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Abstract

DEVELOPING A COST OVERRUN PREDICTIVE MODEL FOR COMPLEX
SYSTEMS DEVELOPMENT PROJECTS

While system complexity is on the rise across many product lines, the resources
required to successfully design and implement complex systems remain constrained.
Because financiers of complex systems development efforts actively monitor project
implementation cost, project performance models are needed to help project managers
predict their cost compliance and avoid cost overruns. This dissertation presents a cost
overrun predictive model for complex systems development projects. The dissertation is
based on a research undertaken to develop the cost overrun predictive model using five
known drivers of complex systems development cost: system performance, technology
maturity, schedule, risk, and reliability.

The dissertation demonstrates how large-scale system development project
managers and systems engineers can use the model to support decision making aimed at
achieving compliance with the Nunn-McCurdy cost overrun requirements. Sixty-nine
aerospace and defense systems development projects were analyzed using logistic
regression leading to the development of the predictive model. Model variables include
system performance, Technology Readiness Levels (TRL), risk, schedule, and reliability.

The final model predictability accuracy was 62.1% for significant cost overrun
and 83.3% for no significant cost overrun respectively, within the statistical boundaries of
the research. Overall, the model is inconclusive on 10 cases, predicts 29 cases as
significant cost overruns and 30 cases as on budget. For the aerospace projects, the

model is inconclusive 7.14% of the cases; predicts 35.71% of the cases as significant cost

vil



overruns; and predicts 57.14% of the cases as no significant overrun outcomes. For
defense projects, the model is inconclusive 19.51% of the cases; predicts 46.34% of the
cases as significant cost overruns; and 34.15% of the cases as no significant cost overrun
outcomes. Therefore, the model predicts more cost overruns for the defense projects than
for the aerospace projects. Specifically the model predicts approximately 36% significant
cost overruns for aerospace projects and 46% for defense projects.

The model identifies schedule and reliability as the key determinants of whether
or not a large complex systems development project will experience cost overrun, within
constraints of the data. Projects that achieve both the defined schedule and reliability
thresholds will have the lowest level of probability for a cost overrun outcome. That is,
projects that fail to meet the requirements of the schedule and reliability criteria are more
likely to experience significant cost overruns, within the statistical boundaries of the
model. Interestingly, the model demonstrates that the TRL threshold alone is not
adequate for preventing a cost overrun. However, the interaction between TRL and

system performance parameters decreases the probability of a cost overrun.
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Chapter 1 - Introduction
1.1 Research Motivation

The exponential growth of software applications, customer expectations, and
computer technology has, in part, increased the complexity of engineering projects and
subsequently extended the lifecycles of these projects (Blanchard, 2003). Managers of
complex engineering programs and projects must contend with limited resources,
including external funding constraints. Many large-scale, complex systems development
projects experience persistent cost and schedule overruns (GAO, 2013). Project sponsors
and developers attribute these overruns to inaccurate expectations about risks, cost, and
schedule (GAO, 2009).

Factors such as immature technology and inadequate systems engineering have
also been cited as causes of large-scale project cost overruns (Meier, 2008). In an effort
to help manage the growth of project costs, the U.S. government instituted a cost overrun
regime for large-scale defense projects. The cost overrun regime and its requirements

were contained in a law called the Nunn-McCurdy Act (Schwartz, 2010).

1.2 Problem Statement

The aerospace and defense industries are characterized by large and complex
projects. Systems engineers and project managers operating in these sectors must address
their project’s unique system architecting challenges in a larger context of federal
regulation of their projects. Specifically, the Nunn-McCurdy Act defines cost overrun
limits, which automatically trigger Congressional action that might result in the

termination of federally funded projects. The law specifically addresses two cases —



significant cost overrun (i.e., breach), and critical cost overrun. According to the law, a
significant cost overrun has occurred when the program or project acquisition cost
increases 15% or more over the current baseline or 30% or more over the original
baseline. A critical cost overrun is experienced when the program or project acquisition
cost increases 25% or more over current baseline estimate, or 50% or more over the
original baseline (Schwartz, 2010). U.S. government sponsored large-scale system
development projects have to comply with these requirements. This in turn imposes
challenges on the technical team and the larger project.

Thirty-one percent (31%) of all DoD major acquisition programs since 1997 have
experienced either a significant or critical Nunn-McCurdy cost breach (DoD, 2013). The
DoD defines major defense acquisition programs as those programs and projects that
require more than $365 million to research, develop, test, and evaluate (GAO, 2013b).
The 365 million threshold includes all planned increments. The dollars are based on fiscal
year 2000 constant dollars (GAO, 2013Db).

It is also noted that during the period 1995-2013 each of the military services
cancelled several major acquisition programs (DoD, 2013) due to cost overruns. These
challenges and project cancellations can have implications for national security and
economic outlook of the U.S. Similarly, the National Aeronautics and Space
Administration (NASA) projects have also experienced cost overruns. The NASA Kepler
mission experienced a cost overrun of $78 million and 9-month schedule delay (IG,
2012); The Mars Science Laboratory (MSL) project experienced $30 million cost overrun
and a 9-month schedule delay because of technology challenges (IG, 2012) and the Glory

Mission project experienced cost overruns that amounted to over $100 million.



A predictive tool that is based on cost overrun drivers can help project managers
determine their cost compliance with the Nunn McCurdy requirements during system
development. At a minimum, such an integrated tool should help projects to make
decisions that would lead to acquisition cost increases that do not exceed 15% of their

current baseline or 30% of their original baseline.

1.3 The Purpose of the Research

This research was designed to develop an empirical model to predict the likelihood of
cost overruns during complex systems development and acquisition. The model is
intended to support decision making efforts aimed at developing systems that meet cost
targets, specifically the Nunn McCurdy cost requirements. The predictive model is based
on a technique that utilized the integrated impact of known drivers of significant cost
overruns in the aerospace and defense sectors. Earlier studies carried out by the U.S.
Government Accounting Office (GAO, 2011, 2012, and 2013) identified system
performance, Technology Readiness Levels (TRL) or technology requirements,
reliability, risk, and schedule as some of the critical drivers for project cost overruns.
Using these five factors, the model predicts the likelihood of a cost overrun occurrence.

The predictive framework outlined in this dissertation, based on the integrated impact
of the five parameters can be used to support system development and acquisition cost
compliance and project management decision making. Logistic regression analysis
techniques were employed to model project performance data to identify the key drivers
of significance cost overruns. The model provides critical insights into the specific

predictors of significant cost overruns during complex systems development.



14 Significance

This research is significant because U.S. government funded, large-scale projects
are required to develop their systems within cost constraints imposed by the Nunn
McCurdy Act. The question is “how can projects determine their cost compliance with
the Nunn McCurdy Act, while balancing the expectations of meeting system
performance, TRL, schedule and reliability objectives?”” A tool that provides insight into
the compliance dynamics will help project practitioners with decision making during
project implementation.

Project performance data on key system development drivers was leveraged for
critical insights on cost overruns. An innovative use for project performance data is to
utilize them to predict compliance with cost expectations or targets. This study focuses on
the ability of large-scale aerospace and defense projects to predict their compliance with
the Nunn McCurdy cost overrun metric instituted by the U.S. government. The proposed
predictive model analyzes the impact of system performance, TRLs, schedule, risk, and
reliability on the Nunn-McCurdy significant cost overrun guidelines.

The research presented in this dissertation will contribute to the conversation on
cost overruns experienced by complex systems development projects, to the on-going
analyses of factors often targeted as causes of cost growth, and to the discussion about
strategies for successful acquisition of complex systems within cost and schedule. The
work also highlights the relationship between project performance indicators and cost
constraints. The results of the study identified schedule and reliability, as the key
determinants of whether or not a large complex systems development project will

experience cost overrun. This finding and the recommended steps outlined in the



dissertation are consistent with best practices outlined by the Government Accountability
Office (GAO) and the National Aeronautics and Space Administration (NASA) for
successful development of complex systems within cost (GAO, 2013; NASA NPR
7123.1).  Other government-funded, large-scale projects in energy and
telecommunications can leverage the framework of the study to monitor cost-target
compliance. Private sector corporations and development projects can also adapt the
predictive model in their efforts to manage costs.

Flyvbjerg (2014) pointed out defining characteristics and attributes of
megaprojects and identified cost overrun and schedule growth, often termed “the iron law
of megaprojects” as some of the key defining elements. In his historical analysis of
megaprojects, Flyvbjerg demonstrated that cost overrun is a project management
challenge for both public and private technological and engineering undertakings
throughout the world. The challenge requires the project management community to
engage in a search for innovative and practical tools for mitigation. The Nunn-McCurdy
significant cost overrun policy can be adapted as a budget management strategy and
implemented on megaprojects around the world. However, scientific study methods
should be used to guide the application of the policy in order to make it practical in those
megaproject environments.

Furthermore, previous research clearly documents that cost overruns of the so-called
“megaprojects” are happening in many countries (Brady and Davies, 2014; Flybbjerg,
2014; Molloy and Chetty, 2015) and thus are not restricted to government-funded
projects in the United States. Thus, users in other countries can also leverage and adapt

the predictive model developed in this research to manage cost overrun challenges.



However, other issues in major projects, like “making innovation happen” (Davies et al.,
2014) or “better knowledge strategies” (Turner et al., 2014; Molloy and Chetty, 2015)
require additional measures.

Aditional significance of this research is that it is based on relevant project
performance data and therefore the modeled findings can be used to support project
decision making. Relevance in this context refers to domain and discipline appropriate
data. The predictive model developed from this research is based on the integrated impact
of system performance, TRL, schedule, risk and reliability on the Nunn McCurdy
significant cost overrun threshold and based on data obtained from U.S. aerospace
(NASA) and defense (DoD) industries.

System performance, TRL, schedule and reliability are critical to successful
system development (Malone and Wolfarth, 2012); (GAO, 2013). It should be noted that
large-scale U.S. government funded projects are expensive undertakings that can cost
millions or billions of dollars. The proposed predictive model can be used to guide
decision making to support efforts aimed at developing products that meet system
performance and reliability requirements within given budgets and save millions of
dollars in the process.

U.S. government funded projects cannot afford the penalties of Nunn McCurdy
breaches, which may include reports to Congress, expensive re-baseline efforts, new cost
control measures and outright project termination. The model can be used as a decision
making support tool for system development cost “compliance temperament check”, and
if necessary to make project implementation adjustments. Additionally, this research is

important because it demonstrated how externally imposed cost regimes can be



interpreted in terms of their impact on system performance, TRL, schedule and reliability
objectives.

The predictive model process is repeatable and can be adapted by projects. This
dissertation demonstrates how large-scale system development projects can use the model
to support decision making aimed at achieving compliance with the Nunn-McCurdy Act
during systems acquisition and development. The use of this model will result in better
decision making in support of successful system architecting and acquisition within cost

targets.

1.5  Research Scope and Limitations

This research was conducted within a framework constrained by the following

factors:

1. Application — The project data analyzed and modeled are based on NASA and
DoD systems development activities. The outcome of the analysis is intended to
guide decision making efforts in support of project implementation, monitoring
and control efforts aimed at ensuring compliance with the Nunn McCurdy cost
overrun threshold.

2. Parameters of Interest - The predictive variables or parameters were confined to
system performance, TRL or technology maturity, risk, reliability, and schedule
(Malone and Wolfarth, 2012); (GAO, 2013).

3. Product Domain — The complex systems leveraged to develop the model were
selected from two established complex system development sources, namely

NASA and DoD.



4. Lifecycle Cost — The projects selected for the analysis were assessed to make sure
they were relevant in terms of relative cost comparison, using the GAO minimum
threshold of $250 million (GAO, 2013).

5. Cost -- Cost Overrun metric was based on the Nunn-McCurdy Significant Cost
Overrun threshold of >15% from current baseline or > 30% from original baseline
as captured in the GAO assessment reports cited for 2009, 2010, 2011 and 2013
(Schwartz, 2010).

6. Lifecycle Phase — The projects that were analyzed were in the development phase
(for the DoD or defense systems) or implementation phase (for the NASA or
aerospace systems).

7. Imposed Definitions — This research used baseline project performance indicators
captured by the GAO Assessments of Selected Large-Scale Projects focusing on
NASA and DoD complex systems development.

8. Analysis Data Size — 69 different projects that met the criteria for the research
were leveraged for the study.

These constraints and boundaries should be considered when employing or interpreting

the research and applying the model.

