic unit’s procurement lifetime in SD system: 1) Multiple Linear Regression 

(MLR) model; 2) Random Forest (RF) unconditional mean decrease in accuracy using 

Breiman approaches. The researcher uses R studio software to construct the models, and 

verify the accuracy. 
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4.3.1 MLR Model 

 The MLR model takes the form of an equation, where the procurement lifetime 

will be a linear combination of unit age, configuration (manufacturer, unit 

categorizations, market value), and reliability variables (number of failure per unit, 

number of trouble Tickets (TT) per unit, downtime per unit). These variables intercept 

with the procurement lifetime axis, and several coefficients for each of variables which 

need to be estimated in the process of model construction. The linear model equation to 

estimate Procurement Lifetime of LRUs in C4I Subsystems is depicted in Equation 3- 6 

in Chapter 3. The goal of MLR model is to estimate the coefficient of all the variables in 

such a way to minimize the overhaul error of predicting the Procurement Lifetime. The 

researcher utilizes R software to build the MLR model. While developing the model, will 

iteratively analyze variables for normality of distribution, extreme values, multiple 

collinearity, homoscedasticity (even distribution of residuals), p-value of coefficients and 

R-squared/ F-statistic of the model.  (See Appendix B for MLR scripts used in R). The 

researcher considers all candidate variables and iteratively eliminate least correlated 

variables, one at a time. The MLR modeling will be performed by: a) checking for 

normality; b) checking for non-linearity); c) Checking residuals; d) stepwise refinement 

of MLR model with backward elimination; e) checking for multiple collinearity among 

variables leveraging Variance Inflation Factors (VIF). The analysis will not focus on 

independent variables interaction in this study. 

Check for Normality (visually). The normal distribution of the selected variables 

for predicting procurement lifetime of Navy’s C4I electronic units are checked in the 

histogram plot of variables in Figure 4- 1. As observed, the Unit Age, Manufacturer, and 
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Procurement Lifetime are skewed. The researcher will not transform the response 

variable, or any of the independent variables to keep the integrity of data.  

Initial Model. The initial model is run in R software. The summary of the Initial 

MLR model covering all the variables in Equation 3- 6 in Chapter 3, is shown in Table 4-

1. As observed the R-Squared value is 0.4602, which shows the initial model explains ~ 

46% of all the variations in data around the linear model. As seen in the Table 4- 1, the 

column “Estimate” has the values for intercept (B0 in Equation 3- 6. in Chapter 3), and 

coefficient of each independent variables (B1 through B9 in Equation 3- 6. In Chapter 3). 

Each one of the coefficients are estimate with some degree of confidence. The column 

“Pr(>|t|)” values reflect the probability  that we can trust the coefficient values for each 

one of the independent variables. The Significant codes next to each probability value is 

an aid to visually check the accuracy level of the coefficients. For example, when the 

    

     

  

Figure 4- 1. Histogram of Variable Distribution 
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significant code reflects three stars (***), then the probability of rejecting the coefficient 

value will be very low.  In this model, unit age shows to be significant, which means it is 

a good candidate for construction of MLR. On the other hand there are variables that 

have an estimated coefficient with high probability that is wrong. In this model, we 

observe the probability value for Categorization Tier3 coefficient cannot be trusted since 

it is 0.65282. Also, the MLR model’s Multiple R-squared measure in Table 4- 1 explains 

~ 46% errors of residuals from the linear model. Adjusted R-squared measure is similar 

to multiple R-squared; however, it takes into consideration the number of variables that 

are used to build the model. Adding more variables will result in higher Multiple R-

squared, and Adjusted R-squared will adjust it appropriately. The researcher performed 

Predicted Residual Error Sum of Squares (PRESS) statistics to test for overfitting of data. 

Table 4- 1. Initial Summary of the Linear Model (All variables) 
            

Residuals: Min 1Q Median 3Q Max 
 -3598.3 -1277.7 -5.5 1139.7 5450.9 

Coefficient Estimate Std. Error t value Pr (>|t|)  
(Intercept) -1.079e+03 5.680e+02 -1.900 0.05834 . 
Manufacturer 1.352e+01 4.348e+00 3.110 0.00205 ** 
Categorization Tier1 3.616e+02 2.424e+02 1.492          0.13682  
Categorization Tier2 -7.027e+01 4.288e+01 -1.639 0.10232  
Categorization Tier3 2.391e+00 5.309e+00  0.450 0.65282  
Market Value 2.221e-03 1.231e-03 1.805 0.07208 . 
Failure per Unit 3.601e+02 4.355e+02 0.827 0.40891  
Downtime per Unit 2.929e+01 1.729e+01 1.694 0.09130 . 
TT per Unit -5.191e+02 3.353e+02 -1.548 0.12260  
Unit Age 6.820e-01 4.747e-02 14.365 < 2e-16 *** 
 
Significant Codes:  0 ‘***’     0.001 ‘**’    0.01 ‘*’     0.05 ‘.’    0.1 ‘ ’   1 
 
Note: Residual standard error: 1656 on 311 degrees of freedom 
          Multiple R-squared:  0.4602,            Adjusted R-squared:  0.4446 
          F-statistic: 29.46 on 9 and 311 DF,      p-value: < 2.2e-16 
          PRESS R-squared = 0.4257311 
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The PRESS R-square also measures how much variation the model explains, and checks 

the improvement in predictive capability of model with stepwise elimination of variables. 

The PRESS R-squared of initial model with all the variables as depicted in Figure 4- 1 

was 0.4257311.  

Check for Non-Linearity of Independent Variables. The researcher plots the 

distribution of errors around the model for all variables to observe if the errors 

themselves have any linearity rather the distribution of the whole variable. This will be 

performed by utilizing the car library and using the “crplots (fit)” script in R software 

(See Appendix B for MLR scripts used in R). In Figure 4- 3 independent variables and 

their residuals can be observed. It shows the feet of error around the model. Linear model 

is “dash line”, and the feet of error is “solid line” for each of the variables. As depicted in 

Figure 4- 3, linear model (dash lines) and feet of error (solid lines) are very close for 

Manufacturer, Categorization Tier 3, and Categorization Tier 3. When visually checking 

the residuals of candidate predicting variables, it is observed that there are no significant 

non-linearity for any of the variables in the distribution of residuals around the linear 

model with exception of Categorization Tier1, categorization Tier 2, Market Value, and 

Age. Another observation in Figures 4-3 is the existence of extreme data points, which 

are too far from the linear model. Those extreme data points’ observations could have 

some significant effect on construction of model and estimation of coefficients. The 

researcher will not attempt to eliminate any of the extreme values, as this will impact the 

integrity of the outcome for this research. 
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Figure 4- 3.1. Independent Variables + Residual Plots 
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Figure 4- 3.2. Independent Variables + Residual Plots 
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Figure 4- 3.3. Independent Variables + Residual Plots 
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Checking Residuals of Initial Model. The researcher plots the residuals 

leveraging the Mass library in R software. The plot can be observed in Figure 4- 4. In the 

plot of Residuals vs leverage, we observe the leverage, which means how important those 

 

 

Figure 4- 4. Initial MLR Model Residuals 
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observations are to the construction of the model, and creation of residuals around the 

model. The model shows to be close to the center. However to confirm normality, the 

researcher performed Shapiro-Wilk’s test for normality of initial model residuals. The 

result of Shapiro-Wilk’s Test: W = 0.99403,   p-value = 0.239. Since the p-value is 

greater than 0.05, then we can assume normality. We can see in Figure 4- 4 that 

observation 268, 161, and 71 are extreme value, and had a lot to say about what the 

model looks like. 

Stepwise Refinement of MLR Model with Backward Elimination. The 

researcher will eliminate the worst variable, which is the variable he cannot trust, or trust 

least. This method is backward elimination of variables one at a time. The researcher 

performs the MLR keeping all the variables, except for Categorization Tier3 since its 

probability value of 0.65282.  The summary of the MLR model after eliminating 1st 

Table 4- 2. 1st Elimination (Categorization Tier 3) MLR Summary 
           

Residuals: Min 1Q Median 3Q Max 
 -3587.7 -1264.4 -21.1 1131.0 5435.3 

Coefficient Estimate Std. Error t value Pr (>|t|)  
(Intercept) -9.652e+02 5.077e+02 -1.901 0.05822 . 
Manufacturer 1.334e+01 4.324e+00 3.085 0.00222 ** 
Categorization Tier1 3.448e+02 2.392e+02 1.441 0.15053   
Categorization Tier2 -7.456e+01 4.176e+01 -1.786 0.07514 .  
Market Value 2.308e-03 1.214e-03 1.902 0.05814 . 
Failure per Unit 3.743e+02 4.338e+02 0.863 0.38885  
Downtime per Unit 2.921e+01 1.727e+01 1.691 0.09178 . 
TT per Unit -5.220e+02 3.348e+02 -1.559 0.11996  
Unit Age 6.817e-01 4.741e-02 14.379 < 2e-16 *** 
 
Significant Codes:  0 ‘***’     0.001 ‘**’    0.01 ‘*’     0.05 ‘.’    0.1 ‘ ’   1 
 
Note: Residual standard error: 1654 on 312 degrees of freedom 
          Multiple R-squared:  0.4598,                   Adjusted R-squared:  0.446  
          F-statistic: 33.2 on 8 and 312 DF,             p-value: < 2.2e-16 
          PRESS R-squared = 0.4283417 
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variable is shown in Table 4- 2.  As observed in Table 4- 2, The Multiple R-squared is 

almost identical to the initial MLR, and the adjusted R-Squared and PRESS R-Squared 

have slightly improved, but almost insignificant. However, this shows by eliminating the 

Categorization Tier3 variable the model didn’t get any worse. The researcher performed 

Shapiro-Wilk’s test for normality of 1st model residuals. The result of Shapiro-Wilk’s 

Test showed: W = 0.99435,   p-value = 0.282. Since the p-value is greater than 0.05, then 

we can assume normality. The next potential variable for elimination is Failure per Unit, 

since its probability value is 0.38885. The researcher performs the MLR keeping all the 

variables in the previous MLR, except for Failure per Unit. The summary of the MLR 

model eliminating 2nd variable in Equation 6 is shown in Table 4- 3. As observed in 

Table 4- 3, the Multiple R-squared and Adjusted R-squared are almost identical to the 1st 

elimination MLR Multiple R-squared and adjusted R-squared in Table 4- 2. The PRESS 

R-squared have slightly improved, but almost insignificant. Again, this shows by 

Table 4- 3. 2nd Elimination (Failure per Unit) MLR Summary 
           

Residuals: Min 1Q Median 3Q Max 
 -3568.8 -1258.4 -79.4 1139.9 5518.2 

Coefficient Estimate Std. Error t value Pr (>|t|)  
(Intercept) -9.41E+02 5.07E+02 -1.858 0.06417 . 
Manufacturer 1.32E+01 4.32E+00 3.054 0.00245 ** 
Categorization Tier1 3.37E+02 2.39E+02    1.408 0.16006  
Categorization Tier2 -7.53E+01 4.17E+01 -1.805 0.07199 . 
Market Value 2.47E-03 1.20E-03 2.056 0.04062 * 
Downtime per Unit 3.23E+01 1.69E+01 1.915 0.05635 . 
TT per Unit -2.51E+02 1.16E+02 -2.160 0.03153 * 
Unit Age 6.80E-01 4.73E-02 14.360 < 2e-16 *** 
 
Significant Codes:  0 ‘***’     0.001 ‘**’    0.01 ‘*’     0.05 ‘.’    0.1 ‘ ’   1 
 
Note: Residual standard error: 1653 on 313 degrees of freedom 
          Multiple R-squared:  0.4585,           Adjusted R-squared:  0.4464  
          F-statistic: 37.87 on 7 and 313 DF,      p-value: < 2.2e-16 
          PRESS R-squared = 0.4301414 
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eliminating the Failure per Unit variable the model didn’t get any worse. Theoretically, 

the model performs the same as previous model with less variables. The researcher 

performed Shapiro-Wilk’s test for normality of 2nd model residuals. The result of 

Shapiro-Wilk’s Test showed: W = 0.99406,   p-value = 0.2436. Since the p-value is 

greater than 0.05, then we can assume normality. The next potential candidate variable to 

eliminate is Categorization Tier1, since its probability value is 0.16006. As observed in 

Table 4- 4, the Multiple R-squared and adjusted R-Squared are slightly lower than the 

2nd elimination Multiple R-squared and adjusted R-Squared in Table 4- 3. The PRESS 

R-squared is almost identical to the 2nd elimination PRESS R-squared in Table 4-3. 

Again, this shows by eliminating the Categorization Tier1 variable the model didn’t get 

any worse. Theoretically, the model performs the same as previous model with less 

variables. The researcher performed Shapiro-Wilk’s test for normality of 3rd model 

residuals. The result of Shapiro-Wilk’s test showed: W = 0.99235,   p-value = 0.09841. 

Table 4- 4. 3rd Elimination (Categorization Tier1) MLR Summary 
           

Residuals: Min 1Q Median 3Q Max 
 -3568.8 -1258.4 -79.4 1139.9 5518.2 

Coefficient Estimate Std. Error t value Pr (>|t|)  
(Intercept) -4.83E+02 3.89E+02 -1.242 0.215346   
Manufacturer 1.49E+01 4.15E+00 3.602 0.000366 *** 
Categorization Tier2 -8.81E+01 4.08E+01 -2.160 0.031500 * 
Market Value 3.10E-03 1.11E-03 2.786 0.005661 ** 
Downtime per Unit 3.25E+01 1.69E+01 1.924 0.055209 . 
TT per Unit -2.52E+02 1.16E+02 -2.160 0.031545 * 
Unit Age 6.74E-01 4.72E-02 14.269 < 2e-16 *** 
 
Significant Codes:  0 ‘***’     0.001 ‘**’    0.01 ‘*’     0.05 ‘.’    0.1 ‘ ’   1 
 
Note: Residual standard error: 1656 on 314 degrees of freedom 
         Multiple R-squared:  0.4551,         Adjusted R-squared:  0.4447  
         F-statistic: 43.71 on 6 and 314 DF,     p-value: < 2.2e-16 
         PRESS R-squared = 0.430845 
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Since the p-value is still greater than 0.05, then we can assume normality. The next 

potential candidate variable to eliminate is Downtime per Unit, since its probability value 

of 0.055209. As observed in Table 4- 5, the Multiple R-squared and adjusted R-squared 

and PRESS R-squared are slightly lower than the 3rd elimination Multiple R-squared and 

adjusted R-squared in Table 4- 4. Again, this shows by eliminating the Downtime per 

Unit variable the model gets slightly worse. Theoretically, the model performs the same 

as previous model with less variables. The researcher performed Shapiro-Wilk’s test for 

normality of 4th model residuals. The result of Shapiro-Wilk’s Test showed: W = 

0.99139,   p-value = 0.05829. Since the p-value is slightly more than 0.05, we can still 

assume normality. The next potential candidate variable to eliminate is Trouble Ticket 

(TT) per Unit, since its probability value of 0.218974. The researcher performs the 5th 

elimination by excluding the TT per Unit from the model presented in Table 4- 5. 

However, when performed the Shapiro-Wilk’s test for normality of 5th model residuals, 

the result showed: W = 0.99022,   p-value = 0.03071. Since the p-value is less than 0.05, 

Table 4- 5. 4th Elimination (Downtime per Unit) MLR Summary 
           

Residuals: Min 1Q Median 3Q Max 
 -3489.3 -1291.4 -14.4 1215.8 5426.5 

Coefficient Estimate Std. Error t value Pr (>|t|)  
(Intercept) -3.76E+02 3.87E+02 -0.973 0.331189  
Manufacturer 1.55E+01 4.15E+00 3.745 0.000215 *** 
Categorization Tier2 -9.98E+01 4.05E+01 -2.463 0.014304 * 
Market Value 3.48E-03 1.10E-03 3.166 0.001694 ** 
TT per Unit -1.14E+02 9.21E+01 -1.232 0.218974  
Unit Age 6.65E-01 4.72E-02 14.092 < 2e-16 *** 
 
Significant Codes:  0 ‘***’     0.001 ‘**’    0.01 ‘*’     0.05 ‘.’    0.1 ‘ ’   1 
 
Note: Residual standard error: 1663 on 315 degrees of freedom 
          Multiple R-squared:  0.4487,           Adjusted R-squared:  0.4399  
          F-statistic: 51.27 on 5 and 315 DF,      p-value: < 2.2e-16 
          PRESS R-squared = 0.4257299 
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then we can’t assume normality for 5th model. The researcher makes an assumption that 

the 4th model was the final model that we can trust every single variable. However, 

analyzed the collinearity of the variables to find out if there are any correlation between 

the variables in 4th model. 

Multiple Collinearity among Variables. The determination of collinearity 

among the variables will be performed by leveraging VIF function in R. VIF determines 

which one of the variables are mostly correlated with the other variables in the system. 

VIF number will help to identify those bad variables. If VIF = 1 then there is no 

correlation; if 1<VIF<5, then the correlation is moderate; and if 5<VIF<10, then the 

correlation is high. Table 4-6 shows the collinearity among the 4th model variables. As 

observed, the correlation among the variables in 4th model are moderate.   

Checking Residuals of Final Model (4th). The researcher plots the distribution of 

residuals to check the normality of the final model since the p-value of Shapiro-Wilk’s 

test is as low as 0.05829. The plot can be observed in Figure 4- 5. It is observed that the 

model is not significantly different from normal distribution. 