1.6  Dissertation Organization

This dissertation document is structured to present a proposed cost overrun
predictive model for complex systems development projects. Chapter 1 provides an
overview and context of the research, by explaining the motivation for the study,

describing the problem intended to be addressed by the research, outlining the research



purpose and significance to complex systems development projects and systems
engineering practices. In order to accurately interpret the output of the research, data
constraints, analysis scope and other imposed limitations are given in the later part of
chapter 1.

Chapter 2 of this document reviews current literature on complex systems
development projects and systems engineering processes as a solution framework. The
chapter is intended to establish the basis for project cost management requirements and
the current state of aerospace and defense complex systems development activities from a
cost-compliance stand point. These literature reviews showed that there is a need for an
integrated multivariate quantitative model that can support decision making with regards
to meeting the requirements of a government imposed cost regime while successfully
architecting the complex systems of interest.

The literature reviewed suggests that an effective predictive model should
consider TRLs, risk, and schedule as well as reliability and system performance. Previous
studies indicate that system performance, TRL, reliability, risk, schedule and cost are
known cost drivers for successful complex systems development or acquisition (Malone
and Wolfarth, 2012). These five parameters are important to aerospace and defense
systems development projects because they have direct impact on system effectiveness,
operations, and project cost (GAO, 2012).

The literature is further explored in Chapter 2 to clearly understand the current
state of system development activities with respect to cost performance. Chapter 2 also

discusses previous works on factors responsible for cost and schedule growth. The



literature review concludes with a discussion of relevant variables for a predictive model
to guide systems engineers during project implementation.

Chapter 3 outlines the framework for the research including the goals of the study.
The data collection, data treatment strategy and data analysis methodology are also
discussed. The specific technique used to ensure consistency and common assessment
criteria is presented. The model definition steps are clearly described to aid conceptual
understanding of the final output. The basis for the selection of the research methodology
is explained in this section, including a discussion of the projects of interest selected for
the data analysis. Chapter 3 also defines the variables of the research and explicitly
outlines the project performance assessment indicators, scales and the consistent scoring
method employed with regards to the five variables. The construct for the model, its
validation and sensitivity analysis are also presented. The section concludes with
identification of potential risks to the research and validity of the model. Risk mitigation
techniques employed to neutralize these threats are described.

Chapter 4 presents the model definition process. It outlines steps that were taken
during the modeling process to differentiate aerospace variables from defense variables,
which aided subsequent understanding of the relative impact of each sector on the model.
The final model, which is a mathematical formulation expressed as a probability is
defined together with its corresponding logit expression, predictions, and applications.
The model evolution process involved iterative, multiple steps, using backward
elimination strategies which resulted in the final model. This section details the outcomes
of the modeling steps including prediction robustness of the final model. A summary

correlation matrix of the variables against the model is generated to support the outcome.
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Chapter 5 discusses the results of the analysis, such as relative significance of the
project performance parameters influencing Nunn McCurdy significant cost overruns.
Key predictors of significant cost overruns and model dynamics in support of decision
making are also discussed in this section. Relevant model parameters and their impacts
are explored within the boundaries and limitations of the data sample. Chapter 5 also
presents steps for applying the model in a complex systems development project
environment.

Chapter 6 provides insights into the significant findings of the research and
boundaries for their interpretation. The section highlights the contributions of this
research to systems engineering practice, technical project management and scholarship;
and identifies areas of potential future work needed to expand and enhance the discipline.
Figure 1-1 is a conceptual illustration of the framework for the research undertaking. It
depicts five main steps — research motivation and planning; methodology and structure;
model definition; results; and conclusions. Some of the individual tasks and activities of

the steps are also listed.
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Figure 1-1: Research Conceptual Framework and Roadmap
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Chapter 2 - Literature Review

This chapter provides an overview of the literature and body of work used as basis
for the research. Figure 2-1 is provided as roadmap for the literature review. The section
begins with a review of complex system characteristics, specifically aerospace and
defense products. The discussion includes the current state of the United States (U.S.)
Department of Defense (DoD) system acquisition and National Aeronautics and Space
Administration (NASA) product development challenges including federally-mandated
cost requirements, specifically the Nunn McCurdy cost overrun guidelines. The body of
work reviewed for this segment includes implications of the Act for aerospace and
defense complex system development and root causes of cost overruns.

The role of systems engineering processes as a framework for managing project
and system complexity is briefly described. Chapter 2 also examines the role of
quantitatively derived models in technical decision making. The literature review
concludes with a discussion of relevant variables for a predictive model to guide systems

engineers during project implementation.
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2.1 Complex Systems

Systems are increasing in complexity as a result of technological advancements,
expanding interdisciplinary requirements and social factors (Ryan, Mazzuchi and
Sarkani, 2014; Bayer et al., 2011). The increase in complexity is driven partially by the
exponential growth of software applications, customer expectations and computing
capabilities. Simon (1982) classified systems that are complex as having many parts that
interact in a non-linear fashion. The study of complex systems development activities,
particularly aerospace and defense systems is about ascertaining system level dynamics,
which is an output of the underlying interactions among the subsystems, elements and
parts.

Most of today’s complex systems are characterized by extended lifecycles

(Blanchard, 2003). Eriksson, Borg, and Borstler (2008) argued that part of the growing
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complexity of today’s systems can be attributed to closely coupled mechanical, electrical
and software elements. They also pointed out that systems tend to be characterized by a
customization based on a unique product platform.

Sheard and Mostashari (2009) described complex systems as having emergent-
behavior attributes of their subsystems with an expansive non-linearity that makes
system-level predictions very difficult. It must be noted that there are various dimensions
of system complexity. As depicted in Figure 2-2, system complexity can be characterized
by product domain, cost threshold, operational environment, computing capability

requirements, development lifecycle duration, and funding structures, among other

factors.

System Complexity Dimensions

Operational

Cost Threshold

Computing Capability

Funding Structure

* Billions Environment Requirements » Government

« Millions * Space « Standard Allocations

« Thousands * Populations * Advanced * Fixed or variable
* Virtual/ Computers « Super « Private or Investor-
* Air driven

* Water

Figure 2-2: Examples of System Complexity Dimensions

This research examined the performance of NASA (aerospace) and DoD
(defense) complex systems development projects. In the aerospace and defense sectors,

complex systems, programs and projects are typically characterized by high cost
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thresholds that run in millions of dollars and even in billions in some cases (U.S. DoD
SAR, 2012). Additionally, the operational environments of many these systems add
different layers of technical complexity and reliability requirements to the mix. For
instance, the space environment is very hash on space-based systems due to radiation
effects.

Similarly, weapons systems and aeronautic assets operating in civilian populated
areas required sophisticated design configurations in order to achieve the required
operational objectives and efficiency. System complexity can also differ from one
project domain to another, or from one project scope to another or from one technological
niche to another. In essence, system complexity can be analyzed from various
dimensions. Young, Farr, and Valerdi (2010) investigated various aspects of system
complexity and noted 32 complexity types across 12 disciplines and domains. System
complexity is a critical factor in cost and schedule definition models for acrospace and
defense systems. In these sectors, system complexity has been demonstrated to account

for cost and schedule overruns (Bearden, 2003).

2.2 Complex Systems Development Challenges

In the aerospace and defense sectors, many engineering development projects
often begin without well-defined requirements (NRC, 2008). These projects have often
run into difficulties historically because they had “pre-maturely” accepted engineering
challenges as technically feasible and provided inaccurate expectations about risks, cost,
schedule and reliability to sponsors and stakeholders (U.S. GAO Report, 2009). The

GAO attributed this observation to a “culture of optimism,” among DoD and NASA
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program and project managers, in particular (GAO, 2013).

The culture of optimism cited by the GAO refers to the practice where project
managers and systems engineers underestimate the real cost or the time it would require
to develop a system and therefore fail to accurately understand the risks associated with
the given project (GAO, 2009). Many aerospace and defense systems have experienced
significant and critical cost overruns, which in turn have attracted the attention of the
U.S. Congress (GAO, 2011a). According to the GAO and DoD documentation, a total of
74 program cost overruns occurred between 1997 and 2009. These breaches involved
major U.S. defense acquisition programs. The GAO attributed most of the breaches to
technology and design challenges, schedule growth, requirement changes and quantity
updates.

In 2011 the GAO expressed concern over the inability of defense acquisition
programs and projects to meet cost performance goals. The agency indicated that poor
performing projects were characterized by technology maturity weaknesses, increases in
software development scope and reliability lapses (GAO, 2011b). In 2014 the entire
DoD acquisition program were valued at $1.5 trillion (GAO, 2014b). This is a
significant investment and expenditure by the U.S. government. Acquisition and system
development programs and projects are required to meet cost goals and thresholds
established by Congress and agreed to by the DoD. The U.S. Congress uses the Nunn
McCurdy Act to ensure project compliance with its cost guidelines. Both aerospace
(NASA) and defense (DoD) acquisition projects have to meet significant and critical cost
overrun targets set by the Act. Figure 2-3 (GAO, 2014a) depicts the average cost

overruns and schedule delays experienced by selected major NASA projects that were in
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the implementation phase. NASA programs and projects with lifecycle cost of over $250
million are classified as major large-scale programs or projects (GAO, 2009).

As noted by the GAO report (2014a), NASA is beginning to show signs of
improvement in cost and schedule performance. However, there are many projects still

struggling to meet required cost and schedule targets.
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Figure 2-3: Average Cost and Schedule Overrun of Selected Major NASA Projects in
Implementation Phase

Source: GAO, (2014a)

23 Complex Systems Development Project Assessment
In this literature review subsection, project performance assessments and on-

going analyses of project success factors by various contributors are outlined to
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contextualize the value of the research. Project performance assessment is a complicated
undertaking with many challenges. Gemuenden and Lechler (1997) point out that the
challenge with project performance assessment or project success measurement is multi-
dimensional because there are many factors that impact successful project outcomes and
should be considered in analyses of success. Thamhain (2013) argues that analytical
models cannot adequately capture the complexities and dynamics of project risks. The
project performance “measurement” challenge is further compounded when the project
involves multiple organizations, contractors, and sub-contractors with different execution
processes, funding mechanisms, stakeholder communities, and competing interests.
Thamhain (2013) further indicates that part of the project assessment challenge is
that project managers and senior managers often disagree on the actual causes of project
performance deficiencies. It can be argued that project performance assessment is not
about measurements of performance, but rather an attempt to use the analyses to ascertain
the causes of the current state and to use the performance indicators to inform project
management decisions, such as cost compliance. The definition of project success
measurement is the subject of on-going debate within the project management
community. The conventional assessment of project success, which is often based on
performance, schedule, and cost criteria (also called the iron triangle), is now receiving
critical analysis from academia and practitioners. Gemiinden (2015) points out three areas
that the conventional method fails to capture in its assessment of project success —
stakeholder benefits, output exploitation value, and strategic contributions. However,
sponsors of complex systems development projects in the aerospace and defense sectors

continue to depend on the conventional assessment as the primary measure of project
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success (GAO, 2013).

Serrador and Turner (2015) demonstrate the close relationship between project
success (i.e., project efficiency) that is defined by performance, schedule, and cost targets
on one hand and by overall project success, which attempts to quantify stakeholder
satisfaction on the project’s strategic accomplishments, on the other hand. In the
aerospace and defense sectors, project efficiency is primarily informed by how well the
project achieved system performance requirements, schedule and cost targets, and
reliability factors (Malone and Wolfarth, 2012; GAO, 2013). Williams et al. (2012)
advise project managers to learn from project performance indicators that signify
unacceptable outcomes. They called these performance indicators relevant early warning
signs and further maintained that these signs can be leveraged by projects to avoid project
failure or to mitigate cost overrun. In order to appreciate the significance of cost and
system performance indicators and impacts, analytical studies should be conducted early
in the lifecycle (Meier, 2008). Project baseline assessment outcomes should inform
subsequent decision making within the project management framework and systems

engineering implementation.

24 Modeling Project Success

Sharon, De Weck, and Dori (2011) point out the significance of interactions
between product structure and project management activities during system development
and implementation. The interactions and iterative processes between product structure
and project management activities are designed to maintain traceability and consistency

across all system levels (Sharon, De Weck, and Dori, 2011). As a product development
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process, systems engineering translates system requirements into design, functional, and
physical architecture, which ultimately results in the product of interest (Sage and Lynch,
1998). System development activities, project management events, and project teams
should all be aligned in order to achieve successful project outcomes (Eppinger and
Salminen, 2001; Sharon, De Weck, and Dori, 2011).