Table 4- 6. Multi-Collinearity among the Variables 
 Manufacturer Categorization 

Tier2    
Market 
Value    

TT per 
Unit    

Unit Age 

VIF 1.036655 1.055291 1.055292 1.044565 1.034811 
SQRT 
(VIF) 

FALSE FALSE FALSE FALSE FALSE 
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MLR Model Summary. The R-Square of 0.4487 for 4th model presented in 

Table 4- 5 shows that correlation between estimated procurement lifetime and actual 

procurement lifetime utilizing MLR model is about 45 percent.  In Table 4- 7 the 

summary, five (5) most significant predictors of Procurement Lifetime of Navy’s C4I 

electronic units are ranked in order. As depicted in Table 4- 7, the unit age is the most 

significant predictor. However, it is also interesting to see reliability predictors (Number 

of TT reported) is among the most significant predictors of Navy’s C4I electronic units 

Table 4- 7. Most Significant Predictors of Procurement Lifetime MLR Result 
 

Importance 
level 

Most Significant Predictors 

1 Unit Age 
2 Manufacturer 
3 Market Value 
4 Categorization Tier2 
5 Number of Trouble Tickets (TT) 

 

  

Figure 4- 5. Final MLR Model Residuals 
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obsolescence.  

4.3.2 RF Unconditional Mean Decrease in Accuracy 

 The researcher used Conditional Inference Regression (CIR) Random Forest (RF) 

model described in Section 4.4.1 to assess which variables are important using 

unconditional mean decrease in accuracy leveraging the approach of Breiman. The model 

is constructed in R software (See Appendix C for RF scripts used in R). The candidate 

predictors are unit age, configuration and reliability data.   

There are a total of 321 observations of obsolescence cases, which are all used to 

construct the model and assess the most significant predictors of obsolescence of Navy’s 

C4I LRUs. The model fit was assessed for entire data set with “cforest stat” goodness of 

the fit test and the result is shown in Table 4- 8. The R-Squared in Table 4- 8 indicates 

that the level of accuracy of CIR RF model for entire set of data is ~ 51 percent, which 

means 49 percent is associated with the randomness of the model. The most important 

variables in the RF CIR model were analyzed using unconditional mean decrease in 

accuracy leveraging the approach of Breiman. The results are shown in Table 4- 9. As 

Table 4- 8. RF CIR FIT Model Result 
 

RMSE R-Squared MAE 
1605.4416594 0.5088488 1211.0828579 

 

Table 4- 9. Most Significant Predictors of Procurement Lifetime RF Result 
 

Importance 
Points 

Most Significant Predictors 

2429020 Unit Age 
373403 Manufacturer 
330836 Market Value 
228519 Unit Categorization Tier 2 
172659 Unit Categorization Tier 1 
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depicted in Table 4- 9, the unit age is the most significant predictor. However, reliability 

predictors (Number of TT reported) was not among the top five most significant 

predictors of Navy’s C4I electronic units obsolescence. 

4.3.3 Summary of Data and Obsolescence Correlation Results 

The results of top five most significant predictors of obsolescence for Navy’s C4I 

electronic units were not the same when comparing MLR approach against the RF 

approach of Breiman. However, four of the nine predictor variables were among the top 

five predictors in both MLR and RF approaches. Unit age was the most significant 

predictor of obsolescence in both approaches. 

4.4 Lifecycle (LC) Support Obsolescence Prediction Model 

The following machine learning algorithms are utilized to find the best model for 

predicting procurement lifetime of Navy’s C4I electronic units in LC support phase: 1) 

Random Forest algorithms; 2) Neural Network algorithms; and 3) K Nearest Neighbor 

(KNN) algorithms. The researcher uses R studio software to construct the models, and 

verify the accuracy.  

4.4.1 Random Forest 

The researcher selected two popular Random Forest (RF) models to predict the 

procurement lifetime of LRUs in Navy’s C4I subsystems: 1) Conditional Inference 

Regression RF; and 2) Quantile Regression Forest. The models are constructed in R 

software, leveraging “party” package with “cforest” function (See Appendix C for RF 

scripts used in R). The candidate predictors are unit age, configuration and reliability 

data. There are a total of 321 observations of obsolescence cases. The researchers splits 
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the data into training set and test set with ratio of 70 percent (225 observations) to 30 

percent (96 observations). 

Conditional Inference Regression (CIR) RF. The control variables for 

constructing the RF CIR model are: a) number of tree (ntree); and 2) the number of 

variables used which each layer of the tree (mtry). The researcher set the value for ntree 

to be 240, and the mtry to be used was set to be 3 which is the square root of total number 

of independent variables to construct the model. The fitted model is assessed for training 

set with “cforest stat” goodness of the fit test and the results are shown in Table 4- 10. 

The R-Squared in Table 4- 10 indicates that the level of accuracy of RF CIR Train model 

is ~ 45 percent, which means, and 55 percent is associated with the randomness of the 

model. The next step is to predict the procurement lifetime of Navy’s C4I electronic units 

with the test data and fitted regression forest. This is done in R software using the 

prediction function (See Appendix C for RF-CIR prediction scripts used in R). The R-

Squared of RF CIR predictions as shown in Table 4- 10 is ~53 percent. 

Quantile Regression Forest (QRF). This method is the generalized form of 

Random Forest. Because, we are trying to use different kind of quantiles. It offers a non-

parametric way of estimating conditional quartiles of predictor variables. It is not just 

estimating the mean or median value; but also the quantile. The researcher has set the 

quantile to be 5, 25, 50, 75, 95 percentile. The model is created with 240 trees, and the 

number of variables trying at each fit is 3. This model is implemented in R software 

Table 4-10. RF CIR Model Result 
  

RMSE R-Squared MAE 
Fitted Model 1637.5789874 0.4520589 1291.2425436 

Validation Model 1766.794 0.5294555 1165.977 
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leveraging the Quantile Regression Forest function (See Appendix C for RF-QRF 

prediction scripts used in R). The R-Squared of RF CIR predictions for 10, 50, and 90 

percentiles are Table 4-11. The researcher has plotted the train model in Figure 4- 6 for 

observing extend of model performance on the predictions. As shown in Figure 4- 6, as 

 

the number of trees grow, the error rate falls. It looks the error rate is stable after 85 trees 

are fitted.  

Summary of Random Forest Modeling Results. The R-Square of CIR RF 

model, and QRF model are depicted in Table, 4-10 and 4-11. As observed, the QRF 

model with 50 percentile, which is the median value of quantiles had the highest accuracy 

in predicting procurement lifetime of Navy’s C4I electronic units. 

 

Figure 4- 6. QRF Train Model Fit Error 

Table 4-11. RF QRF Prediction Model Result 
  

QRF Model (10 
Percentile)  

QRF Model (50 
Percentile) 

QRF Model (90 
Percentile) 

Validation Model 0.5152217 0.597584 0.4535804 
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4.4.2 Neural Network 

The researcher selected three popular Neural Network (NN) algorithms to predict 

the procurement lifetime of LRUs in Navy’s C4I subsystems: 1) Resilient 

Backpropagation with Backtracking; 2) Resilient backpropagation without Backtracking; 

and 3) Smallest learning Rate. The NN model algorithms are constructed in R software, 

leveraging “neuralnet” package and “neuralnet” function (See Appendix D for NN scripts 

used in R). The candidate predictors are unit age, configuration and reliability data. There 

are a total of 321 observations of obsolescence cases. The researchers splits the data 

randomly into training set and test set with ratio of 70 percent (225 observations) to 30 

percent (96 observations). The researcher attempts to standardize the procurement 

lifetime and all of the independent variables using R standard scaling method, prior to 

dividing the data into training set and test set. R standard method for standardization is 

based on calculating z-score which deducts mean from each variable, and then divide it 

by standard deviation. 

Resilient Backpropagation (RB) with Backtracking. The model is constructed and 

then fitted for the training set using NN’s “neuralnet” function and the “rprop plus” 

algorithm (See Appendix D for NN- RB scripts used in R). The researcher sets the 

number of hidden neurons (layers) to one (1) to train the model. However will repeat 

constructing the training model for 3 hidden neurons, and then 5 hidden neurons to find 

the most accurate RB with Backtracking model. The plot of fitted model constructed with 

one (1) hidden neurons is depicted in Figure 4- 7. The plot gives a visual perspective on 

the NN network, and provides an overview of the model. It is observed that Unit Age has 

the highest weight (0.63409) among all the independent variables. It takes 59323 steps, 
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with 1 hidden layer mechanism, to come up with result, and number of errors are ~55. 

The next step is to predict the procurement lifetime of Navy’s C4I electronic units with 

the train data, and then with test data to validate the accuracy of the model. This is done 

with using the “compute” function, and the “rprop plus” model   (See Appendix D for 

NN-RB prediction scripts used in R). The R-Squared results of prediction algorithm, 

leveraging RB with Backtracking models, constructed repeatedly with 1, 3, and 5 hidden 

neurons are reflected in Table 4- 12. 

Resilient Backpropagation (RB) without Backtracking. The model is 

constructed and then fitted for the training set using NN’s “neuralnet” function and the 

“rprop minus” algorithm (See Appendix D for NN-RB scripts used in R). The researcher 

  

Figure 4- 7. Resilient Backpropagation with Backtracking (1 hidden neurons) 

Table 4-12. NN RB with Backtracking Model Prediction Accuracy Result 
 

Validation Data 1 Hidden neurons 3 Hidden neurons 5 Hidden neurons 

R-squared 0.5648861 0.4913412 0.2382818 
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sets the number of hidden neurons (layers) to one (1) to train the model. However will 

repeat constructing the training model for 3 hidden neurons, and then 5 hidden neurons to 

find the most accurate RB without Backtracking model. The plot of fitted model 

constructed with one (1) hidden neurons is depicted in Figure 4- 8. The plot gives a visual 

perspective on the NN network, and provides an overview of the model. It is observed 

that Unit Age has the highest weight (0.54256) among all the independent variables. It 

takes 18078 steps, with 1 hidden layer mechanism, to come up with result, and number of 

errors are 54.813312. The next step is to predict the procurement lifetime of Navy’s C4I 

electronic units with the test data to validate the accuracy of the model. This is done with 

using the “compute” function, and the “rprop plus” model   (See Appendix D for NN-RB 

prediction scripts used in R). The R-Squared results of prediction algorithm, leveraging 

RB with Backtracking models, constructed repeatedly with 1, 3, and 5 hidden neurons are 

reflected in Table 4- 13. 

  

Figure 4- 8. Resilient Backpropagation without Backtracking (1 hidden neurons) 
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Smallest Learning Rate (SLR). The model is constructed and then fitted for the 

training set using NN’s “neuralnet” function and the “slr” algorithm (See Appendix D for 

NN-SLR scripts used in R). The researcher sets the number of hidden neurons (layers) to 

one (1) to train the model. However will repeat constructing the training model for 3 

hidden neurons, and then 5 hidden neurons to find the most accurate SLR model. The 

plot of fitted model constructed with one (1) hidden neurons is depicted in Figure 4- 9. 

The plot gives a visual perspective on the NN SLR, and provides an overview of the 

model. It is observed that Unit Age has the highest weight (0.59124) among all the 

independent variables. It takes 9944 steps, with 1 hidden layer mechanism, to come up 

with result, and number of errors are 54.906663. The next step is to predict the 

Table 4- 13. NN RB without Backtracking Model Prediction Accuracy Result 
 

Validation Data 1 Hidden neurons 3 Hidden neurons 5 Hidden neurons 
R-squared 0.5077665 0.4897861 0.31136955 

 

  

Figure 4- 9. Smallest Learning Rate (1 hidden neurons) 
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procurement lifetime of Navy’s C4I electronic units with the test data to validate the 

accuracy of the model. This is done with using the “compute” function, and the “slr” 

model   (See Appendix D for NN-SLR prediction scripts used in R). The R-Squared 

results of prediction algorithm, leveraging RB with Backtracking models, constructed 

repeatedly with 1, 3, and 5 hidden neurons are reflected in Table 4- 14. 

Summary of Neural Network Modeling Results. The R-Square of most 

accurate RB with Backtracking, RB without Backtracking and SLR models are depicted 

in Table 4- 15. As observed, the RB with Backtracking model had the highest accuracy in 

predicting procurement lifetime of Navy’s C4I electronic units. 

4.4.3 K-Nearest Neighbor (KNN) 

 KNN offers a non-parametric way of estimating the response variable. The researcher 

construct the KNN model in R software, leveraging “caret” package and “repeatedcv” 

function (See Appendix E for KNN scripts used in R). The candidate predictors are unit 

age, configuration and reliability data. There are a total of 321 observations of 

obsolescence cases. The researchers splits the data randomly into training set and test set 

with ratio of 70 percent (225 observations) to 30 percent (96 observations). The 

researcher attempts to standardize the procurement lifetime and all of the independent 

Table 4-14. SLR Model Prediction Accuracy Result 
 

Validation Data 1 Hidden neurons 3 Hidden neurons 5 Hidden neurons 
R-Squared 0.5464699 0.5155401 0.4802437 

 

Table 4-15. Neural Network Models Prediction Accuracy Result 
 

Validation 
Data 

RB with 
Backtracking  

(1 hidden neurons) 

RB without 
Backtracking 

(1 hidden neurons) 

SLR 
(1 hidden neurons) 

R-Squared 0.5648861 0.5077665  0.5464699 
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variables using R standard scaling method, prior to dividing the data into training set and 

test set. R standard method for standardization is based on calculating z-score which 

deducts mean from each variable, and then divide it by standard deviation. 

KNN for Regression. The control variables for constructing the KNN is the 

“trainControl” from caret package and the method used is “repeadtedcv”. The researcher 

sets the value for Resampling to be 10 folds, and Cross-validation uses a repeat value of 

3. The fitted model is constructed for training set with “knn”, and data gets normalized in 

fit model (See Appendix E for KNN scripts used in R). The model performance is plotted 

in Figure 4-10. The plot shows for various values of k what the accuracy values are. We 

can observe for ~ 5 K neighbors the R-Squared, which is the accuracy value was optimal, 

and that is the final value used for the model. The next step is to use the fit model to 

predict the procurement lifetime of Navy’s C4I electronic units with the test data, and 

validate the accuracy of the model. This is done with using the “predict” function (See 

  

Figure 4-10. KNN Model Performance 
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Appendix E for KNN prediction scripts used in R). The accuracy results of prediction 

algorithm, leveraging KNN model is around 45 percent. 

Summary of K-Nearest Neighbor Results. The accuracy results of prediction 

algorithm, leveraging KNN model is reflected in Table 4- 16. 

4.4.4 Summary of LC Support Obsolescence Prediction Models Results 

The R-Square of most accurate Random Forest, Neural Network, and K Nearest 

Neighbor algorithms are depicted in Table 4- 17. As observed, the Random Forest QRF 

Model (50 Percentile) had the highest accuracy in predicting procurement lifetime of 

Navy’s C4I electronic units. 

4.5 Cost Avoidance Benefits of Predicting the Procurement Lifetime 

 The researcher assesses the cost avoidance benefits of proactive obsolescence 

management which is enabled by predicting procurement lifetime of Navy’s C4I 

electronic units, with a case study. Obsolescence Case: Navy’s C4I system RADAR Line 

Replacement Units (LRUs) are critical Configuration Items (CIs) within Command and 

Control (C2) subsystem. It utilizes three types of x86 based computer systems: 1) Radar 

Signal Processor (RSP); 2) Radar Processing Simulator (RPS); and 3) Composite Tracker 

Table 4- 16. KNN Model Prediction Accuracy Result 
  

RMSE R-Squared MAE 
R-Squared 1684.277 0.4071122 1295.01 

 

Table 4- 17. Obsolescence Prediction Models Accuracy Results 
  

Random Forest 
QRF Model 

 (50 Percentile) 

Neural Network 
RB with 

Backtracking  
(1 hidden neurons) 

K-Nearest Neighbor 

R-Squared 0.597584 0.5648861  0.4071122 
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(CT). Figure 4-11 provides a perspective on the Radar‘s computer equipment’s models. 

The interface from the radar LRUs to the C2 servers is via the Common Radar 

Information Communication (COMRIC) software. The fielded version of the COMRIC 

Software interface is v6.12. The deployed C2 RADAR equipment is generation ‘A’, 

which is no longer sold nor serviceable. Generation ‘B’ units are no longer available for 

purchase, but can be repaired. Generation ‘C’ units are available for purchase until 

8/1/2024, but these units use a newer Common Radar Information Communication 

(COMRIC) software, which needs to go through verification & validation (V&V) before 

deployment. The logistics Information for C2 RADAR equipment including Mean Time 

between Failures (MTBF) is shown in Table 4-18. The predicted EOS dates in Table 4-18 

were calculated based on Equation 3-7 in chapter 3, which requires an estimate for 

procurement lifetime and introduction date. The procurement lifetime of C2 Radar 

equipment depicted in Table 4-18 were predicted by leveraging Random Forest QRM 

model that was trained with using 225 cases of obsolescence, and validated with 96 cases. 

 

Figure 4-11. RADAR Equipment 
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The accuracy of Random Forest QRM model was ~60 percent. However, when predicted 

the procurement lifetime of C2 Radar “Generation A” equipment, the accuracy of 

prediction was 100 percent. Navy is planning to start a modernization program for all C4I 

subsystems in 01 October 2021. Any upgrades to the system prior to planned 

modernization date is considered to be an un-scheduled technical refresh. GDIT subject 

matter experts (SMEs) estimate that the modernization effort could take two (2) years to 

be completed and deployed to environment. The cost avoidance benefit of predicting 

procurement lifetime of Navy’s C4I electronic units will be assessed by comparing the 

cost of proactive logistical solution, which is through provisioning, with the cost of an 

reactive engineering solution, which is through technical refresh. Equation 3-18 in 

Chapter 3, shows how the cost avoidance benefit is calculated. 

4.5.1 Proactive Logistics Solutions Cost Assessment 

The logistics solutions cost assessment is performed in two layers, which are 

based on two different methods for assessing the stock-level requirement: a) GDIT’s 

provisioning assumption method; and b) Poisson reliability method. The sustainment risk 

window as shown in Equation 3- 8 in Chapter 3, is from Predicted EOS date of C2 

Table 4-18. C2 RADAR “Generation A” Equipment Logistics Information 
 

 Step1 
Section 

3.7.1 

Step 2 
Section 

3.7.1 

GDIT Provided Data 

 
Predicted 

Procurement 
Lifetime 

Predicted 
EOS 

Deployed Spares 
MTBF 

Market 
Value 

Model 116A 
RSP 

4079 8/1/2017 30 2 785084 $81,590 

Model 142A 
RSP 

4079 8/1/2017 7 0 0 $65,222 

Model 633A 
CT 

4079 8/1/2017 16 1 1239174 $70,600 
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RADAR equipment to scheduled modernization completion date of 01 October 2023 

which was forecasted by GDIT’s SMEs. Therefore, the sustainment risk window, stock 

level Logistics Window or Replenishment Time (𝑇ோ) is calculated as: 

 Step 3 in Section 3.7.1 - Sustainment Risk Window: Modernization Completion 

Date (10/01/2023) – Predicted EOS Date (08/01/2017) = ~ 6 years. 

The sustainment logistics window will be used to estimate the stock-level requirement 

using Poisson reliability model reflected in Equation 3- 9 in Chapter 3, section 3.7.1. 

GDIT’s 10% Method. GDIT’s current sparing practice is to maintain a stock-

level that is equal to 10% of number of deployed units, once the EOS date is published. 

The estimate in Table 4-19, reflects GDIT’s current method to estimate the required stock 

level for RADAR equipment that is needed to sustain the C2 subsystem until completion 

of modernization effort. This estimate was shown in Equation 3- 8 in Chapter 3. 

 Step 4a in Section 3.7.1 - Number of Spares required (GDIT 10% Method) is: 

Number of Deployed Units x 10% 

Table 4-19. C2 RADAR “Generation A” Stock Level Requirement Estimate 
(GDIT 10% Method) 

 
 GDIT Provided Data Step 4a 

Section 
3.7.1 

Step 5 
Section 3.7.1 

 
Deployed Number of 

Spares 
Available 

Number of 
Spares 

Required 

Stock Level 
Shortage/Overage 

Model 116A 
RSP 

30 2 3 (1) 

Model 142A 
RSP 

7 0 1 (1) 

Model 633A 
CT 

16 1 2 (1) 
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 The Stock Level Shortage, or Stock Level Overage estimate in Table 4-19, reflects 

Equation 3-10 in Chapter 3. 

 Step 5 in Section 3.7.1 - The Stock Level Shortage (), or Stock Level Overage is: 

Number of Spares Required – Number of Spares Available. 

Proactive Logistics Solutions Cost (GDIT 10% Method). As observed in Table 

4-19 Stock Level Shortage column, if the program would have bought one (1) spare for 

each one of C2 RADAR equipment prior to EOS date, then could potentially mitigate the 

risk of stock-level shortage. The total cost of proactive logistics solution for C2 RADAR 

equipment, based on GDIT’s 10% method is reflected in Table 4-20 using Equation 3-11 

in Chapter 3.  This estimate was done by leveraging Equation 3-11 in Chapter 3: 

 Step 6 in Section 3.7.1 – Proactive Logistics Solutions Cost: Stock-Level 

Shortage * LRU Cost 

 As observed in Table 4- 20, the Total Proactive Logistics Solutions cost based on 

GDIT’s 10% method was $217,412. 

Table 4-20. C2 RADAR “Generation A” Proactive Logistics Solution Cost 
(GDIT 10% Method) 

 
 Table 4-9 GDIT Data Step 6 Section 

3.7.1  
Stock Level 

Shortage 
Market Value Proactive 

Logistics 
Solution Cost 

Model 116A RSP 1 $81,590 $81,590 
Model 142A RSP 1 $65,222 $65,222 
Model 633A CT 1 $70,600 $70,600 
Total Proactive 
Logistics Solution 
Estimated Cost 
(GDIT 10% 
method)  

  $217,412 
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Poisson Process Method. The researcher is taking into account the C2 RADAR’s 

equipment reliability that is modeled by Poisson process to forecast the stock level that is 

required to cover the logistics window. The estimate in Table 4-21, reflects Poisson 

Reliability method to estimate the required stock level for RADAR equipment that is 

needed to sustain the C2 subsystem until completion of modernization effort. This 

estimate was shown in Equation 3- 9 in Chapter 3: 

 Step 4b in Section 3.7.1 - Number of Spares required to keep in Inventory takes 

into account Mean Time between Failures (MTBF), number of unit’s deployed, 

logistic window, and using Equation 3- 9 in chapter 3 estimates number of 

required spares (S) that are close to 95 percent probability. This estimate was 

performed in excel. Detail calculation is reflected in Appendix F.  

The Stock Level Shortage, or Stock Level Overage estimate in Table 4-21, reflects 

Equation 3-10 in Chapter 3. 

 Step 5 in Section 3.7.1 - The Stock Level Shortage (), or Stock Level Overage is: 

Number of Spares Required – Number of Spares Available 

Table 4-21. C2 RADAR “Generation A” Stock Level Requirement Estimate 
(Poisson Reliability Method) (Logistic Window: 6 Years) 

 
 GDIT Provided Data Step 4b 

Section 
3.7.1 

Step 5 
Section 3.7.1 

 
Deployed 

N 
 

Number of 
Spares 

Available 

MTBF 

(1/ ) 

Number of 
Spares 

Required 

Stock Level 
Shortage/ 
Overage 

Model 
116A RSP 

30 2 785084 5 (3) 

Model 
142A RSP 

7 0 0 0 0 

Model 
633A CT 

16 1 1239174 3 (2) 
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 Proactive Logistic Solutions Cost (Poisson Method). As observed in Table 4-21 

Stock Level Shortage column, if the program would have bought three (3) spares for 

Model 116A RSP, and two (2) spares for Model 633A CT of C2 RADAR equipment 

prior to EOS date, then could potentially mitigate the risk of stock-level shortage. The 

total cost of proactive logistics solution for C2 RADAR equipment, based on Poisson 

reliability method is reflected in Table 4-22 using Equation 3-11 in Chapter 3.  This 

estimate was done by leveraging Equation 3-11 in Chapter 3. This estimate was done by 

leveraging Equation 3-11 in Chapter 3: 

 Step 6 in Section 3.7.1 – Proactive Logistics Solutions Cost: Stock-Level 

Shortage * LRU Cost 

 As observed in Table 4- 22, the Total Proactive Logistics Solutions cost based on 

Poisson reliability method was $385,970. 

4.5.2 Reactive Engineering Solutions Cost 

The engineering solutions cost assessment is performed in two layers, which are 

based on two different methods for assessing the stock-level requirement: a) GDIT’s 

provisioning assumption method; and b) Poisson reliability method. Following the steps 

Table 4-22. C2 RADAR “Generation A” Proactive Logistics Solution Cost 
 (Poisson Reliability Method) (Logistic Window: 6 Years) 

 
 Table 4-21 GDIT Data Step 6 Section 

3.7.1  
Number of Spares 
Required to Buy 

Market Value Provisioning 
Cost 

Model 116A RSP 3 $81,590 $244,770 
Model 142A RSP 0 $65,222 $0 
Model 633A CT 2 $70,600 $141,200 
Total Proactive 
Logistics Solution 
Estimated Cost 

  $385,970 
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reflected in Figure 3- 4 in Chapter 3 for Reactive Engineering Solution Cost Assessment 

Process. According to GDIT, the technical refresh effort started on 01/30/2019, and took 

eight (8) months to complete. The Reactive Engineering Completion Date (RECD) for 

finding and qualifying a substitute replacement for C2 RADAR equipment is calculated 

as: 

 Step 2 in Section 3.7.2 – RECD: Tech Refresh Start Date +Tech Refresh Duration 

= 01/30/2019 

The reactive sustainment risk window (RSRW) as shown in Equation 3-13 in 

Chapter 3, is from reactive engineering completion date to scheduled modernization 

completion date of 01 October 2023 which was calculated as 01/30/2019. Therefore, the 

reactive sustainment risk window, Logistics Window for substitute replacement, or 

Replenishment Time (𝑇ோ) is calculated as: 

 Step 3 in Section 3.7.2 – RSRW: Modernization Completion Date (10/01/2023) – 

Reactive Engineering Completion Date (09/30/2019) = ~ 4 years.    

 The sustainment logistics window will be used to estimate the stock-level 

requirement using Poisson reliability model reflected in Equation 3-15 in Chapter 3, 

section 3.7.2. 

Technical Refresh Cost. The researcher will use GDIT’s estimate for performing 

reactive engineering tech refresh, including labor hours, labor rates. The A unit COMRIC 

(v6.12) is not available for the substitute C units.  Consequently substitute C units cannot 

directly replace the A units that are deployed. To utilize substitute C units on the 

network, several engineering activities need to be accomplished. These activities, along 

with equipment for testing, engineering resources, estimated engineering labor hours, 
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labor wrap rates, and total estimated cost are depicted in Table 4- 23. This estimate for 

actual cost of Technical refresh to qualify substitute replacements was provided by 

GDIT. 

GDIT’s 10% Method. GDIT’s current sparing practice is to maintain a stock-

level that is equal to 10% of number of deployed units, once the EOS date is published. 

However, in reactive management approach, the 10% rule for stock-level applies to when 

the Discontinuance Notice (DN) is received. The Stock level shortage will be replaced 

with substitute “Generation C” equipment. The estimate in Table 4-24, reflects GDIT’s 

current method to estimate the required stock level for RADAR equipment that is needed 

Table 4- 23. C2 RADAR “Generation C” Technical Refresh Estimated Cost 
 

 GDIT Provided Data   
Equipment 

Cost 
Labor 

Estimate  
Wrap 
Rate  

Estimated 
Cost 

Purchase new C units for  test 
& integration purposes 

 
• Model 116C RSP

 $75,000 
• Model 142C RSP

 $62,222 
• Model 633C CT

 $65,000 

$202,222   $202,222 

Recompile the C2 server 
software Interoperable C4I 
Services (ICS) using the new 
COMRIC header files  
 

 1000 hrs. 
(Software 
Engineer) 

$165 $165,000 

Field-test the C units on the 
network 

 850 hrs. 
(Test 

Engineer) 

$115 $97,750 

Plan and deploy C units  710 hrs. 
(Software 

+ Test 
Engineer) 

$140 $99,400 

Total Technical Refresh 
Estimated Cost 

   $564,372 
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to sustain the C2 subsystem until completion of modernization effort. This estimate was 

shown in Equation 3-14 in Chapter 3. 

 Step 4a in Section 3.7.2 - Number of Spares required (GDIT 10% Method) is: 

Number of Deployed Units (Generation A) x 10% 

The Stock Level Shortage, or Stock Level Overage estimate in Table 4-24, reflects 

Equation 3-16 in Chapter 3. 

 Step 5 in Section 3.7.2 - The Stock Level Shortage (), or Stock Level Overage is: 

Number of Spares Required – Number of Spares Available. 

“Generation C” Substitute Spare Units Cost (GDIT 10% Method). The total 

cost of “Generation C” substitute spare cost for C2 RADAR “Generation A” equipment, 

based on GDIT’s 10% method is reflected in Table 4-25. This estimate was done by 

leveraging Equation 3-17 in Chapter 3: 

 Step 6 in Section 3.7.2 – Substitute Spare Cost: Stock-Level Shortage Quantity * 

Substitute LRU Market Value 

Table 4-24. C2 RADAR “Generation A” Stock Level Requirement Estimate 
(GDIT 10% Method) 

 
 GDIT Provided Data Step 4a 

Section 
3.7.1 

Step 5 
Section 3.7.1 

 
Deployed Number of 

Spares 
Available 

Number of 
Spares 

Required 

Stock Level 
Shortage/Overage 
“Generation C” 

Model 116A 
RSP 

30 2 3 (1) 

Model 142A 
RSP 

7 0 1 (1) 

Model 633A 
CT 

16 1 2 (1) 
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  Reactive Engineering Solutions Cost (GDIT 10% Method). The total cost of 

reactive engineering solution for C2 RADAR equipment, based on GDIT’s 10% method 

is reflected in Table 4-26. This estimate was done by leveraging Equation 3-18 in 

Chapter 3: 

 Step 7 in Section 3.7.2 – Reactive Engineering Solutions Engineering Tech-

Refresh Cost + Substitute Spare Cost  

 As observed in Table 4- 26, the total cost of reactive engineering based on GDIT 10% 

method is: $766,594. 

 GDIT’s Poisson Process Method. The stock level requirement based on 

Poisson reliability model and four years logistic window is shown in Table 4-27. The 

researcher is taking into account the C2 RADAR’s “Generation A” equipment reliability 

Table 4-25. C2 RADAR Generation C” Substitute Spare Units Cost 
(GDIT 10% Method) 

 
 Table 4-24 GDIT Data Step 6 Section 

3.7.1  
Stock Level 

Shortage 
Market Value Proactive 

Logistics 
Solution Cost 

Model 116C RSP 1 $75,000 $75,000 
Model 142C RSP 1 $62,222 $62,222 
Model 633C CT 1 $65,000 $65,000 
Generation C” 
Substitute Spare 
Cost (GDIT 10% 
method)  

  $202,222 

 

Table 4-26. C2 RADAR “Generation C” Reactive Engineering Solution Cost 
(GDIT 10% Method) 

 
Source  

 
Step 7 Section 3.7.2 

Table 4-23 Engineering Tech Refresh Cost $564,372 
Table 4-25 Substitute Spare Units Cost $202,222 

Step 7 Section 
3.7.2 

Total Reactive Engineering Solution 
Cost (GDIT 10% Method) 

$766,594 
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that is modeled by Poisson process to forecast the stock level that is required to cover the 

reactive engineering new risk window shown in Figure 3- 3 in Chapter 3. The estimate in 

Table 4-27, reflects Poisson Reliability method to estimate the required stock level for 

RADAR equipment that is needed to sustain the C2 subsystem until completion of 

modernization effort. This estimate was shown in Equation 3- 15 in Chapter 3: 

 Step 4b in Section 3.7.2 - Number of Spares required takes into account the Mean 

Time between Failures (MTBF), number of unit’s deployed, logistic window, and 

using Equation 3- 15 in chapter 3 estimates number of required spares (S) that are 

close to 95 percent probability. This estimate was performed in excel. Detail 

calculation is reflected in Appendix F.  

 The Stock Level Shortage, or Stock Level Overage estimate in Table 4-27, reflects 

Equation 3-16 in Chapter 3. 

 Step 5 in Section 3.7.2 - The Stock Level Shortage (): Number of Spares Required 

– Number of Spares Available.  

Table 4-27. C2 RADAR “Generation C” Stock Level Requirement Estimate 
(Poisson Reliability Method) (Logistic Window: 4 Years) 

 
 GDIT Provided Data Step 4b 

Section 
3.7.2 

Step 5 
Section 

3.7.2  
Deployed 

N 
 

Number of 
Spares 

Available 

MTBF 

(1/ ) 

Number of 
Spares 

Required 

Stock Level 
Shortage/ 
Overage 

Model 
116A RSP 

30 2 785084 4 (2) 

Model 
142A RSP 

7 0 0 0 0 

Model 
633A CT 

16 1 1239174 2 (1) 
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“Generation C” Substitute Spare Units Cost (Poisson Method). The total cost 

of “Generation C” substitute spare cost for replacing C2 RADAR “Generation A” 

equipment, based on Poisson method is reflected in Table 4-28. This estimate was done 

by leveraging Equation 3-17 in Chapter 3: 

 Step 6 in Section 3.7.2 – Substitute Spare Cost: Stock-Level Shortage Quantity * 

Substitute LRU Market Value 

 As observed in Table 4-28, the total estimated spare units cost of C2 RADAR 

“Generation C”, applying Poisson method is $215,000.  

Reactive Engineering Solutions Cost (Poisson Method). The total cost of reactive 

engineering solution for C2 RADAR equipment, based on Poisson method is reflected in 

Table 4-29. This estimate was done by leveraging Equation 3-18 in Chapter 3: 

Table 4-28. C2 RADAR “Generation C” Estimated Substitute Spare Cost 
 
 

 Table 4-27 GDIT Data Step 6 Section 3.7.2  
Stock level Shortage 

(Poisson Method 
Market 
Value 

Substitute Spare 
Cost 

(Poisson Method 
Model 116C RSP 2 $75,000 $150,000 
Model 142C RSP 0 $62,222 $0 
Model 633C CT 1 $65,000 $65,000 
Total Estimated 
Substitute Spare 
Cost 

  $215,000 

 

Table 4-29. C2 RADAR “Generation C” Reactive Engineering Solution Cost 
(GDIT Poisson Method) 

 
Source  

 
Step 7 Section 3.7.2 

Table 4-23 Engineering Tech Refresh Cost $564,372 
Table 4-28 Substitute Spare Units Cost $215,000 

Step7 Section 
3.7.2 

Total Reactive Engineering Solution 
Cost (GDIT 10% Method) 

$779,372 

 



101 
 

 

 

As observed in Table 4- 29, the total cost of reactive engineering cost based on Poisson 

probability method is engineering cost is $779,372 (Poisson Process). 

4.5.3 Cost Avoidance Assessment Results 

The cost avoidance of proactive logistics solution enabled by predicting 

procurement lifetime using Equation 3- 19 in Chapter 3, is depicted in Table 4-30 when 

applying GDIT 10% method. 

 Step 8 in Section 3.7.3 – Reactive Engineering Solutions Engineering Tech-

Refresh Cost  (RESC) – Proactive Logistics Solution Cost (PLSC) 

 The cost avoidance of reactive engineering solution using Equation 3-19 in 

Chapter 3, is depicted in Table 4-31 when applying Poisson reliability method.  