However, capabilities to manage project complexities through future state control
mechanisms are critical to project management practice (Caron, Ruggeri, and Merli,
2012). The capabilities may include tools to predict possible outcomes, including cost
and schedule, which could impact the project either negatively or positively. Predictive
models and other analytical tools can help foster better understanding of the factors that
impact project performance outcomes and in so doing facilitate alignment between
system development and project management activities.

Overall project success measurement is important (Turner and Zolin, 2012).
However, U.S. government sponsors of complex systems development projects are
interested in the ability of projects to meet system performance requirements, schedule,
and cost targets (GAO, 2013). In fact, the GAO has continuously expressed concern over
the inability of aerospace and defense projects to meet cost and schedule expectations.
The Nunn-McCurdy cost overrun guideline was enacted to help with the challenge. In
order to meet this cost overrun requirement, there is a need for tools and innovative
techniques that will help project managers predict their compliance level as well as
ascertain the relevant criteria responsible for satisfying the requirement. However,
innovative practices and methods for managing complex systems development challenges

should be based on empirical analyses (Berggren, Jarkvik, and Soderlund, 2008). Meier
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(2008) asserts that many critical factors need to be investigated in order to understand
project performance drivers that are responsible for the significant cost overruns
experienced by U.S. government large-scale defense projects. Predictive models are some
of the tools that can be used to analyze, isolate and quantify project success variables.
Previous project performance and systems engineering studies also suggest that a
multivariate quantitative predictive model would be an effective tool for forecasting cost
overruns and understanding relevant criteria with respect to cost overruns. Shenhar and
Dvir (2007) modeled project success using five predictors including project efficiency,
team satisfaction, customer impact, business success, and preparation. In 2011, a sub-
committee of the National Defense Industrial Association (NDIA) considered models as
part of a system’s technical baseline, which included all the major acquisition lifecycle
activities. Turner and Zolin (2012) also developed a project success model that captures
stakeholder perceptions on outputs, outcomes, and impacts over different time periods.
With regard to the relevant variables to be included in a cost overrun predictive
model, Jackson, Vanek, and Grzybowski (2008) define relevant “metrics” as those
elements that quantify the impact of key systems engineering processes and milestone
events. Biltgen, Ender, and Mavris (2006) argued that technology-based metrics and
system performance metrics should also be considered. Bearden, Yoshida, and Cowdin
(2012) and Bitten, Bearden, and Emmons (2005) demonstrated quantitatively that
schedule is a function of cost and system complexity. Malone and Wolfarth (2012)
pointed out that unrealistic and often optimistic lifecycle cost estimates have resulted in
many Nunn-McCurdy cost and schedule breaches. In addition, the GAO (2009) indicated

that many DoD systems development efforts are cancelled due to cost and schedule
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growth.

Sauser et al. (2013) highlighted the importance of technology maturity to complex
system development projects by proposing a project management technique that is driven
by a technology maturity roadmap. This approach, called “Earned Readiness
Management,” attempts to drive forward the entire system development process,
including scheduling, monitoring, and evaluation, based on technology maturity state.
Finally, Volkert, Stracener, and Yu (2014) indicated that U.S. defense acquisition project
management personnel have demonstrated the importance of monitoring their complex
projects through use of risk modeling and performance quantification tools. Thus, the
research suggests that metrics related to system performance, TRLs, or technology
maturity, reliability, schedule, and risk would be most useful. As a result, a five-factor
predictive model that would support project personnel and systems engineers as they

make cost overrun compliance decisions is proposed.

2.5  Aerospace and Defense Systems Development Programs and Projects

In this subsection, complex systems development program and project
characteristics, expectations, and success factors, including cost overrun requirements
instituted by the U.S. government are reviewed. A program initiates and directs one or
multiple projects that are related to a common strategic investment with a defined
architecture and requirements (NASA NPR 7120.5 E, 2012). A project has specific
objectives with defined requirements, lifecycle cost and a schedule indicating a beginning
point and an end point (NASA NPR 7120.5 E, 2012). In addition, a project may have

interface with other projects. By definition, projects produce products (new or modified)
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that address defined needs or requirements. The GAO captures NASA project
performance assessment data as “Assessments of Selected Large-Scale Projects,” but
refers to DoD project performance data as “Assessment of Selected Weapon Programs.”
In this research, the term project is used for both NASA and DoD systems development
undertakings assessed by the GAO based on the study criteria.

The aerospace and defense industries are both characterized by large, complex
programs and projects. Project managers and systems engineers operating in these sectors
must address their projects’ unique performance challenges in the larger context of U.S.
government regulation of their projects. Specifically, the Nunn-McCurdy Act defines cost
overrun limits, which automatically trigger U.S. Congressional action that might result in
the termination of federally funded projects. A cost overrun predictive model can help
guide project managers and systems engineers as they pursue compliance.

Most importantly, project managers need to ascertain the relevant factors that, if
not controlled, can result in cost overruns. Projects in these sectors have faced many cost
overruns in recent times (GAO, 2013) and therefore present opportunities to investigate
project performance indicators for the relevant causes. The aerospace and defense sectors
represent product domains where systems are characterized by high levels of complexity
and high development costs. For example, defense systems’ lifecycle cost thresholds can
run in the millions of dollars (United States Department of Defense Selected Acquisition
Report, 2012). Weapon systems and aeronautic assets operating in civilian-populated
areas require sophisticated design configurations in order to achieve the required
operational objectives and efficiency. As a result of the technical demands of their

operating environments, every aerospace and defense system requires several analyses to
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explore and accurately understand all available options that are technically feasible
within given constraints that include cost, operations, reliability, safety, and schedule
(NASA Systems Engineering Handbook, 2007).

In the aerospace and defense sectors, different design scenarios involving system
performance, TRLs or technology requirements, reliability factors, development
schedule, risk, and cost are explored to determine the optimal configuration of these
parameters that may result in a system that meets customer requirements. These five
parameters are of importance to defense and aerospace systems because they have direct
impact on system effectiveness, operations, and project cost (GAO, 2012; Malone and
Wolfarth, 2012).

It is even more important to understand how these parameters affect or impact
cost overruns. An attempt to model these predictive variables using a large dataset of
project performance outcomes will contribute to the discussion and provide valuable
information for project managers and systems engineers during project implementation.
Complex systems development project cost overrun is a challenge for both government
and private sectors. Flyvbjerg (2014) point out that an extensive record of data on large-
scale systems development projects show that cost overruns have been high and constant,
with no signs of collective improvement. Historically, many aerospace and defense
systems development projects have run into difficulties because they had pre-maturely
accepted engineering challenges as technically feasible and, therefore, provided
inaccurate expectations about risks, cost, schedule, and reliability to sponsors and

stakeholders (GAO, 2009).
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2.6 The Nunn McCurdy Act and Cost Overrun Levels

The Nunn-McCurdy Act was passed into law by the United States Congress in
1983 to require DoD acquisition programs and other large-scale federal government
projects to report to Congress when they exceed certain established cost overrun
thresholds (Schwartz, 2010). The law has been amended many times over the years to
reflect evolving federal project management and reporting practices. The initial intent of
the law was to help control persistent cost overruns associated with many defense
systems development efforts. The law specifically addresses two cases — significant cost
overrun (i.e., breach) and critical cost overrun. According to the law, a significant cost
overrun has occurred when the program acquisition cost increases 15% or more over the
current baseline or 30% or more over the original baseline. A critical cost overrun is
experienced when the program acquisition cost increases 25% or more over the current
baseline estimate or 50% or more over the original baseline (Schwartz, 2010).

The law has allowed Congress to exercise effective oversight over DoD system
acquisition cost overruns and other government large-scale system development efforts,
including complex aerospace systems developed by NASA. The significant cost overrun
threshold of the Act is used for the model developed in this research. In other words, the
predictive model developed is intended to guide projects to make decisions that would
lead to acquisition cost increases that do not exceed 15% of their current baseline or 30%
of their original baseline. The significant cost overrun threshold was chosen for the
analysis because projects that avoid significant cost overruns also avoid critical cost

overruns. Although the initial target of the law was defense acquisition programs and
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projects, it is now applicable to U.S. government sponsored large-scale system

development activities including NASA projects.

2.6.1 Application of the Law

The Nunn McCurdy Act entails holding project officials including contractors
publicly accountable for managing cost. Under the law, program acquisition executives
and project managers are required to inform Congress in writing, when a program or
project is confirmed to have experienced Nunn McCurdy significant cost overrun. The
information sent to Congress on the breach should include reasons for the cost overrun
including changes in performance and schedule, completion updates, changes in
projected cost, program or project management personnel, and cost control measures
instituted (Schwartz, 2010). On the other hand, when a critical cost overrun occurs, the
actions are somehow severe. First, the affected agency must conduct a series of
investigations, analyses and assessments including root cause analysis. After the
investigations, the project must be terminated unless the Agency or the Defense Secretary
certify to Congress that the project in question will not be cancelled because it is critical
to national security, or there are new and better cost control structures implemented to

check the overrun (Schwartz, 2010).

2.6.2 Impact of the Law
The Nunn McCurdy Act serves as a platform for increased visibility into cost
performance dynamics of large-scale government funded projects. It is an additional tool

for the U.S. Congress, in terms of its strategic oversight responsibilities. Generally
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speaking, the Law has served as a guideline for program and project development cost
management. There are programs and projects that have been terminated because they
breached the law. The Navy Area Defense (NAD) program was cancelled in 2001, and in
2008 the Armed Reconnaissance Helicopter (ARH) was also terminated (Schwartz,
2010). Similarly, in 2006 the National Polar-orbiting Operational Environmental Satellite
System (NPOESS) program breached the Nunn McCurdy law prompting a Congressional
review of the program (Meier, 2008). Meier (2008) also cited the F-22A and the army’s
Future Combat System (FCS) as other large-scale complex system development
programs that breached the Nunn McCurdy Act. The Space Based Infrared Systems
(SBIRS) Program has also experienced multiple cost overruns, specifically a breach in

2002 and another in 2005 (NRC, 2008).

2.6.3 Causes of Nunn McCurdy Cost Overruns

Sharon, De Weck and Dori (2011) argued that projects risk cost overruns when
they fail to control interactions among project activities and product development
processes. These interaction points are important because system architecting activities
and decisions take place within project control and monitoring structures. The National
Research Council, which is known for its independent analysis of scientific and
engineering activities in the U.S., after its review of the Space Based Infrared Systems
(SBIRS) program concluded that the causes of the SBIRS cost overruns and schedule
growth could be attributed to systems engineering issues.

The NRC cited (1) system complexity, (2) immature requirements, (3) immature

technology or low TRL during onset of the project, and (4) poor oversight and contract
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management. The GAO through its periodic assessment of large-scale aerospace and
defense projects (GAQO, 2013) has corroborated the NRC findings. In 2009, the GAO
reported that many DoD programs were proceeding into the development phase without
matured technologies. These programs were also experiencing requirements instability.

The NASA Inspector General (IG) report issued in 2012 also identified system
complexity, technology challenges and unstable funding mechanism as some of the
critical factors responsible for cost overruns and schedule delays (IG, 2012). The report
pointed out that NASA program managers and executives often underestimated the
complexity of the required system and technologies needed to implement missions.
Inaccurate assessment of system complexity and critical technologies translate into
inaccurate estimate of project development cost and implementation schedule. For
example, NASA’s Kepler mission experienced a cost overrun of $78 million and 9-month
schedule delay (IG, 2012).

NASA attributed the overrun to technology challenges. Specifically, the mission
failed to accurately assess the impact of a heritage technology adapted for the mission,
which ultimately resulted in re-work and delay. The NASA Mars Science Laboratory
(MSL) also experienced $30 million cost overrun and a 9-month schedule delay because
of technology challenges (IG, 2012). The MSL mission was authorized to begin program
implementation although the program did not have seven of its critical technologies
matured at the preliminary design review phase (GAO, 2011a).

Furthermore, GAO indicated in 2012 after its review of NASA projects that most
of the Agency’s projects did not meet the GAQO’s technology maturity and design

stability guidelines and therefore risked experiencing cost overruns and schedule delays
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(GAO, 2012). It is important for complex system development projects to demonstrate
appropriate technology maturity level before proceeding into implementation. Projects
are susceptible to cost overruns and schedule delays when they proceed to system
development phase without matured technologies (GAO, 2011a). The Glory Mission
also had one of its critical technologies, the Aerosol Polarimetry Sensor qualified as
immature at preliminary design review (PDR) (GAO, 2011a). However, the Agency
authorized the project to proceed into implementation. Eventually, the project
experienced cost overruns that amounted to over $100 million due to technology
challenges with the Aerosol Polarimetry Sensor subsystem (GAO, 2011a).