Table 4-31. Cost Avoidance Estimate (Poisson Reliability Method) 
 

Source  
 

Estimated Cost 
Table 4-22 C2 RADAR “Generation A” Logistics Solution  

(Poisson Reliability Method) 
$385,970 

Table 4-29 C2 RADAR “Generation C” Engineering 
Solution 
(Poisson Reliability Method) 

$779,372 

Step 8 – 
Section 3.7.3 

Cost Avoidance Estimate (Poisson Reliability 
Method) 

$393,402 

Table 4-30. Cost Avoidance Estimate (GDIT Method) 
 

Source 
 

Estimated Cost 
Table 4-20 C2 RADAR “Generation A” Logistics Solution  

(GDIT Method) 
$217,412 

Table 4-26 C2 RADAR “Generation C” Engineering 
Solution 
(GDIT Method) 

$766594 

Step 8 – 
Section 3.7.3 

Cost Avoidance Estimate (GDIT Method) $549,182 
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 Step 8 in Section 3.7.3 – Reactive Engineering Solutions Engineering Tech-

Refresh Cost  (RESC) – Proactive Logistics Solution Cost (PLSC) 

4.6 Summary of Results 

As planned in Chapter 3, after calculating the values pertaining to reliability, age, 

and procurement lifetime, researcher selected the candidate variables for finding the most 

significant predictors of Navy’s C4I Unit’ obsolescence, and predicting the procurement 

life time of Navy’s C4I Unit’s.  

Hypothesis #1 - Most Significant Predictors of Obsolescence (H1). Two 

statistical methods were used to assess the most significant predictors of Navy’s C4I 

Unit’s obsolescence: 1) MLR model, using a stepwise selection of variables by backward 

elimination; and 2) RF machine learning algorithms. The result of MLR model indicated 

that five (5) out of nine (9) candidate variables were correlated to procurement lifetime of 

electronic units in SD systems with statistical significance summarized in Table 4-32. 

However, based on the Pr (>|t|), we can observe that Unit Age has significantly 

dominated the other four (4) predictor variables. The result of RF Machine Learning 

Algorithm indicated the most significant five (5) out of nine (9) candidate variables were 

correlated to procurement lifetime with Importance Points depicted in Figure 4-12. It is 

Table 4-32. Most Significant Predictors of Obsolescence (MLR Model) 
 

Predictors Pr (>|t|)  
Manufacturer 0.000215 *** 
Categorization Tier2 0.014304 * 
Market Value 0.001694 ** 
TT per Unit 0.218974  
Unit Age < 2e-16   *** 
 
Note: Multiple R-squared:  0.4257299 
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observed that Unit Age has dominated the other four (4) predictor variables by 69 

percent. The statistical values related to the most significant predictor of electronic unit’s 

procurement lifetime in SD systems indicate there are significant evidence to reject the 

null hypothesis.  

Hypothesis #2 - A Machine Learning Based Prediction Model (H2). Three 

machine learning based prediction models were assess to find the most accurate 

algorithm to forecast procurement lifetime of electronic units in SD systems: 1) Random 

Forest; 2) Neural Network; 3) K-Nearest Neighbor. The result as shown in Figure 4-13 

indicates Random Forest QRF Model algorithm with R-Squared of 0.597584 has the 

highest accuracy than the Original Equipment Manufacturers (OEMs) quotes of 58.7% 

accuracy (Gaintner, 2007; Sandborn et al., 2011). The statistical values related to the 

accuracy of a machine learning based prediction model of electronic unit’s procurement 

lifetime in SD systems indicate there are significant evidence to reject the null 

hypothesis. 

 

Figure 4-12. Most Significant Predictors of Obsolescence (RF Model) 
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Hypothesis #3 – Cost Avoidance Benefits (H3). Two logistical solution methods 

of provisioning where compare to engineering un-scheduled technical refresh solution to 

decide on the cost avoidance benefit of a proactive obsolescence management enabled 

with capability to forecast procurement life of electronic units in SD systems: 1) GDIT’s 

Provisioning Assumption; 2) Poisson Reliability Model. The result as shown in Figure 4-

14 indicates, regardless of which provisioning method in use, benefit of logistical 

 

Figure 4-13. Machine Learning Prediction Models Accuracy Spectrum 

 

Figure 4-14. Cost Avoidance Benefits 
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solutions enabled by knowing the estimated obsolescence EOS date is reflected in cost 

avoidance. The estimated benefits related to logistical solutions of using proposed 

machine learning method of predicting procurement lifetime of electronic units in SD 

systems indicate there are significant evidence to reject the null hypothesis. 

4.7 Summary 

This chapter focused on the results from obsolescence data obtained from GDIT.  

The data from GDIT consists of obsolescence, configuration, and reliability data. The 

statistical analysis for finding the significant predictor of obsolescence, and predicting 

procurement lifetime of Navy’s C4I electronic units indicated that machine learning 

algorithms could be used to forecast obsolescence of SD systems. Cost avoidance 

benefits of proactively managing obsolescence was demonstrated by leveraging a Navy 

obsolescence case study, and the results were in favor of proactive obsolescence 

management which is enabled by prediction of obsolescence procurement lifetime.  
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Chapter 5—Discussion and Conclusions 

5.1 Introduction 

 The discussion in this chapter will address the importance of estimating the 

obsolescence End of Sale (EOS) date of electronic units in sustainment-dominated (SD) 

systems, and proactively managing the obsolescence risks of program. Accurate 

estimation depend on the method used. Knowing the procurement lifetime of Navy’ C4I 

electronic units can enable effective and efficient sustainment of systems. Research 

questions as previously stated in Chapter 1 will be addressed in this chapter, leading to 

the overall conclusion of this study.  This chapter will also discuss the implications with 

predicting the obsolescence EOS date such as the data variability, small sample size, and 

the lack of accessibility to data due to confidentiality agreements.  Aside from showing 

the challenges, the researchers will discuss the possible ways the study could be 

improved. The researchers will also make recommendations to other researchers who are 

planning to execute similar studies in the future. The recommendations will be based on 

imperfections and obstacles the researchers had faced while conducting this study.   

5.2 Discussion 

Before starting to discuss the findings through the course of this research, it is 

necessary to reiterate that the purpose and objective of predicting procurement lifetime of 

military electronics Line replacement Units (LRUs) is to mitigate the risk of obsolescence 

before it become an issue impacting operational readiness. Military is suffering from 

sustainment costs due to diminishing electronic LRUs that are impacted by obsolescence. 

Long-term prediction enable proactive and strategic lifecycle planning for sustaining the 

subsystem.  Proactive OM is about influencing obsolescence before it is realized. 
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Commercially available tools have gained some level of success in monitoring the 

obsolescence date of electronics components; but not in forecasting the obsolescence of 

military LRUs. Military programs and their DMSMS contractors are more concerned 

with obsolescence issues at LRU level. Monitoring the availability of LRUs could be 

achieved by contacting the manufacturers or suppliers; however, it requires massive 

amount of personnel. Besides, manufactures and suppliers are under no obligation to 

forecast a date, and when they do it is only 58.7 percent accurate (Gaintner, 2007; 

Sandborn et al., 2011). 

Is there any correlation between lifecycle support sustainment data and 

obsolescence of electronic units in SD systems? The Navy’s C4I lifecycle support 

sustainment attributes including configuration, reliability, and age are all correlated to 

obsolescence of electronic units. This was demonstrated in Chapter 4, section 4.3.1 

leveraging Multiple Linear Regression. The researcher considered all attributes and 

iteratively eliminated least correlated variables, one at a time. Although it refined the 

MLR model in a stepwise fashion; but, the R-square got slightly lower with each 

backward elimination. The PRESS R-squared value of the initial model, considering all 

variables was 0.4257311; and after eliminating 3 out of 9 variables that were least 

correlated to procurement lifetime, the PRESS R-squared value was up to 0.430845. 

However, when the 4th variable that was least correlated to the procurement lifetime was 

removed, the PREES R-squared went down to 0.4257299. It showed that 6 out of 9 

candidate variables were important in the MLR prediction model. The other observation 

was when 5th variable was removed the model failed the Shapiro-Wilk’s test for 

normality. This indicated that the model could not be refined to predict with less 
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variables. It has been suggested that the age of electronics is not necessarily a factor in 

determining what gets obsoleted (Carbone, 2003). However, the results of MLR and RF 

machine learning assessment both indicated that age is the most significant factor in 

predicting the obsolescence of the Navy’s C4I electronic units. Another interesting 

observation was the result of MLR model, suggesting reliability factors such as number 

of Trouble Tickets are considered among the top significant contributors of obsolescence, 

which make the concept of force obsolescence mentioned by Allison, 2014 and Mirsa, 

2008 irrelevant in case of Navy’s C4I LRUs.    

Is it possible to build an obsolescence prediction model using manufacturer, 

unit categorization, market value, reliability data, and unit age for electronic units 

in SD systems? The researcher build several models using lifecycle support sustainment 

data for electronic units in SD systems, and leveraging machine learning algorithms, as 

presented in Chapter 4, section 4.4. The researcher’s goal was to present an obsolescence 

forecasting model that had an accuracy level close or even higher than manufacturer’s 

estimate of 58.7 percent. Let’s don’t forget that there are no commercial models available 

that can forecast the obsolescence of military systems at LRU level, without contacting 

the manufacturer. Although the R-Squared accuracy spectrum in Chapter 4, Figure 4-13 

shows the Random Forest – QRF has verified accuracy of ~60 percent, GDIT provided 

data did not include all of Navy’s C4I LRUs. Hypothetically, if RF-QRF algorithm is 

able to forecast the procurement life time of LRUs for C4I programs, then most likely, 

operational availability will increase and sustainment costs will decrease. This is 

assuming that better-informed tradeoff solutions are recommended to military. 
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Is there any cost avoidance benefits if this research is successful? This 

research presented machine learning methodologies for constructing algorithms that 

could be used to forecast the obsolescence dates of military’s electronic units at LRU 

level. The method was based on the calculation of procurement lifetime using 

repositories of historical obsolescence events. The methodology was demonstrated on a 

range of different Navy’s C4I electronic units. The majority of DMSMS obsolescence 

management today is reactive in nature (Sandborn et al., 2011). The military’s 

obsolescence issues in reactive approach are resolved by unscheduled technical refreshes. 

The machine learning methodologies in this research have the potential to enable 

proactive and strategic management approaches. Proactive analysis of obsolescence cost 

avoidance is possible if the EOS date and the risk period is known. Calculating the risk 

period is only possible if EOS date of LRUs are predicted. The proposed machine 

learning model will make it possible to calculate the risk period. GDIT’s current sparing 

practice is to maintain a stock-level that is equal to 10% of number of deployed units, 

once the EOS date is published. The proposed machine learning model will identify a 

provisioning risk that triggers further investigation before it becomes an issue. The cost 

avoidance benefits of predicting the procurement lifetime was demonstrated in Chapter 4 

of this research, and summarized in section 4.6. The assumption was that there is no cost 

associated for the machine learning tool that predicts the obsolescence of LRUs. 

Monitoring the availability of LRUs may be achieved by contacting the manufacturers or 

suppliers; however, it requires massive amount of personnel that could potentially offset 

the cost avoidance benefits.  The use of machine learning algorithms such as Quantile 
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Random  Forest (QRF) with accuracy level of equal or greater than ~60 percent in 

forecasting obsolescence EOS date could potentially result in cost avoidances. 

5.3 Conclusions 

 The statistical values related to the most significant predictor of electronic unit’s 

procurement lifetime in sustainment-dominated systems indicate there are significant 

evidence to accept that configuration, reliability, and unit age are significant factors in 

obsolescence of Navy’s C4I electronic units.  

 The statistical values related to machine learning algorithms indicate that Random 

Forest QRF has higher accuracy than manufacturer’s quotes of obsolescence End of Sale 

(EOS) date. This praxis achieved to exceed the accuracy of manufacturer’s quote by one 

(1.06) percent. 

 The case study related to cost avoidance benefits of predicting procurement 

lifetime of Navy’s C4I electronic units using machine learning algorithms shows there 

are potential cost avoidance benefits. 

5.4 Contributions to Body of Knowledge  

Currently, there exist a very few articles with research pertaining to a) use of machine 

learning algorithms in predicting obsolescence of electronics items; b) prediction of 

obsolescence risk at Line Replacement Unit (LRU) level. Many of the commercial 

obsolescence tools predict electronics obsolescence at component level, however, none 

present the uncertainty estimates of their prediction. The main discoveries of this research 

are: 

1. Machine learning algorithms can be utilized as a tool to monitor procurement 

lifetime of military’s electronic units in SD systems; and assess the accuracy of 
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the model, so that military decision makers can make a better-informed tradeoff 

decision in mitigation of obsolescence risk.  

2. Proactive and strategic approach to obsolescence management of SD systems 

could potentially result in cost avoidance benefits. Particularly, if enabled with 

machine learning algorithms capable of forecasting the obsolescence of 

electronics items at LRU level. Note that monitoring the availability of LRUs may 

be achieved by contacting the manufacturers or suppliers; however, it requires 

massive amount of personnel that could potentially offset the cost avoidance 

benefits.   

5.5 Recommendations for Future Research 

There were several lessons learned from process of collecting data and 

performing assessment. The first lesson learned is about industry benchmarking data. The 

researcher thought finding the data through GDIT could provide adequate insight into 

Navy’s historical obsolete C4I electronic units. This didn’t appear to have been the case, 

as the sample size did not include all of the Navy’s C4I LRUs due to confidentiality 

agreements. The recommendation to future researchers is to find or purchase bigger 

sample size of obsolescence related data from benchmarking organizations prior to 

performing analysis. Consider different sustainment-dominated systems, and repeat the 

machine learning algorithms. 

The second lesson learned is that researcher did not consider the subsystem that 

the LRUs belong to or the environment that the LRUs reside, for example, land sites 

versus ships, or versus airplanes. The recommendation is to find if the subsystem or the 
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deployed environment are significant predictors of obsolescence, and consider other 

variables that might me correlated to procurement lifetime of electronic LRUs. 

5.6 Summary 

Many researchers have agreed, the process of forecasting obsolescence should be 

based on market research, and predictive tools. Machine-learning algorithms can be used 

to develop a predictive model capable of making inferences about procurement lifetime 

of electronic LRUs. Obsolescence predictions are important in finding the risks in early 

stages to avoid impact to operational readiness and sustainment cost. The information 

from this research could assist managers, and engineers with decision making and 

sustaining their systems. Improvements can be made by obtaining data from other 

sources with similar systems. The researcher also recommended assessing other variables 

that could potentially improve the accuracy of the machine learning models in forecasting 

obsolescence of electronic LRUs in sustainment-dominated systems.  
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Appendix A: Obsolescence Raw data 
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A1 6/1/1994 8/4/2000 1 2 8 7 5785 20 6 2 14 
A2 5/1/2006 3/1/2015 2 1 8 6 180 3 1 1 1 
A3 1/7/2001 12/1/2010 2 1 8 33 567 4 4 4 19 
A4 10/27/2000 12/1/2014 3 2 3 15 2191 30 115 78 343 
A5 10/27/2007 12/1/2014 3 2 3 15 1601 19 18 18 81 
A6 1/1/2007 2/1/2020 3 2 1 40 32397 25 15 13 84 
A7 3/1/2003 5/1/2006 4 1 8 4 400 30 3 0 0 
A8 7/30/2003 3/21/2008 4 1 8 25 336 33 1 0 2 
A9 7/30/2003 3/21/2008 4 1 8 25 380 73 1 1 2 
A10 7/31/2002 6/23/2010 4 1 8 25 360 331 7 5 102 
A11 7/1/2004 8/1/2018 4 1 8 25 266 14 10 10 137 
A12 2/1/2008 3/1/2015 4 1 4 70 342 1 1 1 8 
A13 10/1/1988 3/1/2015 4 1 4 70 565 15 3 2 7 
A14 6/1/2004 11/1/2006 5 1 4 5 5500 35 1 1 3 
A15 6/1/2004 4/24/2010 5 1 8 7 5125 74 1 1 1 
A16 6/1/2005 7/1/2007 5 1 8 7 5000 79 2 2 72 
A17 6/15/2012 7/28/2017 5 1 8 7 4000 18 4 4 26 
A18 6/1/2000 7/28/2012 5 1 8 7 3000 129 1 1 2 
A19 3/1/2007 1/30/2013 5 1 8 9 28000 30 1 0 0 
A20 3/1/2006 6/1/2013 5 1 8 9 17112 70 2 1 1 
A21 6/1/2003 7/11/2007 5 1 8 9 18000 1 5 3 3 
A22 6/1/2004 7/30/2011 5 1 8 9 25000 2 1 1 11 
A23 4/1/2005 7/30/2011 5 1 8 9 23000 69 1 1 1 
A24 6/1/2004 7/30/2011 5 1 8 9 20000 261 2 1 8 
A25 7/1/2005 1/1/2011 5 1 4 12 64995 20 5 5 6 
A26 6/1/2004 9/25/2012 5 1 4 12 34995 30 1 1 1 
A27 6/1/2004 9/25/2012 5 1 4 12 34995 20 2 2 20 
A28 11/1/2002 11/1/2007 5 1 3 25 495 20 1 0 0 
A29 3/1/2006 12/1/2018 5 1 3 25 495 15 1 0 0 
A30 3/1/2000 3/1/2013 5 1 3 25 500 3 1 1 3 
A31 3/1/2006 8/1/2018 5 1 3 25 800 87 10 7 642 
A32 11/1/2007 8/1/2018 5 1 8 33 900 34 10 9 60 
A33 6/1/2009 4/28/2012 5 1 8 34 1420 19 5 4 4 
A34 6/1/2004 9/30/2010 5 1 8 34 2587 20 3 0 0 
A35 6/1/2004 10/31/2016 5 1 4 44 23436 102 113 79 74 
A36 6/1/2004 11/1/2011 5 1 4 44 11595 6 14 11 7 
A37 6/1/2004 11/1/2016 5 1 4 44 10895 74 4 3 3 
A38 6/1/2004 10/31/2016 5 1 4 44 23436 110 91 91 76 
A39 7/1/2012 4/30/2018 5 1 4 45 12349 70 4 4 12 
A40 6/1/2000 5/1/2005 5 1 4 45 13790 4 3 3 67 
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Appendix A: Obsolescence Raw data (Cont.) 
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A41 1/1/2007 12/31/2011 5 1 4 71 6801 9 2 1 1 
A42 5/1/2000 5/2/2006 5 1 4 71 3804 57 2 2 0 
A43 6/1/2011 7/31/2015 5 1 4 71 2328 147 6 8 4 
A44 6/15/2010 7/31/2015 5 1 4 71 2328 10 1 1 0 
A45 3/1/2006 5/2/2011 5 1 4 71 3804 57 2 1 1 
A46 6/1/2011 7/31/2015 5 1 4 71 3800 13 2 1 1 
A47 3/1/2006 5/2/2011 5 1 4 71 6889 2 0 0 0 
A48 9/1/2013 11/6/2015 5 1 4 71 2309 6 0 0 0 
A49 9/1/2003 9/30/2010 5 1 4 72 33024 28 6 6 4 
A50 3/1/2010 7/1/2015 5 1 4 72 14217 14 1 1 0 
A51 9/1/2000 9/30/2010 5 1 4 73 53263 29 132 75 143 
A52 7/1/2001 1/1/2011 5 1 4 73 64995 15 31 20 38 
A53 9/1/2003 9/30/2010 5 1 4 74 116956 6 11 10 12 
A54 1/1/2000 12/15/2009 5 1 4 74 134777 15 4 4 2 
A55 6/1/2000 12/15/2009 5 1 4 74 134777 15 19 19 34.5 
A56 3/1/2004 12/1/2018 5 1 4 74 138060 19 39 39 37 
A57 9/1/2004 12/1/2016 6 1 3 25 250 1 3 2 15 
A58 7/1/2002 8/1/2005 7 1 3 25 1379 13 2 1 49 
A59 1/1/2004 5/1/2012 8 2 4 13 32509 2 2 1 3 
A60 1/1/2002 9/1/2011 8 2 4 13 20558 20 13 10 46 
A61 1/1/2002 9/1/2011 8 2 4 13 20558 75 44 23 158 
A62 6/1/2003 9/1/2015 8 2 4 13 30000 23 24 19 97 
A63 6/1/2003 3/1/2013 8 2 2 24 361 106 7 6 27 
A64 6/1/2003 2/1/2013 8 1 3 75 41000 6 5 4 47 
A65 1/1/2004 3/1/2013 8 1 3 75 20558 1 2 2 16 
A66 6/1/2006 6/1/2011 9 1 3 25 365 2 0 0 0 
A67 1/1/2010 6/1/2021 9 1 3 32 8000 12 35 32 327 
A68 6/1/2006 6/1/2021 9 1 3 32 8000 12 0 0 0 
A69 3/1/2007 12/1/2011 9 1 4 70 430 7 0 0 0 
A70 6/1/1994 6/30/2000 10 2 5 28 9463 17 1 1 11 
A71 3/1/1990 6/30/2000 10 2 3 32 8465 2 0 0 0 
A72 5/1/2005 1/31/2021 11 1 8 4 210 88 34 23 309 
A73 6/1/2008 12/1/2009 11 1 5 25 1500 3 1 1 1 
A74 3/1/2008 3/1/2020 11 1 5 25 1555 14 5 3 126 
A75 3/1/2007 12/1/2015 12 1 8 25 600 3 4 4 49 
A76 9/1/2000 9/1/2013 13 1 3 25 318 14 1 1 1 
A77 1/1/2010 1/1/2019 14 2 4 12 57156 50 12 8 74 
A78 4/1/2008 8/1/2012 15 1 8 6 1035 14 2 1 2 
A79 3/1/2002 4/1/2016 16 2 5 25 330 8 2 2 3 
A80 6/1/2005 3/1/2017 16 1 5 36 2295 4 4 4 46 
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Appendix A: Obsolescence Raw data (Cont.) 
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A81 1/1/1997 12/31/2017 17 1 8 1 287 27 2 2 38 
A82 7/1/2013 7/1/2021 17 1 3 25 410 30 5 4 125 
A83 1/1/1997 6/1/2015 17 1 3 25 346 32 5 1 125 
A84 1/1/1997 6/1/2015 17 1 3 25 346 27 9 5 11 
A85 6/1/1999 6/1/2014 17 1 3 25 256 14 1 1 1 
A86 6/1/2000 12/1/2008 18 1 8 6 85 60 16 16 71 
A87 1/1/2003 2/1/2004 18 1 7 11 870 10 17 7 38 
A88 6/1/2004 2/1/2007 18 1 7 11 1870 154 5 5 148 
A89 9/14/2006 2/1/2008 18 1 7 11 660 570 208 84 208 
A90 6/1/2005 3/1/2007 18 1 7 11 1535 31 8 1 1 
A91 9/7/2007 3/1/2014 18 1 7 11 470 570 35 8 176 
A92 6/1/2002 6/1/2008 18 1 5 16 400 10 2 2 5 
A93 8/1/2011 4/1/2018 18 1 7 20 1547 88 14 14 197 
A94 1/1/2000 1/1/2007 18 1 7 20 3145 37 66 57 271 
A95 7/25/2007 12/1/2008 18 1 7 20 2788 20 4 4 14 
A96 7/25/2007 12/1/2008 18 1 7 20 2788 161 82 52 140 
A97 8/20/2012 2/1/2018 18 1 7 20 2149 11 4 4 40 
A98 2/1/2006 2/1/2013 18 1 7 20 825 82 27 27 189 
A99 6/1/2012 4/1/2018 18 1 7 20 1189 27 14 14 200 
A100 6/1/2005 8/1/2007 18 1 2 24 240 20 3 3 9 
A101 6/1/2005 9/1/2010 18 1 2 24 200 100 5 5 138 
A102 12/1/2007 6/1/2008 18 1 5 26 194 343 1 1 1 
A103 12/1/2014 10/1/2019 18 2 7 46 1950 6 0 0 0 
A104 1/1/2007 2/1/2012 18 1 7 47 4804 32 32 13 153 
A105 2/1/2000 2/1/2007 18 1 7 47 4804 31 27 25 154 
A106 9/1/2012 6/1/2015 18 2 7 47 3100 2 0 0 0 
A107 3/1/2011 7/1/2012 18 1 7 48 8474 22 20 17 79 
A108 2/1/2001 3/1/2005 18 1 7 11 3060 74 9 1 18 
A109 2/1/2001 3/1/2005 18 1 5 36 1929 24 4 0 0 
A110 1/1/2007 2/1/2020 19 2 8 29 48017 24 2 1 1 
A111 1/1/2007 2/1/2020 19 2 8 30 528080 30 21 16 200 
A112 1/1/2007 10/1/2018 19 2 8 30 501836 25 4 4 23 
A113 7/1/2006 3/1/2013 19 2 8 30 292839 27 78 61 619 
A114 7/1/2006 10/1/2018 19 2 8 30 292839 2 2 2 1 
A115 1/1/2007 2/1/2020 19 2 1 40 39549 24 6 6 11 
A116 6/1/2005 10/1/2018 19 2 1 41 297991 1 1 1 33 
A117 6/1/2008 10/1/2018 19 2 1 41 174500 13 1 1 1 
A118 6/1/2008 10/1/2018 19 2 1 41 141208 13 1 1 1 
A119 6/1/2005 10/1/2018 19 2 1 41 297991 9 6 5 262 
A120 1/1/2010 10/1/2018 20 2 7 10 81957 12 3 0 0 
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Appendix A: Obsolescence Raw data (Cont.) 
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A121 10/1/2009 10/1/2021 20 2 7 10 81957 6 0 0 0 
A122 8/1/2010 10/1/2018 20 2 7 10 81957 12 3 3 4 
A123 8/11/2000 8/1/2018 21 1 8 34 1079 146 3 3 42 
A124 12/1/2006 8/1/2016 22 2 4 5 15242 12 0 0 0 
A125 9/1/2000 12/31/2005 23 2 7 49 18302 1 0 0 0 
A126 6/1/1994 6/1/2006 24 2 3 25 300 12 2 2 8 
A127 3/1/2006 12/1/2007 25 1 4 70 263 2 0 0 0 
A128 6/1/2002 8/1/2011 26 1 8 33 111 2 2 1 1 
A129 6/1/2002 8/1/2011 26 1 1 40 13790 1 6 4 35 
A130 1/1/1995 8/1/2011 26 1 1 42 420325 1 1 1 0 
A131 1/2/1995 8/2/2011 26 2 1 42 420325 1 1 1 0 
A132 1/1/1995 4/1/2013 27 1 7 49 28630 27 27 27 80 
A133 2/1/2012 2/1/2017 28 1 8 7 3700 28 1 0 0 
A134 2/1/1999 7/1/2011 28 1 8 8 13834 18 0 0 0 
A135 12/1/2014 12/1/2016 28 1 7 20 2418 105 3 3 27 
A136 12/1/2014 6/1/2015 28 1 7 20 3767 90 10 10 31 
A137 6/1/2002 12/31/2015 29 2 8 4 60 60 19 10 330 
A138 6/1/2002 12/31/2014 29 1 5 16 1000 5 1 1 3 
A139 6/1/2004 12/1/2005 29 1 5 28 7000 5 2 2 33 
A140 7/1/2007 2/1/2014 30 1 8 1 529 108 2 2 10 
A141 9/1/2009 12/1/2015 30 1 8 6 225 124 1 1 1 
A142 3/1/2003 12/1/2017 30 1 8 6 500 3 1 1 1 
A143 7/31/2006 7/31/2010 30 1 8 6 681 8 1 1 10 
A144 6/1/1998 1/1/2002 30 2 8 9 15582 34 2 1 23 
A145 6/1/1998 12/1/2002 30 2 8 9 15514 58 2 1 23 
A146 6/1/2016 12/30/2017 30 1 7 11 3320 298 1 1 1 
A147 5/1/2007 2/1/2009 30 1 7 20 1600 7 3 1 1 
A148 3/1/2001 11/1/2002 30 1 6 21 633 3 2 2 7 
A149 10/11/2008 11/1/2012 30 1 6 21 1249 19 1 0 0 
A150 11/1/2002 12/1/2004 30 1 6 21 1530 77 3 1 1 
A151 10/1/2005 12/1/2013 30 1 6 21 1678 63 9 2 5 
A152 6/1/1999 2/1/2002 30 1 6 21 988 14 1 1 1 
A153 5/1/2012 5/1/2018 30 1 6 21 1249 77 8 3 7 
A154 6/1/1998 8/1/2001 30 1 6 21 2579 30 6 3 3 
A155 10/17/2008 8/14/2014 30 1 6 21 1500 11 1 1 3 
A156 8/1/2009 9/1/2015 30 1 2 23 1400 2 2 2 35 
A157 6/1/1999 9/1/2005 30 2 2 23 1270 3 1 1 7 
A158 12/1/2002 9/1/2005 30 2 2 23 1270 1 2 1 1 
A159 7/1/2010 7/1/2013 30 1 2 24 155 124 5 0 0 
A160 4/1/2006 3/1/2014 30 1 5 25 899 69 1 0 0 
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Appendix A: Obsolescence Raw data (Cont.) 
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A161 3/1/2006 4/1/2008 30 1 5 25 4000 1 6 6 16 
A162 2/1/2007 9/1/2009 30 1 5 25 3360 4 8 7 19 
A163 2/1/2000 9/1/2009 30 1 7 46 3176 9 29 28 260 
A164 1/1/2002 9/1/2009 30 1 7 47 3176 9 34 15 132 
A165 6/1/2000 4/1/2008 30 1 7 47 3176 87 33 31 78 
A166 3/1/2006 4/1/2008 30 1 7 47 1961 16 2 2 27 
A167 3/1/2002 6/30/2008 30 1 7 47 1439 126 32 10 10 
A168 2/1/2000 9/1/2009 30 1 7 47 3360 9 37 30 137 
A169 11/1/2010 9/1/2015 30 1 7 47 6710 28 7 5 35 
A170 11/2/2010 9/1/2015 30 1 7 48 6710 32 8 1 10 
A171 11/3/2010 9/1/2015 30 1 7 48 6710 39 8 3 10 
A172 12/29/1999 12/31/2018 31 2 8 34 2079 28 1 1 5 
A173 10/1/2005 3/1/2009 32 1 5 27 1000 3 2 0 0 
A174 3/1/2005 10/1/2007 33 1 8 25 2000 5 1 0 0 
A175 3/1/2000 6/1/2007 34 1 8 7 5845 3 1 1 14 
A176 3/1/2000 6/1/2007 34 1 8 8 9500 51 1 0 0 
A177 4/1/2005 12/1/2016 34 2 8 8 9044 12 1 1 151 
A178 6/1/2005 6/1/2021 35 1 3 25 150 2 0 0 0 
A179 6/1/1999 6/1/2008 36 2 8 34 7517 29 13 12 80 
A180 1/1/2010 5/1/2018 36 2 8 37 124000 3 3 3 116 
A181 3/1/2005 9/1/2009 37 1 5 16 60 65 7 7 34 
A182 3/1/2005 9/1/2009 37 1 3 25 200 532 5 2 2 
A183 6/1/1998 12/1/2017 38 1 3 25 18 9 8 5 184 
A184 4/1/2003 6/1/2017 39 1 1 2 10000 22 2 2 4 
A185 1/1/2004 6/1/2019 39 1 3 25 975 82 4 4 107 
A186 1/1/2002 6/1/2019 39 1 8 25 3950 68 1 1 2 
A187 1/1/2002 12/31/2017 39 2 1 43 3300 162 66 32 123 
A188 1/1/2002 12/30/2017 39 2 1 43 14988 162 66 32 123 
A189 9/1/2011 9/1/2020 40 2 8 1 171 8 2 1 3 
A190 2/1/2007 2/1/2010 41 1 1 14 6000 1 1 0 0 
A191 2/2/2007 2/2/2010 41 1 3 25 598 30 5 7 126 
A192 2/1/2006 6/1/2012 41 1 7 25 2369 9 0 0 0 
A193 4/1/1994 8/1/2006 42 1 3 25 60 60 19 8 615 
A194 12/1/1999 12/1/2007 43 2 1 14 11594 4 0 0 0 
A195 3/1/2006 12/1/2017 44 1 8 6 110 3 1 1 3 
A196 5/1/1997 1/31/2021 45 1 8 1 150 144 1 0 0 
A197 5/1/1997 1/31/2023 45 1 8 4 6 80 1 0 0 
A198 11/1/1990 1/31/2019 45 1 8 6 235 4 1 0 1 
A199 3/28/2005 3/28/2014 45 1 8 6 135 134 1 1 2 
A200 4/1/2002 10/1/2018 45 1 8 17 120 189 1 1 3 
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Appendix A: Obsolescence Raw data (Cont.) 
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A201 8/1/2001 10/1/2018 45 1 8 17 180 4 1 1 1 
A202 5/1/2003 10/1/2018 45 1 8 17 850 4 1 1 4 
A203 11/2/2005 2/1/2014 45 1 8 17 765 29 3 3 9 
A204 9/1/2007 2/1/2017 45 1 8 17 785 10 4 2 10 
A205 9/1/2008 1/31/2021 45 1 8 18 1924 89 14 8 28 
A206 4/1/2003 10/1/2016 45 1 8 18 2380 3 2 2 3 
A207 4/1/2006 10/1/2018 45 1 8 18 4340 28 3 3 28 
A208 8/1/1997 10/1/2018 45 1 8 18 1505 55 2 1 7 
A209 6/1/1996 10/1/2014 45 1 8 70 835 10 5 5 58 
A210 3/1/2007 10/1/2018 45 1 4 71 7167 28 5 5 125 
A211 9/1/1995 7/1/2016 46 1 5 27 3250 105 119 81 547 
A212 3/1/2009 8/1/2014 47 1 7 25 4390 10 0 0 0 
A213 6/1/2001 12/31/2016 48 1 8 7 3133 18 3 0 0 
A214 3/1/2005 2/23/2007 49 1 7 11 3269 24 5 3 20 
A215 9/3/1995 8/5/2005 49 1 7 11 2130 67 99 33 71 
A216 9/3/2003 8/5/2005 49 1 7 11 2130 2 1 1 17 
A217 9/3/2003 8/5/2005 49 1 7 11 2130 12 3 2 5 
A218 9/3/1995 8/5/2005 49 1 7 11 2130 150 91 57 45 
A219 3/1/2005 12/1/2011 49 1 2 23 1100 76 1 1 2 
A220 5/1/2006 5/1/2011 49 1 2 23 1786 464 56 47 97 
A221 8/1/2001 4/14/2006 49 1 2 24 468 40 37 27 292 
A222 2/1/1995 9/28/2007 49 1 7 47 12376 7 16 12 47 
A223 3/1/2003 2/1/2016 49 1 7 47 3295 188 21 12 47 
A224 1/1/1995 5/31/2010 49 1 7 48 8474 6 2 1 1 
A225 3/1/2003 2/1/2016 49 1 7 48 8970 19 39 36 257 
A226 3/1/1998 4/11/2008 49 1 7 48 8000 116 28 18 50 
A227 3/1/2003 2/1/2016 49 2 7 48 7200 5 23 17 75 
A228 3/1/1995 2/1/2016 49 2 7 48 8970 65 189 131 438 
A229 12/1/2016 6/1/2021 49 1 7 49 12376 111 2 2 8 
A230 2/1/1998 9/28/2007 49 1 7 49 11753 24 31 22 84 
A231 1/1/1995 5/31/2010 49 1 7 49 28630 20 36 25 54 
A232 1/1/1995 5/31/2010 49 1 7 49 26795 6 3 3 1 
A233 1/1/1995 5/31/2010 49 1 7 49 26795 20 13 13 195 
A234 2/1/1995 5/31/2010 49 1 7 49 26795 20 37 21 355 
A235 2/1/2012 3/1/2016 49 1 7 49 18902 2 0 0 0 
A236 12/1/2016 6/1/2021 49 1 7 49 16000 3 0 0 0 
A237 1/1/1995 5/31/2010 49 1 7 49 28630 18 10 10 183 
A238 12/1/2010 2/28/2015 49 2 7 49 20942 1 3 3 12 
A239 1/1/1990 9/28/2007 49 1 7 50 71970 30 18 16 44 
A240 9/1/2006 9/1/2012 49 2 7 50 63113 2 2 2 10 
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Appendix A: Obsolescence Raw data (Cont.) 
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A241 9/1/2005 12/1/2014 50 1 3 25 55 112 10 9 408 
A242 8/1/2006 7/1/2007 51 1 7 20 4488 37 33 8 307 
A243 12/1/2018 12/1/2020 51 1 7 20 3831 5 0 0 0 
A244 3/1/2004 2/1/2005 51 1 5 36 3768 58 10 8 9 
A245 12/1/2007 2/1/2010 51 1 5 36 4000 58 6 4 17 
A246 3/1/2000 4/1/2008 51 1 5 36 7500 30 38 10 24 
A247 6/1/1997 6/1/2016 52 1 5 26 199 762 207 87 225 
A248 6/1/2004 3/1/2015 53 1 3 25 188 20 2 2 3 
A249 9/1/2003 12/1/2017 54 1 3 25 114 5 2 2 40 
A250 6/1/2005 12/1/2016 55 1 8 34 2500 50 47 22 99 
A251 6/1/1991 6/1/2018 55 1 8 34 3054 12 5 4 12 
A252 6/1/1990 9/1/2018 56 1 3 70 100 18 1 1 1 
A253 2/1/2009 2/1/2015 57 1 8 17 995 6 2 1 10 
A254 10/1/1998 12/31/2007 57 1 8 18 2500 56 11 3 3 
A255 10/1/1998 12/31/2007 57 1 8 18 2500 56 13 7 42 
A256 6/1/2003 7/1/2008 57 1 8 18 1030 64 9 6 68 
A257 2/1/2010 12/1/2018 57 1 8 19 32089 13 5 5 8 
A258 4/1/2006 10/1/2018 57 1 4 71 7167 26 21 21 0 
A259 9/1/2004 3/1/2008 58 1 5 28 6999 1 3 3 11 
A260 5/1/2004 12/1/2007 59 2 8 6 1674 12 0 0 0 
A261 8/1/2002 6/1/2009 59 2 8 7 2960 4 0 0 0 
A262 1/1/2007 2/1/2019 60 2 8 29 421326 23 0 0 0 
A263 1/1/2007 2/1/2019 60 2 8 29 245193 5 0 0 0 
A264 10/1/2005 10/1/2006 61 1 5 27 4500 18 1 1 1 
A265 6/7/2000 2/1/2009 62 1 8 8 9471 10 3 2 28 
A266 2/1/2005 3/1/2011 62 1 8 25 1000 28 9 5 55 
A267 3/1/2006 8/1/2012 63 2 2 24 847 28 1 1 4 
A268 6/1/1972 6/1/2019 64 1 3 25 200 84 50 49 125 
A269 9/1/2012 6/1/2014 65 1 8 6 1075 60 3 3 55 
A270 5/1/2001 12/1/2023 66 2 1 2 22256 34 2 1 1 
A271 4/1/1995 12/1/2023 66 2 1 3 111771 23 5 4 106 
A272 3/1/2007 6/1/2009 66 2 8 8 9371 51 1 0 0 
A273 1/1/1996 8/1/2011 66 2 2 22 42000 14 8 8 0 
A274 3/1/2005 8/1/2011 66 2 5 28 9091 17 11 7 15 
A275 3/1/2005 8/1/2011 66 2 8 37 47000 13 0 0 0 
A276 5/1/2001 12/1/2023 66 2 1 2 22256 34 2 1 1 
A277 4/1/1995 12/1/2023 66 2 1 3 111771 15 1 1 78 
A278 6/1/2000 12/1/2016 66 2 1 3 127777 7 3 2 45 
A279 12/1/2015 12/1/2021 66 2 4 13 60000 47 8 8 72 
A280 12/1/2015 12/1/2021 66 2 4 13 35000 74 9 9 23 
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Appendix A: Obsolescence Raw data (Cont.) 