It is important to note that NASA may have technical, operational and strategic
reasons for approving these projects to proceed despite technology maturity statuses at
PDR and other milestones. In many instances, the Agency acknowledged the challenges
and instituted mechanisms to improve cost and schedule management (GAO, 2010a).
Successful project implementation frameworks require objective analyses of key
performance indicators in order to make decisions that would lead to systems being
developed within budget constraints.

A study conducted by Deloitte Consulting LLP using data from DoD projects that
spanned a ten-year period, from 1997 through 2007 revealed that system complexity is
correlated with cost overruns (Deloitte Consulting, 2008). This is a significant
observation because system complexity is tied to a project’s ability to innovate the
required technologies on time and implement risk management techniques that can help

to successfully implement the system.
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2.6.4 Nunn McCurdy Cost Overrun Breaches

According to the GAO and DoD Selected Acquisition Report documentation, a total of
74 Nunn McCurdy breaches have occurred between 1997 and 2009 (DoD SAR, 2012).
Out of this total, 39 were critical and 35 were significant breaches. These breaches
involved major U.S. defense programs and projects. The GAO attributed most of the
breaches to engineering and design challenges, schedule growth, and requirement
changes or quantity updates. Table 2-1 is a record of Nunn McCurdy breaches between

1997 and 2009 for DoD programs.

Table 2-1: Nunn-McCurdy Breaches by Calendar Year, 1997-2009
Source: GAO analysis of DoD data (2011b)

Year Number of Original Current Baseline Both Current and
breaches baseline Original Baseline

2009 8 4 4 4

2008 4 1 3 2

2007 5 1 4 1

2006 10 9 1 7

2005 17 13 4 2

2004

2003

2002

2001 11

2000 0

1999

1998 3

2.7 Systems Engineering as a Framework Solution
As indicated earlier, system complexity is on the rise across many product lines.

However, the resources required to successfully design and implement complex systems
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are constrained in today’s environment. Systems engineering is an established discipline
for managing system or product development complexities. The NRC (2008) in its
review of the SBIRS program concluded that the program experienced cost overruns
because of systems engineering issues. In essence, if effective systems engineering
processes had been used to manage the technical complexities of the program, the cost
overruns could have been avoided or mitigated significantly. Sage and Lynch (1998)
presented systems engineering as a product development process that involves a series of
engineering decision steps seeking to translate system requirements into conceptual
design, functional and physical architecture that eventually results in a developed
product.

In order to successfully execute systems engineering functions and processes to
realize the system, quantitatively constructed models and tools are utilized to guide and
inform decision making. The INCOSE Systems Engineering Handbook version 3.2.2
(INCOSE Handbook, 2011, pp. 6), defines systems engineering as:

“An interdisciplinary approach and means to enable the realization of
successful systems. It focuses on defining customer needs and required functionality
early in the development cycle, documenting requirements, and then proceeding with
design synthesis and system validation while considering the complete problem:
operations, cost and schedule, performance, training and support, test, manufacturing,
and disposal. Systems engineering considers both the business and the technical
needs of all customers with the goal of providing a quality product that meets the user
needs.”

The NASA systems engineering Handbook (NASA, 2007, pp.3) also describes
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systems engineering as:

“The art and science of developing an operable system capable of meeting
requirements within often opposed constraints.” The NASA Handbook addresses the
fundamental question of “how to” implement system engineering on a project. The
document serves as a systems engineering implementation guide to the aerospace
community. The Handbook (NASA 6150, 2007) further indicates that systems
engineering efforts have to strive for a balance between design and conflicting
constraints.

These systems engineering definitions from INCOSE and NASA highlight certain
important facts:

1. The systems engineering effort should be concerned with customer

needs early in the development lifecycle.

2. The complete challenge of the problem should be considered including
cost, schedule, and performance.

3. System development efforts often take place in an environment of
opposing constraints. In other words, the engineering of systems
involves meeting system performance goals that may be at conflict with
a given schedule and budget.

Systems engineering undertakings are complex, particularly on large-scale
projects. Combinations of multiple technical processes and guidelines often support the
implementation of systems engineering on projects. Many of these technical processes
are executed through the use of tools and models. The technical decision making steps

are analyzed with the aid of models and quantitative tools. The NASA Systems
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Engineering Procedural Requirements (NPR) 7123.1B identifies 17 common technical
processes for implementing systems engineering on a project. NASA refers to these 17
processes and requirements as the NASA Systems Engineering Engine. Refer to Figure
2-4 for a representation of the NASA Systems Engineering Engine. The NASA NPR
7123.1B provides guidelines on all key systems engineering technical processes,

milestones and reviews.
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Figure 2-4: NASA Systems Engineering Engine
Source: NASA NPR 7123.1B

Details of the NASA systems engineering technical processes, including their definitions,

outputs and significance are provided in Table B-2.
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In addition, INCOSE’s Systems Engineering Handbook, version 3.2.2 provides

descriptions of common systems engineering technical processes. Table 2-2 captures

system definition processes through operations as identified by INCOSE. The reviewed

published literature, the INCOSE Systems Engineering Handbook, the NASA NPR

7123.1B and Systems Engineering Handbook all highlight the importance of technical

processes to successful development of complex systems.

Table 2-2: INCOSE Common System Development Technical Processes
Adapted from INCOSE’s Systems Engineering Handbook, version 3.2.2 pp. 56-139

Common Systems Engineering
Technical Processes

Descriptions

Stakeholder Requirements Definition
Process

Defines the requirements for a system that
can provide the services needed by users and
other stakeholders in a defined environment.

Requirements Analysis Process

Transforms the stakeholder, requirement-
driven view of desired services into a
technical view of a required product that
could deliver those services.

Architectural Design Process

Synthesizes solutions that satisfy system
requirements. It identifies and explores one
or more implementation strategies at a level
of detail consistent with the system’s
technical and commercial requirements and
risks.

Implementation Process

Transforms specified behavior, interfaces and
implementation constraints into fabrication
actions that create a system element
according to the practices of the selected
implementation technology. This process
results in system elements that satisfy specified
design requirements through verification and
stakeholder requirements through validation.

Integration Process

Assembles a system that is consistent with the
architectural design. Combines system
elements to form complete or partial system
configurations in order to create a product
specified in the system requirements.

Verification

Confirms that the specified design
requirements are fulfilled by the system.
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Transition Establishes a capability to provide services
specified by stakeholder requirements in the
operational environment.

Validation Provides objective evidence that the services
provided by a system when in use comply
with stakeholders’ requirements, achieving
its intended use in its intended operational
environment.

Operation Uses the system in order to deliver its
services.

2.7.1 Systems Engineering and Project Performance

Sharon, De Weck, and Dori (2011) point out the significance of interactions
between product structure and project management activities during system development
and implementation. The interactions and iterative processes between product structure
and project management activities are designed to maintain traceability and consistency
across all system levels (Sharon, De Weck, and Dori, 2011). As a product development
process, systems engineering translates system requirements into design, functional, and
physical architecture, which ultimately results in the product of interest (Sage and Lynch,
1998). System development activities, project management events, and project teams
should all be aligned in order to achieve successful project outcomes (Eppinger and
Salminen, 2001; Sharon, De Weck, and Dori, 2011).

In order to achieve the alignment proposed by Eppinger and Salminen (2001) and
Sharon, De Weck and Dori (2011), systems engineering and project teams should be
provided with tools that provide quantitative insights into both system architecting
dynamics and project performance metrics. The proposed Cost Overrun Predictive Model
for Complex Systems Development Projects analyzes five known drivers of complex

systems development project cost and predicts the probability of cost overruns during
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implementation. The insights generated from the tool’s predictions can be used to make

project implementation adjustments.

2.7.2 Project Dynamics and Systems Engineering

Several factors have been cited as the reasons for cost overruns experienced by
U.S. government funded large-scale product development and system acquisition
projects. Various GAO reports (2009, 2011 and 2013) identified over-confident project
managers, inaccurate assessment of technology readiness levels and its implications,
unrealistic life-cycle cost estimates, contract management and performance issues, and
poor acquisition contract strategy as some of the causes of project cost overruns. Meier
(2008) in his work on complex projects, signaled out risk management, systems
engineering and trade studies as critical to successful project performance. He argued
that systems engineering efforts should be used by projects to maintain established
project baselines and avoid the cost of immature requirements and technologies.

In order to understand and ascertain the specifics of system development cost
drivers, project managers, systems engineers and project personnel should be equipped
with relevant analytical models to support project performance decision making.
Williams et al., (2012) advised projects to learn from project performance indicators that
signify unacceptable outcomes. They called these performance indicators relevant early
warning signs and further maintained that these signs can be leveraged by projects to
avoid project failure or to mitigate cost overrun. In order to appreciate the significance of
cost and system performance indicators and impacts, analytical studies should be

conducted early in the lifecycle (Meier, 2008). Project baseline assessment outcomes
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should inform subsequent decision making within the project management framework
and systems engineering implementation. The Cost Overrun Predictive Model for
Complex Systems Development Projects allows projects to determine the critical driver(s)
of Nunn McCurdy significant cost overruns. Systems engineers and project personnel can
use the analyses provided by the model to support decision making aimed at achieving

compliance with the Act.

2.8 Complex Systems Development Project Success Factors

In today’s systems development environment, projects and acquisition programs
must meet technical performance requirements, schedule constraints, reliability goals and
budgetary requirements. Therefore successful system development is defined in the
context of achieving these expectations. Projects can navigate these challenges with
careful planning, analyses and decision making support models early in the lifecycle
(National Research Council, 2008). In order to be successful, projects must balance these
often conflicting performance drivers in a systematic manner through the art of systems

architecting, implementation and analyses feedback loops.

2.8.1 Impact of Technology Maturity on Projects

In situations where the technology doesn’t exist, studies can be carried out to
research how long it would take to develop, test and mature the required technology. It is
also equally important to determine processes, operational requirements and expertise
required to successfully mature the technology. It should be noted that technology
related variables have direct impact on project risk, performance, reliability, schedule,

and cost (GAO, 2013). The impact and implications of integrating technology into a
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system should be thorough studied to the extent possible. Suh et al. (2010) demonstrated
the impact of technology infusion on an existing system. Their work provides a
framework for estimating the overall cost and gains associated with a new technology
that is infused into a parent system. Even matured technologies with high TRLs have
associated costs and impact factors when introduced into complex systems. Biltgen,
Ender and Mavris (2006) argued that in order to reduce project cost, developers should be
able to evaluate technology options and conduct studies with system performance as a

primary parameter for the investigation.

2.9  Predictive Models in Support of Decision making

The role of models and modeling has received significant attention in recent
systems engineering scholarship and practice. Models can be described as mathematical
relationships or constructs that define the underlying relationship dynamics among a set
of variables within a bounded system. The mathematical representations provide a
quantitative depiction of the relationships among the variables or parameters. A model
can also be considered an abstraction of reality or logical depiction of a product (NASA
SE Handbook 6105, 2007).

These attributes allow an analyst to observe what will happen as parameters are
altered. This predictive property of models is critical to successful system development
efforts. For instance, models are used to map out sub-system behaviors in a series of steps
aimed at ascertaining system performance and clearly understand the effect of a change
on the overall system. Linear programming, non-linear programming, network analysis,

queuing theory, decision trees, Markov processes, and dynamic programming are some
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examples of analytic models. It is important to point out that models can also be
represented in the form of hardware or guidelines (Chollar, Morris and Peplinski, 2008).

The systems engineering field is re-emphasizing the use of models in
understanding proposed architectures and systems under development. There is a
converging agreement within the systems engineering community on the importance and
role of models in the practice of the trade. The importance of models is further
highlighted in a report produced by the National Research Council (2008), which
recommended the use of effective and adequate models to support analyses of selected
architecture options. A sub-committee of the National Defense Industrial Association
(NDIA) in 2011 also considered models as part of a system’s technical baseline, which
included all the major acquisition lifecycle activities. The predictive capabilities of
models are essential in complex system development.

Predictive models are cost-effective tools for demonstrating system behavior and
in the process isolate key system development drivers or parameters in terms of
performance, cost, schedule and reliability. However, such models should be carefully
constructed. Dean and Salstrom (1998) argued that analytic models are based on
approximations backed by assumptions that may not be realistic and therefore the
mathematics underlying the models should be carefully understood. In order to make
predictive models effective, they should be derived from relevant datasets, and be
applicable only to the relevant disciplines.