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A281 12/1/2015 12/1/2021 66 2 4 13 40000 13 6 5 17 
A282 3/1/2005 8/1/2011 66 2 2 22 250000 14 1 8 63 
A283 1/1/1996 8/1/2011 66 2 2 22 250000 14 46 46 0 
A284 3/1/2005 8/1/2011 66 2 2 22 250000 14 0 0 0 
A285 6/1/2005 6/1/2010 66 2 5 26 10540 5 1 1 1 
A286 3/1/2005 8/1/2011 66 2 5 28 11490 21 10 6 63 
A287 1/1/2007 10/1/2018 66 2 8 29 9940 31 0 0 0 
A288 6/1/2000 12/1/2016 66 2 1 42 320498 7 10 10 342 
A289 6/1/2008 6/1/2017 66 2 7 50 99206 2 1 1 8 
A290 6/1/2000 12/1/2016 66 2 7 60 700950 6 3 3 46 
A291 6/1/2006 8/1/2017 67 2 7 39 65222 7 0 0 0 
A292 6/1/2006 8/1/2017 67 2 7 39 81590 32 7 7 82 
A293 6/1/2006 8/1/2017 67 2 7 39 70600 16 1 1 3 
A294 8/1/1995 12/1/2020 68 2 1 40 18570 4 2 1 15 
A295 10/1/2007 12/1/2017 68 2 1 40 14710 4 26 20 232 
A296 2/1/2014 12/1/2020 68 2 1 40 21412 4 0 0 0 
A297 8/1/2005 11/1/2018 69 1 5 16 129 967 1 1 72 
A298 11/1/2000 11/1/2009 70 1 8 1 500 20 9 9 18 
A299 11/1/2000 11/1/2009 70 1 7 47 4267 23 37 16 186 
A300 6/1/1998 8/1/2017 71 1 8 33 600 13 1 0 0 
A301 3/1/2007 12/1/2015 72 1 8 6 500 3 1 0 0 
A302 3/1/2003 2/17/2009 73 1 8 25 726 6 1 1 22 
A303 6/1/2003 12/1/2016 73 1 8 25 195 16 2 1 29 
A304 6/1/2001 10/1/2011 74 1 8 7 3453 44 5 3 2 
A305 6/1/2001 10/1/2011 74 1 8 7 6026 88 39 35 162 
A306 6/1/2001 10/1/2011 74 1 8 8 12727 44 17 5 78 
A307 7/1/2005 10/30/2011 74 1 7 10 29241 43 8 7 13 
A308 7/1/2005 10/30/2011 74 1 7 10 38916 46 30 19 36 
A309 6/1/1996 12/1/2010 74 2 7 10 144794 25 87 50 141 
A310 6/1/1999 8/31/2010 74 2 7 10 96670 59 1 1 1 
A311 3/1/2004 12/1/2014 74 2 3 25 24 39 56 7 39 
A312 5/1/2000 8/31/2011 74 1 8 33 627 530 27 20 177 
A313 6/1/2001 11/1/2011 74 2 4 73 50480 26 12 9 22 
A314 6/1/2008 10/1/2018 75 2 8 25 16032 13 4 3 10 
A315 6/1/2008 12/1/2023 75 2 8 35 66216 14 4 2 3 
A316 6/1/2008 12/1/2023 75 2 8 35 14830 13 3 3 109 
A317 6/1/2005 10/1/2018 75 2 1 42 220436 63 54 54 1988 
A318 6/1/2002 10/1/2018 75 2 1 42 278530 15 81 69 468 
A319 6/1/2008 10/1/2018 75 2 1 42 274442 13 3 2 11 
A320 7/1/2008 6/1/2012 76 2 5 27 1597 25 6 4 104 
A321 6/1/2001 11/1/2010 76 2 5 28 10100 28 9 7 57 
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Appendix A: Obsolescence Calculated data 
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A1 0.100000000 0.700000000 0.300000000 9229 2256 
A2 0.333333333 0.333333333 0.333333333 4877 3226 
A3 1.000000000 4.750000000 1.000000000 6817 3615 
A4 2.600000000 11.433333330 3.833333333 6889 5148 
A5 0.947368421 4.263157895 0.947368421 4333 2592 
A6 0.520000000 3.360000000 0.600000000 4632 4779 
A7 0.000000000 0.000000000 0.100000000 6034 1157 
A8 0.000000000 0.060606061 0.030303030 5883 1696 
A9 0.013698630 0.027397260 0.013698630 5883 1696 
A10 0.015105740 0.308157100 0.021148036 6247 2884 
A11 0.714285714 9.785714286 0.714285714 5546 5144 
A12 1.000000000 8.000000000 1.000000000 4236 2585 
A13 0.133333333 0.466666667 0.200000000 11298 9647 
A14 0.028571429 0.085714286 0.028571429 5576 883 
A15 0.013513514 0.013513514 0.013513514 5576 2153 
A16 0.025316456 0.911392405 0.025316456 5211 760 
A17 0.222222222 1.444444444 0.222222222 2640 1869 
A18 0.007751938 0.015503876 0.007751938 7037 4440 
A19 0.000000000 0.000000000 0.033333333 4573 2162 
A20 0.014285714 0.014285714 0.028571429 4938 2649 
A21 3.000000000 3.000000000 5.000000000 5942 1501 
A22 0.500000000 5.500000000 0.500000000 5576 2615 
A23 0.014492754 0.014492754 0.014492754 5272 2311 
A24 0.003831418 0.030651341 0.007662835 5576 2615 
A25 0.250000000 0.300000000 0.250000000 5181 2010 
A26 0.033333333 0.033333333 0.033333333 5576 3038 
A27 0.100000000 1.000000000 0.100000000 5576 3038 
A28 0.000000000 0.000000000 0.050000000 6154 1826 
A29 0.000000000 0.000000000 0.066666667 4938 4658 
A30 0.333333333 1.000000000 0.333333333 7129 4748 
A31 0.080459770 7.379310345 0.114942529 4938 4536 
A32 0.264705882 1.764705882 0.294117647 4328 3926 
A33 0.210526316 0.210526316 0.263157895 3750 1062 
A34 0.000000000 0.000000000 0.150000000 5576 2312 
A35 0.774509804 0.725490196 1.107843137 5576 4535 
A36 1.833333333 1.166666667 2.333333333 5576 2709 
A37 0.040540541 0.040540541 0.054054054 5576 4536 
A38 0.827272727 0.690909091 0.827272727 5576 4535 
A39 0.057142857 0.171428571 0.057142857 2624 2129 
A40 0.750000000 16.750000000 0.750000000 7037 1795 
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A41 0.111111111 0.111111111 0.222222222 4632 1825 
A42 0.035087719 0.000000000 0.035087719 7068 2192 
A43 0.054421769 0.027210884 0.040816327 3020 1521 
A44 0.100000000 0.000000000 0.100000000 3371 1872 
A45 0.017543860 0.017543860 0.035087719 4938 1888 
A46 0.076923077 0.076923077 0.153846154 3020 1521 
A47 0.000000000 0.000000000 0.000000000 4938 1888 
A48 0.000000000 0.000000000 0.000000000 2197 796 
A49 0.214285714 0.142857143 0.214285714 5850 2586 
A50 0.071428571 0.000000000 0.071428571 3477 1948 
A51 2.586206897 4.931034483 4.551724138 6945 3681 
A52 1.333333333 2.533333333 2.066666667 6642 3471 
A53 1.666666667 2.000000000 1.833333333 5850 2586 
A54 0.266666667 0.133333333 0.266666667 7189 3636 
A55 1.266666667 2.300000000 1.266666667 7037 3484 
A56 2.052631579 1.947368421 2.052631579 5668 5388 
A57 2.000000000 15.000000000 3.000000000 5484 4474 
A58 0.076923077 3.769230769 0.153846154 6277 1127 
A59 0.500000000 1.500000000 1.000000000 5728 3043 
A60 0.500000000 2.300000000 0.650000000 6458 3530 
A61 0.306666667 2.106666667 0.586666667 6458 3530 
A62 0.826086957 4.217391304 1.043478261 5942 4475 
A63 0.056603774 0.254716981 0.066037736 5942 3561 
A64 0.666666667 7.833333333 0.833333333 5942 3533 
A65 2.000000000 16.000000000 2.000000000 5728 3347 
A66 0.000000000 0.000000000 0.000000000 4846 1826 
A67 2.666666667 27.250000000 2.916666667 3536 4169 
A68 0.000000000 0.000000000 0.000000000 4846 5479 
A69 0.000000000 0.000000000 0.000000000 4573 1736 
A70 0.058823529 0.647058824 0.058823529 9229 2221 
A71 0.000000000 0.000000000 0.000000000 10782 3774 
A72 0.261363636 3.511363636 0.386363636 5242 5754 
A73 0.333333333 0.333333333 0.333333333 4115 548 
A74 0.214285714 9.000000000 0.357142857 4207 4383 
A75 1.333333333 16.333333330 1.333333333 4573 3197 
A76 0.071428571 0.071428571 0.071428571 6945 4748 
A77 0.160000000 1.480000000 0.240000000 3536 3287 
A78 0.071428571 0.142857143 0.142857143 4176 1583 
A79 0.250000000 0.375000000 0.250000000 6399 5145 
A80 1.000000000 11.500000000 1.000000000 5211 4291 
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A81 0.074074074 1.407407407 0.074074074 8284 7669 
A82 0.133333333 4.166666667 0.166666667 2259 2922 
A83 0.031250000 3.906250000 0.156250000 8284 6725 
A84 0.185185185 0.407407407 0.333333333 8284 6725 
A85 0.071428571 0.071428571 0.071428571 7403 5479 
A86 0.266666667 1.183333333 0.266666667 7037 3105 
A87 0.700000000 3.800000000 1.700000000 6093 396 
A88 0.032467532 0.961038961 0.032467532 5576 975 
A89 0.147368421 0.364912281 0.364912281 4741 505 
A90 0.032258065 0.032258065 0.258064516 5211 638 
A91 0.014035088 0.308771930 0.061403509 4383 2367 
A92 0.200000000 0.500000000 0.200000000 6307 2192 
A93 0.159090909 2.238636364 0.159090909 2959 2435 
A94 1.540540541 7.324324324 1.783783784 7189 2557 
A95 0.200000000 0.700000000 0.200000000 4427 495 
A96 0.322981366 0.869565217 0.509316770 4427 495 
A97 0.363636364 3.636363636 0.363636364 2574 1991 
A98 0.329268293 2.304878049 0.329268293 4966 2557 
A99 0.518518519 7.407407407 0.518518519 2654 2130 
A100 0.150000000 0.450000000 0.150000000 5211 791 
A101 0.050000000 1.380000000 0.050000000 5211 1918 
A102 0.002915452 0.002915452 0.002915452 4298 183 
A103 0.000000000 0.000000000 0.000000000 1741 1765 
A104 0.406250000 4.781250000 1.000000000 4632 1857 
A105 0.806451613 4.975806452 0.870967742 7158 2557 
A106 0.000000000 0.000000000 0.000000000 2562 1003 
A107 0.772727273 3.590909091 0.909090909 3112 488 
A108 0.013513514 0.243243243 0.121621622 6792 1489 
A109 0.000000000 0.000000000 0.166666667 6792 1489 
A110 0.041666667 0.041666667 0.083333333 4632 4779 
A111 0.533333333 6.666666667 0.700000000 4632 4779 
A112 0.160000000 0.920000000 0.160000000 4632 4291 
A113 2.259259259 22.925925930 2.888888889 4816 2435 
A114 1.000000000 0.500000000 1.000000000 4816 4475 
A115 0.250000000 0.458333333 0.250000000 4632 4779 
A116 1.000000000 33.000000000 1.000000000 5211 4870 
A117 0.076923077 0.076923077 0.076923077 4115 3774 
A118 0.076923077 0.076923077 0.076923077 4115 3774 
A119 0.555555556 29.111111110 0.666666667 5211 4870 
A120 0.000000000 0.000000000 0.250000000 3536 3195 
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A121 0.000000000 0.000000000 0.000000000 3628 4383 
A122 0.250000000 0.333333333 0.250000000 3324 2983 
A123 0.020547945 0.287671233 0.020547945 6966 6564 
A124 0.000000000 0.000000000 0.000000000 4663 3531 
A125 0.000000000 0.000000000 0.000000000 6945 1947 
A126 0.166666667 0.666666667 0.166666667 9229 4383 
A127 0.000000000 0.000000000 0.000000000 4938 640 
A128 0.500000000 0.500000000 1.000000000 6307 3348 
A129 4.000000000 35.000000000 6.000000000 6307 3348 
A130 1.000000000 0.000000000 1.000000000 9015 6056 
A131 1.000000000 0.000000000 1.000000000 9014 6056 
A132 1.000000000 2.962962963 1.000000000 9015 6665 
A133 0.000000000 0.000000000 0.035714286 2775 1827 
A134 0.000000000 0.000000000 0.000000000 7523 4533 
A135 0.028571429 0.257142857 0.028571429 1741 731 
A136 0.111111111 0.344444444 0.111111111 1741 182 
A137 0.166666667 5.500000000 0.316666667 6307 4961 
A138 0.200000000 0.600000000 0.200000000 6307 4596 
A139 0.400000000 6.600000000 0.400000000 5576 548 
A140 0.018518519 0.092592593 0.018518519 4451 2407 
A141 0.008064516 0.008064516 0.008064516 3658 2282 
A142 0.333333333 0.333333333 0.333333333 6034 5389 
A143 0.125000000 1.250000000 0.125000000 4786 1461 
A144 0.029411765 0.676470588 0.058823529 7768 1310 
A145 0.017241379 0.396551724 0.034482759 7768 1644 
A146 0.003355705 0.003355705 0.003355705 1193 577 
A147 0.142857143 0.142857143 0.428571429 4512 642 
A148 0.666666667 2.333333333 0.666666667 6764 610 
A149 0.000000000 0.000000000 0.052631579 3983 1482 
A150 0.012987013 0.012987013 0.038961039 6154 761 
A151 0.031746032 0.079365079 0.142857143 5089 2983 
A152 0.071428571 0.071428571 0.071428571 7403 976 
A153 0.038961039 0.090909091 0.103896104 2685 2191 
A154 0.100000000 0.100000000 0.200000000 7768 1157 
A155 0.090909091 0.272727273 0.090909091 3977 2127 
A156 1.000000000 17.500000000 1.000000000 3689 2222 
A157 0.333333333 2.333333333 0.333333333 7403 2284 
A158 1.000000000 1.000000000 2.000000000 6124 1005 
A159 0.000000000 0.000000000 0.040322581 3355 1096 
A160 0.000000000 0.000000000 0.014492754 4907 2891 
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A161 6.000000000 16.000000000 6.000000000 4938 762 
A162 1.750000000 4.750000000 2.000000000 4601 943 
A163 3.111111111 28.888888890 3.222222222 7158 3500 
A164 1.666666667 14.666666670 3.777777778 6458 2800 
A165 0.356321839 0.896551724 0.379310345 7037 2861 
A166 0.125000000 1.687500000 0.125000000 4938 762 
A167 0.079365079 0.079365079 0.253968254 6399 2313 
A168 3.333333333 15.222222220 4.111111111 7158 3500 
A169 0.178571429 1.250000000 0.250000000 3232 1765 
A170 0.031250000 0.312500000 0.250000000 3231 1764 
A171 0.076923077 0.256410256 0.205128205 3230 1763 
A172 0.035714286 0.178571429 0.035714286 7192 6942 
A173 0.000000000 0.000000000 0.666666667 5089 1247 
A174 0.000000000 0.000000000 0.200000000 5303 944 
A175 0.333333333 4.666666667 0.333333333 7129 2648 
A176 0.000000000 0.000000000 0.019607843 7129 2648 
A177 0.083333333 12.583333330 0.083333333 5272 4262 
A178 0.000000000 0.000000000 0.000000000 5211 5844 
A179 0.413793103 2.758620690 0.448275862 7403 3288 
A180 1.000000000 38.666666670 1.000000000 3536 3042 
A181 0.107692308 0.523076923 0.107692308 5303 1645 
A182 0.003759398 0.003759398 0.009398496 5303 1645 
A183 0.555555556 20.444444440 0.888888889 7768 7123 
A184 0.090909091 0.181818182 0.090909091 6003 5175 
A185 0.048780488 1.304878049 0.048780488 5728 5630 
A186 0.014705882 0.029411765 0.014705882 6458 6360 
A187 0.197530864 0.759259259 0.407407407 6458 5843 
A188 0.197530864 0.759259259 0.407407407 6458 5842 
A189 0.125000000 0.375000000 0.250000000 2928 3288 
A190 0.000000000 0.000000000 1.000000000 4601 1096 
A191 0.233333333 4.200000000 0.166666667 4600 1096 
A192 0.000000000 0.000000000 0.000000000 4966 2312 
A193 0.133333333 10.250000000 0.316666667 9290 4505 
A194 0.000000000 0.000000000 0.000000000 7220 2922 
A195 0.333333333 1.000000000 0.333333333 4938 4293 
A196 0.000000000 0.000000000 0.006944444 8164 8676 
A197 0.000000000 0.000000000 0.012500000 8164 9406 
A198 0.000000000 0.250000000 0.250000000 10537 10318 
A199 0.007462687 0.014925373 0.007462687 5276 3287 
A200 0.005291005 0.015873016 0.005291005 6368 6027 
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A201 0.250000000 0.250000000 0.250000000 6611 6270 
A202 0.250000000 1.000000000 0.250000000 5973 5632 
A203 0.103448276 0.310344828 0.103448276 5057 3013 
A204 0.200000000 1.000000000 0.400000000 4389 3441 
A205 0.089887640 0.314606742 0.157303371 4023 4535 
A206 0.666666667 1.000000000 0.666666667 6003 4932 
A207 0.107142857 1.000000000 0.107142857 4907 4566 
A208 0.018181818 0.127272727 0.036363636 8072 7731 
A209 0.500000000 5.800000000 0.500000000 8498 6696 
A210 0.178571429 4.464285714 0.178571429 4573 4232 
A211 0.771428571 5.209523810 1.133333333 8772 7609 
A212 0.000000000 0.000000000 0.000000000 3842 1979 
A213 0.000000000 0.000000000 0.166666667 6672 5692 
A214 0.125000000 0.833333333 0.208333333 5303 724 
A215 0.492537313 1.059701493 1.477611940 8770 3624 
A216 0.500000000 8.500000000 0.500000000 5848 702 
A217 0.166666667 0.416666667 0.250000000 5848 702 
A218 0.380000000 0.300000000 0.606666667 8770 3624 
A219 0.013157895 0.026315789 0.013157895 5303 2466 
A220 0.101293103 0.209051724 0.120689655 4877 1826 
A221 0.675000000 7.300000000 0.925000000 6611 1717 
A222 1.714285714 6.726285714 2.285714286 8984 4622 
A223 0.063829787 0.250000000 0.111702128 6034 4720 
A224 0.166666667 0.166666667 0.333333333 9015 5629 
A225 1.894736842 13.526315790 2.052631579 6034 4720 
A226 0.155172414 0.431034483 0.241379310 7860 3694 
A227 3.400000000 15.000000000 4.600000000 6034 4720 
A228 2.015384615 6.738461538 2.907692308 8956 7642 
A229 0.018018018 0.072072072 0.018018018 1010 1643 
A230 0.916666667 3.500000000 1.291666667 7888 3526 
A231 1.250000000 2.700000000 1.800000000 9015 5629 
A232 0.500000000 0.166666667 0.500000000 9015 5629 
A233 0.650000000 9.750000000 0.650000000 9015 5629 
A234 1.050000000 17.750000000 1.850000000 8984 5598 
A235 0.000000000 0.000000000 0.000000000 2775 1490 
A236 0.000000000 0.000000000 0.000000000 1010 1643 
A237 0.555555556 10.171333330 0.555555556 9015 5629 
A238 3.000000000 12.000000000 3.000000000 3202 1550 
A239 0.533333333 1.466666667 0.600000000 10841 6479 
A240 1.000000000 5.000000000 1.000000000 4754 2192 