Previous research suggests a multivariate quantitative predictive model would be
an effective cost overrun compliance and management tool for project personnel and

systems engineers. Works by Ryan, Sarkani and Mazzuchi (2014); Paredis and Johnson,
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(2008) have illustrated the effective use of models to evaluate architecture alternatives in
efforts aimed to achieve successful systems development. In order to effectively use
models to support decision making, the models must be based on relevant variables or

predictors.

2.10 Systems Development Parameters for the Model

In terms of defining relevant variables to include in a model, Jackson, Vanek and
Grzybowski (2008) defined relevant “metrics” as those elements that quantify the impact
of key systems engineering processes and milestone events. Biltgen, Ender and Mavris
(2006) argued technology-based metrics and system performance metrics should be also
considered by systems engineers conducting analyses in support of successful project
implementation. Clausen and Frey (2005) maintained reliability strategies embedded into
failure mode avoidance were required for robust system architecting and technology
development. Bearden, Yoshida and Cowdin (2012) and Bitten, Bearden and Emmons
(2005) quantitatively demonstrated schedule as a function of cost and system complexity.

Malone and Wolfarth (2012) pointed out that unrealistic and often optimistic
lifecycle cost estimates have resulted in many Nunn-McCurdy cost and schedule
breaches. In addition, the GAO (2009) indicated many DoD system development efforts
are cancelled due to cost and schedule growth. Finally, Volkert, Stracener, and Yu (2014)
indicated that U.S. defense acquisition program management personnel have
demonstrated the importance of monitoring their complex programs through use of risk
modeling and performance quantification tools. Thus, the research suggests metrics
related to system performance, Technology Readiness Levels (TRL) or technology

maturity, reliability, schedule, and risk would be most useful. As a result of this review, it
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was determined that a five-factor predictive model would support systems engineers as

they make systems architecting decisions.

2.10.1 Variables of Interest

The literature reviewed suggests that an effective predictive model should consider
system performance, TRLs, risk, schedule and liability as the predictive variables.
INCOSE’s Systems Engineering Handbook, version 3.2.2 identifies cost, risk, and system
performance as parameters that are almost investigated in every trade study conducted in
support of project implementation. Chollar, Morris and Peplinski (2008) expressed
concern over the inability of product development teams to accurately predict cost drivers
early in the lifecycle, particularly the factors that can lead to cost overruns and schedule
growth. Suh et al. (2010) demonstrated that even matured technologies with high TRLs
have associated costs and impact factors when introduced into complex systems or
infused into a parent system.

Malone and Wolfarth (2012) points out that technology readiness assessment and

TRL processes are vehicles for ascertaining technology maturity but fall short of
providing adequate quantitative picture of the “overall system of system maturity.” While
analyzing cost overruns associated with complex weapon systems, Azizian, Mazzuchi
and Sarkani (2011) concluded that conducting formal technology readiness assessments
does not yield adequate quantitative and qualitative information that can be used to drive
projections about the system’s future state and performance. These observations further
underscore the need for a quantitatively derived model that is based on integrated impact

of the key system development drivers of cost overrun. The literature review identifies
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System performance, TRLs, risk, schedule and liability as the key predictive variables of

program and project development cost.
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Chapter 3 - Research Methodology

The validity of a research outcome is essentially based on the methodology
employed to conduct the study. A research methodology must be informed by the context
of the problem and the discipline. Systems engineering is a multi-discipline approach to
architecting and developing a system of interest. The multi-disciplinary nature of
systems engineering makes analytical studies involving the practice quite challenging to
conduct. Consequently, a research methodology should be carefully selected to enhance
and maintain data fidelity and consistency. To achieve these goals, one relevant and
credible source was identified for the required data. As a quantitative-based research, the
data was carefully screened to ensure that indicators were explicit, consistent and clearly
explained. This chapter focuses on the design of the research, data analysis techniques
including relevant variables’ definition, data assessment criteria, cross-validation method,

sensitivity assessment protocols and model validity risk mitigation strategies.

3.1  Research Goals

This research was designed to develop an empirical model to predict the
likelihood of cost overruns during project implementation. Complex systems
development project performance data was leveraged for critical insights into cost
overruns. The model is intended to support decision making efforts aimed at developing
systems that meet cost constraints particularly the Nunn McCurdy cost requirements. The
research aims to provide a better understanding of the specific predictors of significant
cost overruns in aerospace and defense systems acquisition projects, using data from

NASA and DoD. U.S. government funded projects cannot afford the penalties of Nunn
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McCurdy breaches, which may include project cancellations. Consequently, the model
can be used as a decision making support tool for project cost “compliance check” and if
necessary make adjustments or even prepare for outright project cancellation.
Additionally, this research demonstrates how externally imposed cost regimes can
be interpreted in terms of their impact on system performance, TRL, schedule and
reliability objectives. The principal objective for modeling the impact of system
performance, TRL, risk schedule and reliability on significant cost overrun cases is to
quantitatively identify the key predictors of significant cost overruns. Models especially
cost-related models are very useful to systems engineering activities, particularly when

used to support decision making (Chollar, Morris and Peplinski, 2008).

3.2 Research Design

As pointed out earlier in this chapter, one relevant and credible source was
identified for the required data. The U.S. Government Accounting Office (GAO)
organization is recognized for its consistent assessment of government-funded projects.
In recent years, the GAO has stimulated systems engineering conversations with its
datasets, findings, analyses, and recommendations (GAO, 2009, 2010, 2011, 2012, and
2013). The GAO reports captured as “Assessment of Selected Large-Scale Projects” were
chosen as the source documentation for the required data. Recent reports, specifically
data from 2009, 2010, 2011, 2013, and 2014 project assessment were reviewed in support
of this research. The specific assessment reports used were those issued on NASA
(aerospace) and DoD (Defense) projects. The data was carefully screened to ensure that

indicators were explicit, consistent and clearly explained.
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3.2.1 Research Domain — Aerospace and Defense

The aerospace and defense industries present opportunities to develop and apply a
cost overrun predictive model, because these two sectors represent product domains
where systems are characterized by high levels of complexity and expensive development
cost. For example, defense systems’ lifecycle cost thresholds can run in the millions of
dollars (U.S. DoD SARs, 2012). Weapon systems and aeronautic assets operating in
civilian populated areas require sophisticated design configurations in order to achieve
the required operational objectives and efficiency. In order to design systems that can
operate successfully in challenging environments such as space and populated areas,
aerospace and defense systems require several studies and analyses to explore and
accurately understand all available options that are technically feasible within the given
constraints including cost, operational, reliability, safety, and schedule (NASA Systems
Engineering Handbook, 2007).

Aerospace and defense systems development projects leverage trade studies as
opportunities for comparing and analyzing design alternatives (NASA Systems
Engineering Handbook, 2007). Different design scenarios involving system performance,
TRLs or technology requirements, reliability factors, development schedule, risk and cost
are explored to determine the optimal configuration of these parameters that “may” result
in a system that meets customer requirements. These parameters are of importance to
aerospace and defense systems development projects because they have direct impact on

system effectiveness, operations, and cost (GAO, 2012); (Malone and Wolfarth, 2012).
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Historically, many aerospace and defense system development programs and
projects have run into difficulties because they had “pre-maturely” accepted engineering
challenges as technically feasible, and therefore, provided inaccurate expectations about
risks, cost, schedule, and reliability to sponsors and stakeholders (U.S. GAO Report,
2009).

This research is aimed at understanding the Nunn McCurdy significant cost
overrun drivers from a standpoint of five parameters of interest; system performance,

TRL, risk, schedule and reliability.

3.3  Data Collection

The U.S. GAO assessment of selected large-scale projects documents provide
detailed system development and acquisition information at key milestone baselines
including cost and schedule performance outcomes. The data include information on
project development cost, schedule, technology maturity or TRL, design stability and
issues, technical challenges, system reliability challenges, and subsequent deltas among
other project performance indicators. During the data collection activity, the GAO
documentations were reviewed to identify project performance indicators and outcomes

reflected in the project baseline data.

3.3.1 Data Inclusion
An aerospace or defense project has to meet the following evaluation criteria in
order to be selected for inclusion in the dataset:

(a) A project cost of $250 million or more.
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(b) The project must be in either implementation phase for NASA projects or in

development phase for DoD projects.

(c) The project has to have data for all five variables of interest for the analysis

(i.e., system performance, TRL, risk, schedule and reliability).

The research started with 38 NASA (aerospace) projects and 56 DoD (defense)
projects. Three out of the 38 aerospace-based projects were in the formulation phase and
therefore did not meet the criteria for inclusion in the dataset. Seven were removed from
the dataset because they were missing one or more of the critical variables. Therefore a
total of 28 NASA (aerospace) projects were included in the dataset for analysis.

Similarly, 15 of the 56 DoD (defense) projects were eliminated from final dataset
because they were missing one or more of the critical variables. Using these criteria, a
total of 69 aerospace and defense systems development projects were selected as the
sample for this research, and their performance outcomes in terms of system
performance, TRL, reliability, risk, and schedule were noted and coded for statistical

analysis

3.4 Data Analysis

This section describes the data that were leveraged for the analysis and presents
the operational definitions of the parameters as well as the scoring method used for the
criteria assessment. The analysis involved data obtained from the GAO Assessments of
Large-Scale Projects. Sixty-nine individual NASA and DoD systems development
projects that met the criteria for the research were selected for the analysis. Project

performance outcomes in terms of system performance, TRL, reliability, risk, and
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schedule were reviewed and prepared for the model construct, logistic regression, and
subsequent model output and application. The U.S. GAO project assessment criteria were
used to measure each of the parameters. The GAO has used these specific criteria as best
practices since 2009 to assess complex projects at key milestones (GAO, 2014). These
assessment criteria were leveraged to ensure consistency with the data source, and also
based on the recognition that the GAO, as an independent entity has validated the criteria
and matured its elements through its assessments of U.S. government-funded complex

projects.

3.4.1 Variables Definition

The relationship between the parameters of interest and their respective
assessment criteria is explained in this subsection. Operational and scale definitions used
for the five variables analyzed in this research are also described.

1. System Performance refers to the technical performance requirements of the
system of interest as reflected in the design stability indicators. The assessment of
this variable is an indicator of whether the defined design stability criteria as
reflected in the baseline information were “achieved” or “not achieved.” The
GAO uses design stability as indicator of a project's ability to demonstrate that it
is capable of meeting system performance requirements (GAO, 2009, 09-306SP,
p. 7; GAO-10-227SP 2010, p. 8) within cost and schedule. This study uses this
definition as the basis for the system performance parameter assessment and
subsequent coding. Although design matures over time, the GAO has established

through its various assessments that DoD and NASA projects that met the design
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stability criteria as defined, achieved system performance requirements within
given cost and schedule constraints (GAO, 2010). Design stability may improve
over time and meet system performance requirements, but at what cost? The GAO
(2015) maintains that complex system acquisition projects should demonstrate
that their system designs meet performance requirements and can be produced
within cost and schedule at specified quality levels. The design must be
demonstrated to show that it performs as required through realistic system-level
testing before making production decisions (GAO, 2015, p. 87). In other words,
projects could consider design stability as an indicator of system performance at a
given cost target and schedule. The scale used for the scoring and the criteria
leveraged for the assessments are presented below:

Scale: 0 or 1:

* Score = 1: At least 90% of all engineering drawings/models were
releasable by Critical Design Review (CDR). That is, all engineering
models for the design were in a matured state by the CDR milestone.
Projects that generated three-dimensional engineering product models
by CDR were also considered to have met the requirement.

* Score = 0: Above criterion is not met.

TRL or technology maturity refers to the technology requirements of the system
of interest, which includes both critical and heritage technologies. The assessment
of the TRL variable is an indicator that all critical technologies of the system of
interest achieved TRL 6 maturity by the Preliminary Design Review (PDR) or

before being integrated into product/system development. Based on its assessment
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findings, the GAO (2011) recommends that projects should mature their
technologies to TRL of 6 by PDR in order to avoid costly re-design work and
delays. NASA’s systems engineering policy (NPR 7123.1) also recommends TRL
of 6 by PDR. These best practices were leveraged to define the TRL parameter
criteria assessment used in the scoring and analysis. Definitions of the
Technology Readiness Levels are provided in Table B-1 in Appendix B.
Scale: 0 or 1:

* Score = 1: Critical technologies achieved TRL 6 maturity by the PDR

or before being integrated into product/system development.

* Score = 0: Above criterion is not met.
Schedule refers to a project’s ability to maintain its estimated development
duration/ schedule at a less than six months over the baseline schedule during
implementation. The assessment of this variable is an indication that the project
has not experienced schedule growth exceeding six months over the baseline.
NASA projects are required to report to Congress when a milestone is likely to be
delayed by six months or more. The GAO and NASA (GAO, 2009, page 11)
accept this threshold as best practice. This condition (6-month milestone delay
limit as used in this research) affects the analysis through the system integration
review (SIR) gate point. Bitten et al., (2010) in their study demonstrated that
schedule growth tends to manifest or show after CDR. Therefore, by using the
SIR gate as the cut-off point allows the best practice to be integrated into the
analysis. This (the 6-month limit) is considered schedule baseline for all NASA

projects with estimated life-cycle costs of at least $250 million. The GAO
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analysis indicates that significant cost and schedule growth occurs when a
project’s cost or its schedule growth exceeds the thresholds established for
Congressional reporting (GAO, 2009, p. 11). These factors informed the use of
the schedule baseline of six months as the parameter assessment criteria.
Scale: 0 or 1:

* Score = 1: Project is less than six months over the baseline schedule.

* Score = 0: Above criterion is not met.
Reliability refers to the technical and performance reliability of the system as
demonstrated during testing and design analyses. The assessment of this variable
establishes whether the project achieved reliability requirements or not as
observed in the technical stability of the system under development. The GAO
maintains that in order to avoid costly system failures during late development
stages, system reliability should be demonstrated through realistic system-level
testing and design analyses before making production decisions or entering the
implementation phase (GAQO, 2009 p. 7). According to the GAO, projects that
experience either design issues, sub-system testing failures, or test and integration
issues fail to successfully produce the required systems within given cost and
schedule thresholds. Bearden (2008) points out that the greatest growth of
project cost occurs during post-CDR due to integration and reliability challenges.
Therefore, the criteria for reliability as defined in this research has a cut-off point
at the system integration (SIR) review gate to ensure that projects have done
adequate preparation to minimize post-CDR impacts.

Scale: 0 or 1:
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* Score = 1: Project has none of the following: 1) design issues; 2) parts
or sub-system testing failures; and 3) test and integration issues as
indicated by the Project Update section of the annual GAO Report
titled Assessments of Selected Large-Scale Projects.

* Score = 0: Above criterion is not met.

Risk refers to significant project challenges and issues identified and captured in
the baseline metrics. The assessment of this variable indicates whether the project
experienced significant challenges that could impact or threaten the successful
implementation of the system or not. Risk as used in this study refers to
significant project challenges and issues identified and captured in the baseline
metrics. These are challenges that could impact successful implementation of a
system that meets system performance, cost, schedule, and reliability
requirements. According to the GAO, projects that experienced either acquisition
management; contractor performance issues, technical or parts reliability issues,
external partner issues, or funding issues failed to successfully produce the
required systems within given cost and schedule thresholds. Bearden (2008)
points out that the greatest growth of project cost occurs during post-CDR due to
integration and reliability risk factors. Therefore, the criteria for risk as defined in
this research has a cut-off point at the system integration (SIR) review gate to

ensure that projects have done adequate preparation to minimize post-CDR

impacts.
Scale: 0 or 1:
* Score = 1: Project has none of the following: 1) acquisition
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management or contractor performance issues; 2) technical or parts
reliability issues; 3) external partner issues; and 4) funding issues as
indicated by the Project Update section of the annual GAO Report
titled Assessments of Selected Large-Scale Projects.

e Score = 0: Above criterion is not met.

3.4.2 Data Capture and Coding

Project data were captured by the GAO in narrative reports under the following
subtitles: design stability, technology maturity, development schedule, development cost,
reliability, and funding issues. For example, design stability, which is used in this
research as an indicator of system performance, was determined by the percentage of
engineering models or drawings completed by the CDR milestone. The GAO used a
framework that indicated that projects with at least 90% of all engineering drawings
completed by CDR were considered to have matured designs that ensured stable system
performance (GAO, 2013). Similarly, there were assessment criteria for the other model
parameters. These GAO-established criteria were used to assess the outcome of each
parameter for all the 69 projects.

The assessment outcomes on the five parameters as captured in the project
baseline information (e.g., design, technology issues, funding, schedule, risk, and
reliability narratives) were coded into two categories: “achieved” or “not achieved.”
Using this binary analysis protocol, values of either 1 or 0 were assigned to each of the
parameters of interest (performance, TRL, risk, schedule, and reliability), with “1” being

assigned to cases where the criteria were achieved as indicated by the outcome of the
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criteria assessed and “0” assigned to cases where the criteria were not achieved. In order
to determine whether a project achieved defined criteria or not, the GAO assessment

criteria were leveraged to establish the performance outcome of each area.

3.4.3 Using a Binary Scale for Coding

A binary scale is used for the scoring because it works with the available
information and corresponds to the type of data being measured and therefore has less
bias in this context (IPM, SPSS 2013, p. 55). The binary method was adopted to reduce
unintended bias that could accompany relative grading. This approach ensured
consistency and a common assessment framework, and reduced the level of subjectivity
that could otherwise impact personal conclusions or a range of values. This technique
was also informed by the fact that the criteria used for the parameter assessments were
streamlined at specific thresholds/cut-off points, defined by either achieved or not
achieved. For example, projects assessed to have at least 90% of engineering models
completed at CDR were assigned “achieved” while those with 80% were assigned “not
achieved.”

It is also important to note that the binary scoring method has limitations. Data
preparation steps such as the binary scoring method for statistical analysis can be
influenced by biases (SPSS, 2013) and individual judgmental adjustments (Eroglu and
Croxton, 2010). In order to mitigate the possibility of input bias, the scores were
validated against the GAO-documented project performance outcome indicators to
ensured consistency between the criteria assessment framework and the interpretation of

the performance outcomes for scoring.
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The objectivity or subjectivity of the GAO process can be debated. However, it is
on record that the GAO offered the DoD and NASA projects the opportunity to provide
inputs and responses to the assessment. In many of the GAO assessments, the projects
reported their performance indicators while providing reasons for challenges and
projections. Relying on these already assessed outcomes and applying them consistently
mitigate the issue of who gets to decide a score of 1 or 0. For example, throughout the
study “design issue” is defined, interpreted, and scored consistently across all the projects
evaluated using the same criteria definition.

A range of intermediate values or a granular approach could have also been used
to score the performance outcomes. However, this method will require a baseline point
for the range of values, and associated interpretations. It is important to note that the
binary scale was adopted primarily because it corresponds to the GAO-sourced
information being analyzed (IPM, SPSS 2013, p. 55) and also to ensure consistency with

the criteria assessment framework of the GAO dataset.

3.5  Logistic Regression Analysis

Engineering and other technical disciplines have experienced an increase in
computer-based analysis tools made possible by innovations in software programming
and other technological advancements. There are now various analysis methods for
gaining quantitative insights into technical data. These methods include linear regression,
binary logistics regression, multinomial regression, non-linear regression, and ordinal
regression. However, each approach has unique and inherent analysis capabilities and

limitations. The selection of a suitable method or optimal regression analysis method
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should be principally based on the unique characteristics of the data being analyzed, the
discipline and the model objectives. For this research, logistics regression was selected
for the analysis because it is effective for situations requiring ability to predict
dichotomous outcomes, and also useful for examining relationships between multiple
predictor variables and anticipated binary response (IBM SPSS 22).

Logistic regression is a statistical method used to analyze and study the
relationship between a group of predictor variables, X, and a dichotomous dependent
outcome variable, Y (Archer et al., 2007). The logistics regression model can be stated
as:

Logit(p)= Ln(p/(1-p))=Bx [Equation 3-1]
where,
p = Pr{Y=1}, representing the probability of dependent outcome variable
3 = vector of regression parameters

x = regressor effects matrix

Peng, Lee and Ingersoll (2002) indicated that logistic regression is a useful analytic
method for problems involving binary response outcomes. The dataset used for the
analysis was made of project development baseline performance indicators. The
independent variables were coded as 1s and Os for analysis. The dichotomous
dependent variable was determined by whether significant cost overrun as defined by
the Nunn-McCurdy requirements (Schwartz, 2010) occurred or not. Statistical
Analysis System (SAS) version 9.3 software program was used to conduct logistic

regression analysis on the dataset.
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3.6  Risks to Research and Model Validity

There are potential risks to the validity of a research and its outcomes. Valerdi,
Brown and Muller (2010) indicated that research construct interpretations, internal causal
relationships, external applicability and data reliability are the leading risks to research
validity. The following four steps describe the risks that could be associated with the

research and the techniques that were executed to mitigate their impacts.

3.6.1 Research Construct Interpretations

The parameters of interest being investigated, namely system performance, TRL,
reliability, risk, schedule and cost were clearly defined and consistently contextualized
throughout the research to avoid confusion or misinterpretation. Secondly, the criteria for

establishing project performance scores were explicit and consistently applied.

3.6.2 Internal Validity

Internal validity as used in this context is the ability to show that any causal
relationship that may exist among predictive variables is not a significant risk to the
analysis and the predictive accuracy of the model. The model evolution steps did not
show any causal relationships among the variables. However, engineering operations and
projects are set up in ways that make it challenging to account for all internal causative
relationships. Valerdi (2005) argues that engineering projects are impacted by many
variables such that it is difficult to account for all relevant variables as could be achieved
in a controlled experiment. In this research, steps were taken to reduce the negative effect

of this phenomenon on the research, by ensuring that the variables of interest were clearly
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established through the literature review process as project performance indicators. This
research was interested in the integrated impact of the variables of interest on cost
overruns. The modeling process was aimed at detecting the quantitative nature of the

impact on cost overrun.

3.6.3 External Applicability

External validity is an indicator of the ability to implement the research findings
in new contexts. This research is repeatable and statistically concluded to be applicable in
new environments through a cross-validation technique, which proved that the model was
not over-fitted and that the model will make accurate predictions on new datasets. It
should be noted that the external validity of this research is dependent on the research
boundaries, context and limitations clearly described in chapter 3 and reinforced in

chapter 5 of the dissertation.

3.6.4 Data Reliability

In order to ensure reliability of the data and the research outcomes, the data was
screened to eliminate non-qualifying indicators. The research started with 38 NASA
(aerospace) projects and 56 DoD (defense) projects. Three out of the 38 aerospace-based
projects were in formulation and therefore did not meet the criteria for inclusion in the
dataset. Seven were removed from the dataset because they were missing one or more of
the critical variables. Therefore a total of 28 aerospace projects were included in the
dataset for analysis. Similarly, 15 of the 56 defense-based projects were eliminated from

final dataset because they were missing one or more of the critical variables. Using these
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criteria, 69 aerospace and defense systems development projects were selected as the
sample for this research. The 69 aerospace and defense projects were diverse in terms of

their complexity, scope, and hardware and software content.
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Chapter 4 - Model Definition

This chapter describes the model evolution steps, its prediction capabilities and
attributes. Previous studies as highlighted in the literature review section (Chapter 2 of
this dissertation) indicate that system performance, TRL, schedule, reliability and risk,
are critical drivers for successful system development (Malone and Wolfarth, 2012).
These parameters are of importance to aerospace and defense systems development
projects because they have direct impact on system effectiveness, operations, and project
cost (GAO, 2012). The U.S. GAO continues to track these project performance
parameters because they are known to affect cost overruns and successful large-scale
project implementation.

There is a need to quantitatively identify the specific predictors of cost overruns
and a model that demonstrates the dynamics of association of the predictive variables
with cases of cost overruns. In so doing, systems engineers and project personnel will be
able to use the formulation to inform their decision making during project execution. The
literature reviewed as well as previous works on complex systems development and
acquisition reinforced the need for the study and the predictive model.

In order for a model to be helpful in decision making, it must exist within a
defined context and bounded by explicit indicators. The context for the model’s
application should be factored into the model definition process. Therefore, steps were
methodically taken to identify the relevant variables for the model. The inherent
attributes of the data and the intended application areas of the model also informed the

modeling technique used.
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Chapter 4 presents the mathematical construct and formula that were leveraged to
develop the model. The model output is expressed as a formulation within this baseline

construct.

4.1 Model Development Method

System performance, TRL, schedule, reliability and risk were selected as the
predictive variables for the modeling process based on the literature review. During the
modeling process, all the variables were factored into the analysis. Specific indicators
were used to differentiate DoD (defense) project variables from the NASA (aerospace)
ones. The indicator *dod was used to denote DoD variables or data points. This was done
to aid subsequent comparison between the two complex system development areas as
well as their relative contributions to the final model. In all multiple iterative steps were
executed, using backward elimination technique to methodically remove parameters with
large p-values because of their insignificant impact on the model. Tables 4-1, 4-2, 4-3, 4-
4, 4-5, 4-6, 4-7 and 4-8 represent the analysis of maximum likelihood estimates from the
modeling initiation point through final model selection steps using the backward

elimination technique.