133 
 

Appendix A: Obsolescence Calculated data (Cont.) 

P
ar

t N
um

be
r 

F
ai

lu
re

 p
er

 U
ni

t 

D
ow

nt
im

e 
pe

r 
U

ni
t 

T
T

 p
er

 U
ni

t 

U
ni

t A
ge

 a
s 

of
 0

7S
ep

19
 

   P
ro

cu
re

m
en

t L
if

et
im

e 
   

A241 0.080357143 3.642857143 0.089285714 5119 3378 
A242 0.216216216 8.297297297 0.891891892 4785 334 
A243 0.000000000 0.000000000 0.000000000 280 731 
A244 0.137931034 0.155172414 0.172413793 5668 337 
A245 0.068965517 0.293103448 0.103448276 4298 793 
A246 0.333333333 0.800000000 1.266666667 7129 2953 
A247 0.114173228 0.295275591 0.271653543 8133 6940 
A248 0.100000000 0.150000000 0.100000000 5576 3925 
A249 0.400000000 8.000000000 0.400000000 5850 5205 
A250 0.440000000 1.980000000 0.940000000 5211 4201 
A251 0.333333333 1.000000000 0.416666667 10325 9862 
A252 0.055555556 0.055555556 0.055555556 10690 10319 
A253 0.166666667 1.666666667 0.333333333 3870 2191 
A254 0.053571429 0.053571429 0.196428571 7646 3378 
A255 0.125000000 0.750000000 0.232142857 7646 3378 
A256 0.093750000 1.062500000 0.140625000 5942 1857 
A257 0.384615385 0.615384615 0.384615385 3505 3225 
A258 0.807692308 0.000000000 0.807692308 4907 4566 
A259 3.000000000 11.000000000 3.000000000 5484 1277 
A260 0.000000000 0.000000000 0.000000000 5607 1309 
A261 0.000000000 0.000000000 0.000000000 6246 2496 
A262 0.000000000 0.000000000 0.000000000 4632 4414 
A263 0.000000000 0.000000000 0.000000000 4632 4414 
A264 0.055555556 0.055555556 0.055555556 5089 365 
A265 0.200000000 2.800000000 0.300000000 7031 3161 
A266 0.178571429 1.964285714 0.321428571 5331 2219 
A267 0.035714286 0.142857143 0.035714286 4938 2345 
A268 0.583333333 1.488095238 0.595238095 17264 17166 
A269 0.050000000 0.916666667 0.050000000 2562 638 
A270 0.029411765 0.029411765 0.058823529 6703 8249 
A271 0.173913043 4.608695652 0.217391304 8925 10471 
A272 0.000000000 0.000000000 0.019607843 4573 823 
A273 0.571428571 0.000000000 0.571428571 8650 5691 
A274 0.411764706 0.882352941 0.647058824 5303 2344 
A275 0.000000000 0.000000000 0.000000000 5303 2344 
A276 0.029411765 0.029411765 0.058823529 6703 8249 
A277 0.066666667 5.200000000 0.066666667 8925 10471 
A278 0.285714286 6.428571429 0.428571429 7037 6027 
A279 0.170212766 1.531914894 0.170212766 1376 2192 
A280 0.121621622 0.310810811 0.121621622 1376 2192 
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A281 0.384615385 1.307692308 0.461538462 1376 2192 
A282 0.571428571 4.500000000 0.071428571 5303 2344 
A283 3.285714286 0.000000000 3.285714286 8650 5691 
A284 0.000000000 0.000000000 0.000000000 5303 2344 
A285 0.200000000 0.200000000 0.200000000 5211 1826 
A286 0.285714286 3.000000000 0.476190476 5303 2344 
A287 0.000000000 0.000000000 0.000000000 4632 4291 
A288 1.428571429 48.857142860 1.428571429 7037 6027 
A289 0.500000000 4.000000000 0.500000000 4115 3287 
A290 0.500000000 7.666666667 0.500000000 7037 6027 
A291 0.000000000 0.000000000 0.000000000 4846 4079 
A292 0.218750000 2.562500000 0.218750000 4846 4079 
A293 0.062500000 0.187500000 0.062500000 4846 4079 
A294 0.250000000 3.750000000 0.500000000 8803 9254 
A295 5.000000000 58.000000000 6.500000000 4359 3714 
A296 0.000000000 0.000000000 0.000000000 2044 2495 
A297 0.001034126 0.074457084 0.001034126 5150 4840 
A298 0.450000000 0.900000000 0.450000000 6884 3287 
A299 0.695652174 8.086956522 1.608695652 6884 3287 
A300 0.000000000 0.000000000 0.076923077 7768 7001 
A301 0.000000000 0.000000000 0.333333333 4573 3197 
A302 0.166666667 3.666666667 0.166666667 6034 2180 
A303 0.062500000 1.812500000 0.125000000 5942 4932 
A304 0.068181818 0.045454545 0.113636364 6672 3774 
A305 0.397727273 1.840909091 0.443181818 6672 3774 
A306 0.113636364 1.772727273 0.386363636 6672 3774 
A307 0.162790698 0.302325581 0.186046512 5181 2312 
A308 0.413043478 0.782608696 0.652173913 5181 2312 
A309 2.000000000 5.640000000 3.480000000 8498 5296 
A310 0.016949153 0.016949153 0.016949153 7403 4109 
A311 0.179487179 1.000000000 1.435897436 5668 3927 
A312 0.037735849 0.333962264 0.050943396 7068 4139 
A313 0.346153846 0.846153846 0.461538462 6672 3805 
A314 0.230769231 0.769230769 0.307692308 4115 3774 
A315 0.142857143 0.214285714 0.285714286 4115 5661 
A316 0.230769231 8.384615385 0.230769231 4115 5661 
A317 0.857142857 31.555555560 0.857142857 5211 4870 
A318 4.600000000 31.200000000 5.400000000 6307 5966 
A319 0.153846154 0.846153846 0.230769231 4115 3774 
A320 0.160000000 4.160000000 0.240000000 4085 1431 
A321 0.250000000 2.035714286 0.321428571 6672 3440 
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Appendix B: MLR Script Used in R Software 

Multiple Linear Regression (MLR) possible with backward elimination, forward 
selection, or stepwise method:  
rm(list = ls()) 
gc() 
setwd("C:/Users/DehlaviK/Desktop/GW University/Courses/EMSE 8199 Paraxis 
Research/New_Data") 
 
dataMaster <- read.csv(file = "Obsolescence_Data_Mask_d.csv",head=TRUE) 
 
library(psych) # for plotting 
library(MPV) # for Press Library 
library(MASS)  #for the studres function - distribution of studentized residuals 
library(gvlma) # for global test of model assumption 
library(car) #crplots of residuals 
#select a subset of numeric variables for regression modeling 
Equip.ProcLife<- subset(dataMaster, select = c(Manufacturer, Categorization.Tier1, 
Categorization.Tier2, Categorization.Tier3, 
                                         Market.Value, Failure.per.Unit, DownTime.per.Unit, 
TT.per.Unit, Unit.Age_07Sep19, ProcLife))  
summary (Equip.ProcLife) 
 
#### while developing the model, iteratively analyze variables for: 
#    - Multiple collinearity 
#    - Homoscedasticity (even distribution of residuals) 
#    - p-value of cofficients and R2/ F-statistic of the model 
# Check for normality (visually) and transform vars if needed 
pairs.panels(Equip.ProcLife, col="red") 
hist(Equip.ProcLife$ProcLife) 
hist(Equip.ProcLife$Unit.Age_07Sep19) 
 
# Will use a stepwise selection of variables by backwards elimination 
# Will consider all candidate variables and eliminate one at the time 
# As I have quite a few variables will not consider variable interaction at this stage,i.e. 
# ProcLife ~ manufactorer*Categorization.Tier1* MarketValue 
 
#### Fit the model (1) 
fit1 <- lm(ProcLife ~ Manufacturer + Categorization.Tier1 + Categorization.Tier2 + 
Categorization.Tier3 + Market.Value + Failure.per.Unit + DownTime.per.Unit 
          + TT.per.Unit + Unit.Age_07Sep19, data=Equip.ProcLife) 
summary(fit1) #R-Squared = 0.4602 AR-Squared = 0.4446  
 
#########PRESS Statistics### 
r<-resid(fit1) 
sum(r^2) ####RSS - or residual sum of squares = 852786202 
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Appendix B: MLR Script Used in R Software (Cont.) 

#pr<-resid(fit1)/(1-lm.influence(fit1)$hat) 
#sum(pr^2) 
PRESS(fit1) # pridictive RSS = 907222580 
#res <- PRESS(fit1) 
#barplot(res) 
# Use anova() to get the sum of squares for the linear model 
lm.anova <- anova(fit1) 
tss<-sum(lm.anova$'Sum Sq') 
pred.r.squared <- 1-PRESS(fit1)/(tss) 
pred.r.squared #Predictive R-Squared # 0.4257311 
 
# First Check for non-linearity properly (from "car"), if good go further 
# This can only be done after the model was created 
# Evaluate Nonlinearity 
crPlots(fit1) # component + residual plot  
 
# Evaluate homoscedasticity 
# non-constant error variance test 
ncvTest(fit1) 
# plotstudentized residuals vs. fitted values  
spreadLevelPlot(fit1) 
# plot the residuals - different look 
esr = studres(fit1) # externally studentized residuals (from MASS library) 
plot(esr~fitted(fit1), main = "Residuals") 
 
########################Normality of Residuals######################## 
 
#Cook's Plot 
cutoff <- 4/(nrow(Equip.ProcLife)-length(fit1$coefficients)-2) # cook's D plot, cutoff 
as 4/(n-k-1) 
plot(fit1, which=4, cook.levels = cutoff)                    # identify D values > cutoff   
plot(fit1, which=5, cook.levels = cutoff) 
 
# qq plot for studentized resid 
qqPlot(fit1, main="QQ Plot") 
 
# distribution of studentized residuals 
sresid <- studres(fit1)  
hist(sresid, freq=FALSE,  
     main="Distribution of Studentized Residuals") 
xfit1<-seq(min(sresid),max(sresid),length=40)  
yfit1<-dnorm(xfit1)  
lines(xfit1, yfit1) 
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Appendix B: MLR Script Used in R Software (Cont.) 