Modeling Initiation Process

Using equation 3-1 as the basis for the logistic regression, the following letters were used
to represent the predictor variables: x= (P, T, S, Re, and Ri) and cross terms such as T*S,
P*T, T*Re,

where

P = Performance

62



T=TRL

Ri = Risk

S = Schedule

Re = Reliability
A single model was fitted to the NASA and DoD data jointly. The modeling process
started with a total of twenty-one (21) terms. The original 5 variables, plus one additional
indicator variable (DOD) used to check for significant difference between NASA and
DOD projects and all 15 two way interaction terms of these variables. Table 4-1 contains
twenty (20) of the terms. The SAS tool indicated that T*Ri did not show up in the initial
set captured as an output in Table 4-1 because it was a linear combination of other
variables and therefore was set to 0. Consequently the modeling process was initiated
with the terms and combinations recorded in Table 4-1. The modeling essentially
involved eliminating terms with large p values one by one through backward elimination
technique until the initial model captured in Table 4-2 was obtained. The process

continued until a more parsimonious final model was realized in step 4-8.
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Table 4-1: Analysis of Maximum Likelihood Estimates for Modeling Initiation Point.

*dod = DoD parameter or indicator

Parameter DF Estimate Standard Wald Chi- | Pr>ChiSq
Error Square

Intercept 1 0.2877 0.7638 0.1419 0.7064
dod 1 -0.2877 1.2583 0.0523 0.8192
P 1 19.0539 291.2 0.0043 0.9478
T 1 3.5190 177.1 0.0004 0.9841
Ri 1 63.0946 -517.4 0.0149 0.9030
S 1 -9.5160 100.9 0.0089 0.9249
Re 1 8.5393 226.0 0.0014 0.9699
dod*P 1 -10.4482 147.0 0.0051 0.9433
dod*T 1 5.7142 1454 0.0015 0.9686
dod*Ri 1 -16.0480 177.1 0.0082 0.9278
dod*S 1 10.7359 35.1610 0.0932 0.7601
dod*Re 1 19.9691 178.4 0.0125 0.9109
P*T 1 -16.0468 177.1 0.0082 0.9278
P*Ri 1 7.9191 248.8 0.0010 0.9746
P*S 1 -19.0539 209.9 0.0082 0.9277
P*Re 1 -27.8809 339.7 0.0067 0.9346
T*S 1 14.9425 227.6 0.0043 0.9476
T*Re 1 -3.1128 227.7 0.0002 0.9891
Ri*S 1 63.0946 497.4 0.0161 0.8991
Ri*Re 1 70.8173 507.5 0.0195 0.8890
S*Re 1 -60.0196 497.4 0.0146 0.9040
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Step 1 of Model Evolution Process:
Parameters with large p-values were factored out or removed.

Table 4-2: Analysis of Maximum Likelihood Estimates for Step 1
*dod = DoD parameter or indicator

Parameter DF Estimate Standard Wald Chi- Pr>ChiSq
Error square

Intercept 1 0.1797 0.6047 0.0883 0.7664
P 1 3.0389 1.8806 2.6111 0.1061
T 1 7.8378 3.2707 5.7424 0.0166
T*dod 1 -3.3578 2.6141 1.6499 0.1990
Ri 1 -1.2763 1.4830 0.7407 0.3894
S 1 -7.2940 2.8134 6.7215 0.0095
dod*S 1 3.5975 2.4339 2.1846 0.1394
Re 1 -3.6996 2.0253 3.3368 0.0677
dod*Re 1 2.1138 2.0357 1.0783 0.2991
P*T 1 -5.9937 3.0620 3.8315 0.0503
Ri*S 1 3.3456 1.9841 2.8432 0.0918

Step 2 of Model Evolution Process:
Parameters with large p-values were factored out or removed. In step 2, the Ri (Risk)
parameter was removed because of its large p-value. Refer to Table 4-2.

Table 4-3: Analysis of Maximum Likelihood Estimates for Step 2
*dod = Defense parameter or indicator

Parameter DF Estimate Standard Wald Chi- Pr>ChiSq
Error square

Intercept 1 0.1753 0.6034 0.0844 0.7715
P 1 3.2557 1.8042 3.2563 0.0711
T 1 7.4444 3.0871 5.8149 0.0159
T*dod 1 -2.4878 2.2719 1.1990 0.2735
S 1 -6.7750 2.6081 6.7479 0.0094
dod*S 1 3.0462 2.2177 1.8868 0.1696
Re 1 -3.9420 1.9657 4.0215 0.0449
dod*Re 1 1.8355 1.9582 0.8786 0.3486
P*T 1 -6.7453 2.9597 5.1941 0.0227
Ri*S 1 2.5940 1.7589 2.1749 0.1403
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Step 3 of Model Evolution Process:
Parameters with large p-values were factored out or removed. In step 3, the dod*Re (DoD
Reliability) parameter was removed because of its large p-value. Refer to Table 4-3.

Table 4-4: Analysis of Maximum Likelihood Estimates for Step 3
*dod = DoD parameter or indicator

Parameter DF Estimate Standard Wald Chi- Pr>ChiSq
Error square
Intercept 1 0.1711 0.6023 0.0807 0.7763
P 1 2.3965 1.4582 2.7009 0.1003
T 1 6.2182 2.6103 5.6746 0.0172
T*dod 1 -0.9189 1.4139 0.4224 0.5157
S 1 -6.0104 2.2908 6.8835 0.0087
dod*S 1 2.5880 1.9904 1.6906 0.1935
Re 1 -2.3392 0.8928 6.8641 0.0088
P*T 1 -6.1530 2.7433 5.0306 0.0249
Ri*S 1 2.2806 1.6750 1.8538 0.1733
Step 4 of Model Evolution Process:
Parameters with large p-values were factored out or removed.
Table 4-5: Analysis of Maximum Likelihood Estimates for Step 4
*dod = DoD parameter or indicator
Parameter DF Estimate Standard Wald Chi- Pr>ChiSq
Error square
Intercept 1 0.1617 0.5998 0.0727 0.7875
P 1 2.3024 1.4463 2.5340 0.1114
T 1 5.4210 2.1889 6.1333 0.0133
S 1 -5.2910 1.8938 7.8052 0.0052
S*dod 1 1.7858 1.4906 1.4352 0.2309
Re 1 -2.2186 0.8662 6.5608 0.0104
P*T 1 -6.0935 2.6865 5.1445 0.0233
S*Ri 1 2.1930 1.6412 1.7856 0.1815

Step 5 of Model Evolution Process:

Parameters with large p-values were factored out or removed.

Table 4-6: Analysis of Maximum Likelihood Estimates for Step 5
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Parameter DF Estimate Standard Wald Chi- Pr>ChiSq
Error square

Intercept 1 0.1264 0.5910 0.0457 0.8307
P 1 2.2206 1.4216 2.4399 0.1183
T 1 4.9685 2.1631 5.2759 0.0216
S 1 -3.8664 1.3012 8.8300 0.0030
Re 1 -2.1585 0.8594 6.3076 0.0120
P*T 1 -5.5169 2.6456 4.3483 0.0370
S*Ri 1 1.8370 1.5869 1.3399 0.2470

Step 6 of Model Evolution Process:

Parameters with large p-values were factored out or removed.

Table 4-7: Analysis of Maximum Likelihood Estimates for Step 6

Parameter DF Estimate Standard Wald Chi- Pr>ChiSq
Error square

Intercept 1 0.1346 0.5923 0.0516 0.8202
P 1 1.5338 1.2537 1.4967 0.2212
T 1 3.7635 1.6971 4.9178 0.0266
S 1 -2.7973 0.7639 13.4090 0.0003
Re 1 -1.6534 0.7304 5.1244 0.0236
P*T 1 -3.8606 2.0299 3.6172 0.0572

Step 7 Final Model Output

Table 4-8: Analysis of Maximum Likelihood Estimates for Final Model

Parameter DF | Estimate Standard Wald Chi- Pr>ChiSq
Error square
Intercept 1 0.4454 0.5437 0.6710 0.4127
T 1 3.1182 1.5518 4.0376 0.0445
S 1 -2.6413 0.7307 13.0669 0.0003
Re 1 -1.3014 0.6514 3.9921 0.0457
T*P 1 -2.2134 1.4400 2.3626 0.1243

The final Model is expressed here as a logit in Equation 4-2 is derived from:
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E(Log(pi/(1-pi))= n + B2T + B4S + BsRe + B12P*T (SAS, 2010) [Equation 4-1]
where, the response of cost overrun is expressed as E(Log(pi/(1-pi)). The rest of the terms
in the equation are:

| = intercept

B2 =Regression Coefficient of T or TRL

B4=Regression Coefficient of S or Schedule

Bs- Regression Coefficient of Re or Reliability

B12 - Regression Coefficient of P*T or system performance interacting with TRL

pi - Probability of significant cost overrun
Using equation 4-1 and the final estimates in Table 4-8, a logit expression for the final
model is defined as:
logit(pi)= Log(pi/(1-pi)) = 0.4454 + 3.1182T - 2.6413S - 1.3014Re - 2.2134(T*P) [Equation 4-2]
where,

pi = Probability of significant cost overrun

P = System Performance (0/1)

T =TRL (0/1)

Ri = Risk (0/1)

S = Schedule (0/1)

Re = Reliability (0/1)
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It should be noted that variables that had small p-values in the original model had
large p-values after other terms were deleted, and therefore were deleted in search of a
more parsimonious model. The large p-values were deleted because of their statistically
insignificant impact on the final model. The output for the final model is captured in
Table 4.8. The output shows that the DoD (defense) variables were eliminated from the

final model based on their large p-values.

4.2 Cross-Validation Execution

The value of a model is derived from its ability to accurately predict outcomes for
new datasets or cases. In order to demonstrate this capability of the Cost Overrun
Predictive Model for Complex Systems Development Projects, a cross-validation method
was executed. Specifically, a 10-fold cross-validation was employed to prove that the
model was not over-fitted and that the model would make accurate predictions on new
datasets. To execute the 10-fold cross-validation, the dataset from the 69 projects was
randomly divided into 10 sub-groups using a random number generator. An iterative
approach was then employed to fit the model to 9/10 of the elements in each of the 10
sub-groups, each time leaving 1/10 of the data out of the model constructing effort.

The model was then applied to the holdout test data and predicted probabilities of
the test observations made. After repeating the procedure for all the 10 sub-groups, model
accuracy and fit statistics were calculated based on the area under the Receiver Operating
Characteristic curve (ROC) generated. A ROC is a plot of sensitivity against 1-
specificity, which depicts the statistical significance of the model’s ability to predict on
future observations. The ROC also indicates that the model is not over fitted. For this

research, the area under the ROC curve was estimated to be .7402 or 74.02%. Refer to
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Figure 4-1 for the ROC curve plot. Also, refer to Table 4-9 for the data partition details

for the Hosmer and Lemeshow test carried out to further ascertain if the model fits well.

ROC curve
o _
= L]
. e
® ¢ & & & & 0 @ & 0 0 " S s " s e
© ......:
ch S
L I
L ]
L )
.
© | .
>o ® @ @&
-‘§ ® 0 0 0 0 0
E L ]
8 .
A = .
© .
L[]
[ ]
[ ]
L ]
g, .
.
L ]
* e o
L ]
31+
\ \ \ \ \ \
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Figure 4-1: Receiver Operating Characteristic (ROC) Curve
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Table 4-9: Partition for the Hosmer and Lemeshow Test

Data Grouping Outcome =0 Outcome = 1
Group Total Observed Expected Observed | Expected
1 17 2 1.18 15 15.82
2 10 1 1.69 9 8.31
3 4 2 1.30 2 270
4 9 3 4.61 6 4.39
5 11 6 6.70 5 4.30
6 1 | 0.72 0 0.28
7 17 15 13.79 2 321

The Hosmer and Lemeshow (L-H) Goodness-of-Fit Test values were 3.8065 for chi-

square at DF 5 and Pr>ChiSq of 0.5776. The large p-value suggests the model fits well.

4.3 Model Accuracy Evaluation and Sensitivity Analysis

The 10-fold cross-validation process outlined gave a more accurate assessment of
the model’s ability to predict outcomes on new datasets and confirm that the model was
not over fitted. In order to determine the statistical significance of the model’s prediction,
sensitivity and specificity tests were carried out to rule out scenarios of false negative and
false positive predictions. Sensitivity is a calculated probability that a statistical model’s
test will result in positive for a true statistic, while specificity is the computed probability
that the model’s test will produce negative for a true negative statistic.