###Shapiro-Wilk's test for normality test f residuals 
hist(residuals(fit1)) 
boxplot(residuals(fit1)) 
shapiro.test(fit1$residuals) #W = 0.99403, p-value = 0.239 
# plotting distribution of errors 
plot(fit1) 
# Multi-collinearity 
vif(fit1) #Variance inflation factor 
sqrt(vif(fit1)) > 2 # problem? 
# Global test of model assumptions 
#performs a global validation of linear model assumptions as well separate 
evaluations of skewness, 
#kurtosis, and heteroscedasticity.  
gvmodel <- gvlma(fit1)  
summary(gvmodel)  
# Backward elimination 
summary(fit1) #R-Squared = 0.4602 AR-Squared = 0.4446 
# Multi-collinearity 
vif(fit1) #Variance inflation factor 
sqrt(vif(fit1)) > 2 # problem? 
# Eliminate Categorization.Tier3 
#### Fit the model (2) 
fit2 <- lm(ProcLife ~ Manufacturer + Categorization.Tier1 + Categorization.Tier2 + 
Market.Value + Failure.per.Unit + DownTime.per.Unit 
           + TT.per.Unit + Unit.Age_07Sep19, data=Equip.ProcLife) 
summary(fit2) #R-Squared = 0.4598 AR-Squared = 0.446  
# Multi-collinearity 
vif(fit2) #Variance inflation factor 
sqrt(vif(fit2)) > 2 # problem? 
# Use anova() to get the sum of squares for the linear model 
lm.anova <- anova(fit2) 
tss<-sum(lm.anova$'Sum Sq') 
pred.r.squared <- 1-PRESS(fit2)/(tss) 
pred.r.squared #Predictive R-Squared # 0.4283417 
###Shapiro-Wilk's test for normality test f residuals 
shapiro.test(fit2$residuals) #W = 0.99435, p-value = 0.282 
#### Fit the model (3) 
summary(fit2) #R-Squared = 0.4598 AR-Squared = 0.446  
#Eliminate Failure.per.Unit 
fit3 <- lm(ProcLife ~ Manufacturer + Categorization.Tier1 + Categorization.Tier2 + 
Market.Value + DownTime.per.Unit 
           + TT.per.Unit + Unit.Age_07Sep19, data=Equip.ProcLife) 
summary(fit3) #R-Squared = 0.4585 AR-Squared = 0.4464  
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Appendix B: MLR Script Used in R Software (Cont.) 

# Multi-collinearity 
vif(fit3) #Variance inflation factor 
sqrt(vif(fit3)) > 2 # problem? 
# Use anova() to get the sum of squares for the linear model 
lm.anova <- anova(fit3) 
tss<-sum(lm.anova$'Sum Sq') 
pred.r.squared <- 1-PRESS(fit3)/(tss) 
pred.r.squared #Predictive R-Squared # 0.4301414 
###Shapiro-Wilk's test for normality test f residuals 
shapiro.test(fit3$residuals) #W = 0.99406, p-value = 0.2436 
 
#### Fit the model (4) 
summary(fit3) #R-Squared = 0.4585 AR-Squared = 0.4464  
#Eliminate Categorization.Tier1 
fit4 <- lm(ProcLife ~ Manufacturer + Categorization.Tier2 + Market.Value + 
DownTime.per.Unit 
            + TT.per.Unit + Unit.Age_07Sep19, data=Equip.ProcLife) 
summary(fit4) #R-Squared = 0.4551 AR-Squared = 0.4447  
 
# Use anova() to get the sum of squares for the linear model 
lm.anova <- anova(fit4) 
tss<-sum(lm.anova$'Sum Sq') 
pred.r.squared <- 1-PRESS(fit4)/(tss) 
pred.r.squared #Predictive R-Squared # 0.430845 
 
###Shapiro-Wilk's test for normality test f residuals 
shapiro.test(fit4$residuals) #W = 0.99235, p-value = 0.09841 
 
#### Fit the model (5) 
summary(fit4) #R-Squared = 0.4551 AR-Squared = 0.4447  
#Eliminate DownTime.per.Unit 
fit5 <- lm(ProcLife ~ Manufacturer + Categorization.Tier2 + Market.Value 
           + TT.per.Unit + Unit.Age_07Sep19, data=Equip.ProcLife) 
 
summary(fit5) #R-Squared = 0.4487 AR-Squared = 0.4399 
 
# Use anova() to get the sum of squares for the linear model 
lm.anova <- anova(fit5) 
tss<-sum(lm.anova$'Sum Sq') 
pred.r.squared <- 1-PRESS(fit5)/(tss) 
pred.r.squared #Predictive R-Squared # 0.4257299 
 
###Shapiro-Wilk's test for normality test f residuals 
shapiro.test(fit5$residuals) #W = 0.99139, p-value = 0.05829 
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#### Fit the model (6) 
summary(fit5) #R-Squared = 0.4487 AR-Squared = 0.4399 
#Eliminate TT.per.Unit 
fit6 <- lm(ProcLife ~ Manufacturer + Categorization.Tier2 + Market.Value 
           + Unit.Age_07Sep19, data=Equip.ProcLife) 
summary(fit6) #R-Squared = 0.3971 AR-Squared = 0.3875 
 
###Shapiro-Wilk's test for normality test f residuals 
shapiro.test(fit6$residuals) #W = 0.99022, p-value = 0.03071 
#### It is not normal since p-value<0.05 -> so fit5 is the final model 
##############Check for Normality of 5th Model 
#Cook's Plot 
cutoff <- 4/(nrow(Equip.ProcLife)-length(fit1$coefficients)-2) # cook's D plot, cutoff 
as 4/(n-k-1) 
plot(fit5, which=4, cook.levels = cutoff)                    # identify D values > cutoff   
plot(fit5, which=5, cook.levels = cutoff) 
# qq plot for studentized resid 
qqPlot(fit5, main="QQ Plot") 
# distribution of studentized residuals 
sresid <- studres(fit5)  
hist(sresid, freq=FALSE,  
     main="Distribution of Studentized Residuals") 
xfit5<-seq(min(sresid),max(sresid),length=40)  
yfit5<-dnorm(xfit5)  
lines(xfit5, yfit5) 
###Shapiro-Wilk's test for normality test f residuals 
hist(residuals(fit5)) 
boxplot(residuals(fit5)) 
shapiro.test(fit5$residuals) #W = 0.99139, p-value = 0.05829 Since p-value>0.05 then 
normal 
#Fromthe output, the p-value > 0.05 implying that the distribution of the data are  
#not significantly different from normal distribution.  
#In other words, we can assume the normality 
# check for multi-collinearity with variance inflation factor 
# correlated: none VIF=1, moderately 1<VIF<5, ** highly 5<VIF<10 
vif(fit5) #Variance inflation factor 
sqrt(vif(fit5)) > 2 # problem? 
# There is no concern with collinearity of any of the variable 
summary(fit5) #R-Squared = 0.4487 AR-Squared = 0.4399  
crPlots(fit5) # plotting distribution of errors  
### VIF and p-values say it is good, so no need to do anything else 
#Plot to see how well the final model performs 
plot(fit5) 
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Appendix C: RF Script Used in R Software 

# Conditional Inference Regression Random Forest 
 rm(list = ls()) 
gc() 
setwd("C:/Users/DehlaviK/Desktop/GW University/Courses/EMSE 8199 Paraxis 
Research/New_Data") 
dataMaster <- read.csv(file = "Obsolescence_Data_Mask_d.csv",head=TRUE) 
 
#select a subset of numeric variables for regression modeling 
data <- subset(dataMaster, select = c(Manufacturer, Categorization.Tier1, 
Categorization.Tier2, Categorization.Tier3, 
                                               Market.Value, Failure.per.Unit, DownTime.per.Unit, 
TT.per.Unit, Unit.Age_07Sep19, ProcLife))  
summary (data) 
library(randomForest) 
library(party) 
library(caret)  
library(ggplot2) 
# which variables are important  
set.seed(260) 
fit<- cforest(ProcLife~.,data = data, controls = cforest_unbiased(ntree = 240, mtry = 
3)) 
fit 
cforestStats(fit) #R-Squared = 0.5088488 
# using unconditional mean decrease in accuracy using the approach of Breimanh 
rev(sort(varimp(fit, pre1.0_0 = TRUE))) 
#  using the approach of Hapfelmeier 
rev(sort(varimp(fit)))  
###Construct a train Model 
set.seed(260) 
train<- sample(1:321,225,replace = FALSE) 
# False means no duplication 
traindata<- data [train,] 
testdata<- data [-train,] 
fit<- cforest(ProcLife~.,data = traindata, controls = cforest_unbiased(ntree = 240, 
mtry = 3)) 
fit 
cforestStats(fit) #R-Squared =  0.4520589 
 
#Test data##########Prediction Model 
pred2<- predict(fit,newdata = testdata, type = "response") 
pred2 
cor(pred2, testdata$ProcLife)^2    #R-Squared = 0.5294555 
RMSE(pred2, testdata$ProcLife) # 1766.794 
MAE(pred2, testdata$ProcLife) #1165.977 
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#Quantile Regression Random Forest  
rm(list = ls()) 
gc() 
setwd("C:/Users/DehlaviK/Desktop/GW University/Courses/EMSE 8199 Paraxis 
Research/New_Data") 
dataMaster <- read.csv(file = "Obsolescence_Data_Mask_d.csv",head=TRUE) 
 
#select a subset of numeric variables for regression modeling 
data <- subset(dataMaster, select = c(Manufacturer, Categorization.Tier1, 
Categorization.Tier2, Categorization.Tier3, 
                                      Market.Value, Failure.per.Unit, DownTime.per.Unit, 
TT.per.Unit, Unit.Age_07Sep19, ProcLife))  
summary (data) 
library(randomForest) 
library(party) 
library(caret) 
library(ggplot2) 
library(quantregForest) 
? quantregForest 
set.seed(260) 
train<- sample(1:321,225,replace = FALSE) 
# False means no duplication 
traindata<- data [train,] 
testdata<- data [-train,] 
fit<- quantregForest(x = traindata[, -10], y = traindata[, 10], ntree = 240, mtry = 3, 
nodesize = 5,  
                     importance = TRUE, quantiles = c(0.05, 0.25, 0.5, 0.75, 0.95)) 
fit 
varImpPlot(fit) 
 
plot(fit) 
 
#Validation Model 
pred<- predict(fit,newdata = testdata[,-10], all = TRUE) 
pred<- predict(fit,newdata = testdata, type = "response") 
pred 
cor(pred[,2], testdata[,10])^2 #R-Squared = 0.597584 50 percentile 
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####################Neural Network###################  
# Resilient Backpropagation with Backtracking (rprop+) 
# Resilient backpropagation without Backtraking (rprop-) 
# Smallest learning Rate (slr) 
 
rm(list = ls()) 
gc() 
setwd("C:/Users/DehlaviK/Desktop/GW University/Courses/EMSE 8199 Paraxis 
Research/New_Data") 
dataMaster <- read.csv(file = "Obsolescence_Data_Mask_d.csv",head=TRUE) 
 
#select a subset of numeric variables for regression modeling 
data <- subset(dataMaster, select = c(Manufacturer, Categorization.Tier1, 
Categorization.Tier2, Categorization.Tier3, 
                                      Market.Value, Failure.per.Unit, DownTime.per.Unit, 
TT.per.Unit, Unit.Age_07Sep19, ProcLife)) 
str(data) 
summary (data) 
 
#need to scale the entire data 
str(data) 
data <- scale(data) 
summary (data) 
 
library(neuralnet) 
321*0.7 
set.seed(260) 
train<- sample(1:321,225,replace = FALSE) 
# False means no duplication 
traindata<- data [train,] 
testdata<- data [-train,] 
f<-ProcLife~ Manufacturer + Categorization.Tier1 + Categorization.Tier2 + 
Categorization.Tier3 + Market.Value + Failure.per.Unit + DownTime.per.Unit + 
TT.per.Unit + Unit.Age_07Sep19 



143 
 

 Appendix D: NN Script Used in R Software (Cont.) 

# Resilient Backpropagation with Backtracking (rprop+)  1 hidden model 
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 1, algorithm = "rprop+") 
plot (fitrpropplus1) 
print (fitrpropplus1) 
 
# Predict with compute function - Test Data 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2      
 
# Resilient Backpropagation with Backtracking (rprop+)   3 hidden model     
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 3, algorithm = "rprop+") 
plot (fitrpropplus1) 
 
#test data 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2   
 
# Resilient Backpropagation with Backtracking (rprop+)   5 hidden model     
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 5, algorithm = "rprop+") 
plot (fitrpropplus1) 
 
#test Data 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2    
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# Resilient Backpropagation without Backtracking (rprop-)   1 hidden model     
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 1, algorithm = "rprop-") 
plot (fitrpropplus1) 
print (fitrpropplus1) 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2   
 
 
# Resilient Backpropagation without Backtracking (rprop-)   3 hidden model     
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 3, algorithm = "rprop-") 
plot (fitrpropplus1) 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2    
 
 
# Resilient Backpropagation without Backtracking (rprop-)   5 hidden model     
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 5, algorithm = "rprop-") 
plot (fitrpropplus1) 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2    
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# Smallest learning Rate (slr) 1 hidden model 
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 1, algorithm = "slr") 
plot (fitrpropplus1) 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2    
 
 
# Smallest learning Rate (slr) 3 hidden model 
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 3, algorithm = "slr", stepmax = 
100000) 
plot (fitrpropplus1) 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2   
 
 
# Smallest learning Rate (slr) 5 hidden model 
fitrpropplus1 <- neuralnet (f,data = traindata, hidden = 5, algorithm = "slr", stepmax = 
100000) 
plot (fitrpropplus1) 
pred <- compute (fitrpropplus1, testdata [, -10]) 
pred 
cor (pred$net.result,testdata [, 10])^2   
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# K nearest neighbor for regression 
rm(list = ls()) 
gc() 
setwd("C:/Users/DehlaviK/Desktop/GW University/Courses/EMSE 8199 Paraxis 
Research/New_Data") 
dataMaster <- read.csv(file = "Obsolescence_Data_Mask_d.csv",head=TRUE) 
 
#select a subset of numeric variables for regression modeling 
data <- subset(dataMaster, select = c(Manufacturer, Categorization.Tier1, 
Categorization.Tier2, Categorization.Tier3, 
                                      Market.Value, Failure.per.Unit, DownTime.per.Unit, 
TT.per.Unit, Unit.Age_07Sep19, ProcLife))  
summary (data) 
 
#######Data Partition  
train<- sample(1:321,225,replace = FALSE)   # False means no duplication 
training<- data [train,] 
test<- data [-train,] 
############################KNN Model 
library(caret) 
library(pROC) 
library(mlbench) 
trControl <- trainControl(method = 'repeatedcv', number = 10, repeats = 3) 
set.seed(220) # repeatability of outcome is 220 
fit <-train(ProcLife ~.,  
            data = training, 
            tuneGrid = expand.grid(k=1:70),  
            method = 'knn', metric = 'Rsquared',  
            trControl = trControl, preProc = c('center', 'scale')) 
#Model Performance 
fit # MAE is the Mean Absolote Error 
plot(fit) 
varImp(fit) 
 
##Test Data 
pred <- predict(fit, newdata = test) 
RMSE(pred, test$ProcLife)   
#plot(pred ~ test$ProcLife) 
cor(pred, test$ProcLife)^2  
MAE(pred, test$ProcLife)  
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Appendix F: Poisson Reliability Estimate  

 
 
 
 
 
 
 
 
 
 

  
 

 

Part Number Deployed MTBF Factor (N**R) Exact Calculation

Model 116A 30 785084 2.01 5

R 2190 day
CL 95% confidence level

Poisson mean 2.01
k Poisson Density Probability Distribution

0 0.134196853 0.134196853
1 0.269527335 0.403724188
2 0.270665751 0.674389939
3 0.181205984 0.855595923
4 0.090985677 0.9465816
5 0.036547991 0.983129591
6 0.01223412 0.995363711
7 0.003510227 0.998873938
8 0.000881263 0.999755201
9 0.000196663 0.999951865

10 3.94988E-05 0.999991364
11 7.21194E-06 0.999998576
12 1.20707E-06 0.999999783
13 1.86487E-07 0.999999969
14 2.67535E-08 0.999999996
15 3.5822E-09 0.999999999
16 4.49666E-10 1
17 5.31254E-11 1

=Replenishment Time = 6 Years
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Appendix F: Poisson Reliability Estimate (Cont.) 

 
 
 
 
 
 
 
 
 

  
 

 

Part Number Deployed MTBF Factor (N**R) Exact Calculation

MODEL 633 16 1239174 0.68 2

R 2190 day
CL 95% confidence level

Poisson mean 0.68
k Poisson Density Probability Distribution

0 0.507303612 0.507303612
1 0.344279371 0.851582984
2 0.116821843 0.968404826
3 0.026426877 0.994831703
4 0.004483621 0.999315324
5 0.000608558 0.999923882
6 6.88325E-05 0.999992715
7 6.67327E-06 0.999999388
8 5.66098E-07 0.999999954
9 4.26867E-08 0.999999997

10 2.89691E-09 1
11 1.78725E-10 1

=Replenishment Time = 6 Years
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Appendix F: Poisson Reliability Estimate (Cont.) 

 
 
 
 
 
 
 
 
 
 

  
 

 

Part Number Deployed MTBF Factor (N**R) Exact Calculation

Model 116A 30 785084 1.34 3

R 1460 day
CL 95% confidence level

 
Poisson mean 1.34
k Poisson Density Probability Distribution

0 0.262116818 0.262116818
1 0.350965247 0.613082065
2 0.234965091 0.848047156
3 0.104870011 0.952917167
4 0.035104319 0.988021486
5 0.009400691 0.997422177
6 0.002097866 0.999520043
7 0.000401281 0.999921324
8 6.71627E-05 0.999988487
9 9.99206E-06 0.999998479

10 1.3379E-06 0.999999817
11 1.62855E-07 0.99999998
12 1.81714E-08 0.999999998
13 1.87161E-09 1
14 1.79001E-10 1

=Replenishment Time = 4 Years



150 
 

Appendix F: Poisson Reliability Estimate (Cont.) 

 

  
 

 

Part Number Deployed MTBF Factor (N**R) Exact Calculation

MODEL 633 16 1239174 0.45 2

R 1460 day
CL 95% confidence level

 
Poisson mean 0.45
k Poisson Density Probability Distribution

0 0.636080336 0.636080336
1 0.287782087 0.923862423
2 0.065100684 0.988963106
3 0.009817843 0.998780949
4 0.001110473 0.999891422
5 0.000100482 0.999991904
6 7.57688E-06 0.999999481
7 4.89716E-07 0.999999971
8 2.76953E-08 0.999999999
9 1.39224E-09 1

10 6.29893E-11 1

=Replenishment Time = 4 Years