Using the cross validation prediction values, a two cut point decision rule was
adopted in which the false positive rate (FPR) and false negative rate (FNR) were equally

small, which corresponds to selecting two cut-points with equally large values of
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sensitivity and specificity. Cut-points are modeling techniques used to identify realistic
indicator values or thresholds during predictions to serve as guidelines for subsequent
decision making (Taylor, Ankerst, and Andridge, 2008). A statistical p-hat concept was
employed to support the two cut-point decision rule. A p-hat in this context is defined as
the proportion of the total sample size that is used as representative of the sample being
studied, and for purposes of this research analysis the p-hat values are .6 and .4
respectively. Therefore the two cut-points were p-hat > .6 and p-hat < .4 with FPR and
FNR values of .359 and .400 respectively. The two cut-points were then used to establish
the strength of the model including false positive and false negative predictions:
* Atp-hat> .6 there will be cost overrun.
* At .4 <p-hat <.6 there is uncertainty about final cost overrun status.
* Atp-hat < .4 there will be no cost overrun.
The following conclusions were made regarding the model’s accuracy of prediction:
1. Sensitivity (true positive rate): 60.0% of cost overrun cases are correctly
identified as breaching the Nunn-McCurdy significant cost overrun requirement.
2. Specificity (true negative rate): 64.1% of projects that did not experience
significant cost overruns are correctly identified as meeting the Nunn-McCurdy
significant cost overrun requirement.
3. Positive Predictive Value (PPV): About 62.1% of the predicted significant cost
overruns are actually significant cost overrun cases, a condition of PPV accuracy.
4. Negative Predictive Value (NPV): Approximately 83.3% of the predicted no
significant cost overrun cases actually did not experience significant cost overrun,

a condition of NPV accuracy.
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The final model predictability accuracy was 62.1% for significant cost overruns and
83.3% for no significant cost overruns respectively, within the statistical boundaries

described.

73



Chapter 5 — Discussion of Results

The relative significance of project performance parameters influencing Nunn
McCurdy significant cost overruns were investigated using data obtained from the GAO.
The parameters were system performance, TRL, risk, schedule and reliability. The
parameters were identified through review of existing literature. The goal of this
quantitative analysis was to identify the significant predictors of cost overruns and to
model the dynamics for decision making support. The results of the study identified
schedule and reliability as the key determinants of whether or not a complex systems
development project will experience cost overruns.

Projects that achieve both the defined schedule and reliability thresholds will have
the lowest level of probability for a cost overrun outcome. That is, projects that fail to
meet the requirements of the schedule and reliability criteria are more likely to
experience significant cost overruns, within the statistical boundaries of the model. As
noted, the TRL threshold alone is not adequate for preventing a cost overrun. However,
the interaction between TRL and system performance decreases the probability of a cost
overrun.

This chapter discusses the results and findings of the study. Chapter 5 also
explores the relevant variables of the model and their relative impacts on project cost
overrun. The framework for the model’s application and practical use including its
limitations and boundaries are presented. In addition, the chapter examines technology

maturity or TRL within the context of the research findings and insights.
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5.1 Final Model Insights
The final model, appearing in equation 4-2 expressed as a logit can be algebraically re-
arranged to isolate the probability of a cost overrun (pi)

1

pi - 1 + e—0.4454—3.1182T+2.6413S+1.3014Re+2.2144T*P

[Equation 5-1]

The following key insights can be drawn from the model’s probability of cost overrun
expression:
1. Variables P, T, S, Re where shown to have significant influence on the probability
of cost overrun.
2. As DOD was not significant, there appears to be no significant difference in the
findings for DOD and NASA projects.
3. There appears to be an interaction effect of P and T.
4. The probability of cost overrun increase as T increases, but decreases as S and Re
increases.
5. The interaction between TRL and system performance (T*P) decreases the
probability of a cost overrun. The findings suggest that the TRL threshold alone is

not adequate for preventing a cost overrun.

5.2 Significant Findings

The final model (Equation 4-2) shows that the coefficients for schedule and
reliability have the highest impact on decreasing the probability of a cost overrun, that is,
a score of 1 for these variables will lead to lower probability of cost overrun. In fact
achieving both the schedule and reliability condition will drive the model's probability of

cost overrun to its lowest possible level. A curious result is the reverse effect that TRL
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variable has on the probability of cost overrun. The model indicates that when TRL is
introduced as a “stand-alone” variable input with a value of 1, it will cause the probability
of a cost overrun to be quite high.

This observation may suggest that successfully passing the specified TRL
threshold alone is not adequate for preventing a cost overrun (and this may be attributed
to the subjective nature of TRL), and that there is a need for corroboration from the other
specified thresholds such as reliability, schedule or performance as indicated by their
variable values. For instance, the interaction between TRL and system performance
decreases the probability of a cost overrun. The findings suggest that the TRL threshold
alone is not adequate for preventing a cost overrun. However, this observation is a good

subject for future work to investigate the dynamics of this observation.

5.3  Model Attributes, Predictions and Comparisons

A model correlation matrix was generated based on the cut-points of 0.4 and 0.6.
Overall, the model is inconclusive on 10 cases, predicts 29 cases as significant cost
overruns, and shows 30 cases as on budget. For the aerospace projects, the model is
inconclusive on 7.14% of the cases; predicts 35.71% of the cases as significant cost
overruns; and predicts 57.14% of the cases as no significant overrun outcomes.

For the DoD (defense) projects, the model is inconclusive on 19.51% of the cases;
predicts 46.34% of the cases as significant cost overruns; and 34.15% of the cases as no
significant cost overrun outcomes. Therefore, the model predicts more cost overruns for
the defense projects than for the aerospace projects. Specifically, the model predicts

approximately 36% significant cost overruns for aerospace projects and 46% for defense
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projects. The difference in the cost overrun prediction rates between the aerospace and
defense projects can be attributed to the following factors:

(1) The dataset used for the analysis shows that on average the DoD projects
experienced more cost overruns than NASA projects.

(2) There were a total of 41 DoD projects against 28 NASA projects in the dataset
that was analyzed. This numerical difference can also impact the statistical output.

(3) On average, the DoD projects were larger with longer system development
timelines and higher relative development cost.

It should be noted that there may be other factors responsible for the differences

in prediction but they are outside the scope and boundaries of the research objectives.

5.4 Relevant Model Variables and Impacts
Model parameter coefficients and odds ratios are indicators used to demonstrate
model regressor impacts and the relative strengths of association between predictor
variables and the response desired (SAS, 2010). The following is a summary
interpretation of the parameter coefficients obtained from the logistic regression analysis
and the final model:
* The Schedule (S) parameter has the most significant impact on the probability of
significant cost overrun occurrence. This is indicated by its parameter coefficient
value of -2.6413, which has the highest impact on decreasing the probability of a
cost overrun (that is, a score of 1 for the schedule variable will lead to lower
probability of cost overrun). In fact, it was observed that achieving both the

schedule and reliability criteria drives the probability of a cost overrun to its

77



lowest possible level. This implies that schedule is a key determinant of whether
or not a complex systems development project will experience cost overruns,
within the constraints of the data used.

The Reliability (Re) parameter has a relatively significant impact on the
probability of significant cost overrun occurrence, which is indicated by its
parameter coefficient value of -1.3014 (that is, a score of 1 for the reliability
variable will lead to lower probability of cost overrun). Therefore, reliability is a
key determinant of whether or not a complex systems development project will
experience cost overruns, within the constraints of the data used.

The threshold for the technology maturity or higher TRL value (T) parameter has
a significant impact on the probability of a cost overrun occurrence. This is
indicated by a coefficient value of 3.1182. When TRL is introduced as a “stand-
alone” variable input with a value of 1, it causes the probability of a cost overrun
to be high. This observation may suggest that successfully achieving the specified
TRL threshold alone is not adequate for preventing a cost overrun (this may be
attributed to the subjective nature of TRL), and that there is a need for
corroboration from other specified thresholds such as reliability, schedule or
system performance as indicated by their variable values. This observation is a
good subject for future work.

The interaction between T and P (T*P) results in a significant impact on the
probability of significant cost overrun occurrence. The (T*P) interaction has a
coefficient value of -2.2134. It is interesting to note that T (TRL) as a “stand-

alone” variable input with a value of 1, increases the probability of a cost overrun,
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however, the (T*P) interaction function decreases the probability of a significant
cost overrun. This observation may suggest that TRL is an effective predictor of
cost overrun only when it is corroborated with other thresholds such as reliability,
schedule or performance. However, additional research is needed to understand
the dynamics.

The value of the Intercept, a constant, is 0.4454. This large intercept p-value,
makes it statistically insignificant in terms of its impact on the model. However, it
is represented on the logit expression for clarity. The only objective of
representing the intercept is that it indicates the average odds of an overrun, over
all the cases. It should also be noted that when calculating an odds ratio, the
intercept (constant) expression cancels out at the point of taking the difference in

the logits and therefore has no residual effect.

These model details demonstrate the overall impact of each parameter on the

probability of significant cost overrun occurrence per the Nunn-McCurdy significant cost

overrun threshold. The final model predictability accuracy was 68.2% for significant cost

overrun and 75.0% for no significant cost overrun.

5.5

Model Application and Use

To use the model, project analysts should create a framework for scoring the

baseline status of their projects. The analysis should begin with baseline project

performance indicators scored as described in Chapter 3 of this dissertation. The next step

is to calculate the probability output of the model by inserting the corresponding binary
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inputs of Os and 1s from the scoring into the equation. It should be noted that the model is
based on data from different phases of the project lifecycle. This introduces a challenge
with respect to populating the model for use by projects in the early stages of the
lifecycle. However, even with partial observations, the range of potential outputs for the
rest of the parameters can be computed using the research framework outlined to identify
the probability of a cost overrun. Specifically, the model can be applied at any phase in
the life cycle after PDR. Project managers and systems engineers can use the probability
of cost overrun projections at any lifecycle phase after PDR to plan or redirect focus on
key drivers that could impact cost outcomes. Project managers can use predictions of the
model to communicate with stakeholders about their cost overrun projections.

A model probability output greater than or equal to .6 or 60% is a strong
indication that the project being analyzed will breach the Nunn-McCurdy significant cost
overrun threshold. On the other hand, a probability output less than or equal to 0.4 or
40% is a strong indication that the project being analyzed will not breach the Nunn-
McCurdy significant cost overrun threshold. If the model output falls between .4 (or
40%) and .6 (or 60%), there is uncertainty as to whether the model can accurately predict
project performance with regards to Nunn-McCurdy significant cost overrun compliance.

During application of the model, project managers can focus greater attention on
specific parameters once a probability of significant cost overrun occurrence or risk is
predicted. For instance, since schedule and reliability are the key determinants of whether
or not a complex systems development project will experience cost overruns, on-going
projects should increase resources and efforts aimed at achieving schedule and reliability

targets. Additionally, projects in the formulation phase of the lifecycle can use the
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predictions to forecast where to direct maximum efforts in order to prevent significant
cost overruns. Projects should actively manage technology development activities to
ensure that by PDR their technologies have achieved TRL of 6 or higher maturity and
fidelity. However, these technology maturation efforts should be matched by an equal
focus on either reliability targets or system performance thresholds.

In addition, engineering efforts should be strategically monitored and measured so
that at least 90% of all engineering models will be completed by CDR, as recommended
by the GAO. As a communication tool, the predictive outcomes of the model can also be
used by projects to inform their sponsors, stakeholders, and decision makers about risks
in terms of system performance, technology maturity, schedule, and reliability issues that
impact cost. Ultimately, the model can be used as a decision making support tool for
project cancellation, adjustments, and resource allocations. Figure 5-1 further depicts the

model’s application process and as a support tool for decision making.
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Figure 5-1: Model Use and Application

5.6  Technology Maturity Impact on Cost Overruns

The GAO (2013) asserted that a technology readiness level (TRL) of 6 is a
minimum threshold that should be accepted for any space system or technology being
considered for system implementation. The NASA NPR 7123.1 (2013) described TRL 6
as the technology maturity level at which an engineering model or prototype can be tested
in a relevant environment. Relevant environment refers to the set of operational and
physical conditions that will affect the system when deployed. For many space systems

and sub-systems, the relevant environment is space and for many defense systems the
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relevant environment refers to operational areas of aeronautical and weapon assets. These
environments could be populated areas, high seas, deserts, or space. TRL of 6 is also
recommended as the minimum level of maturity for technology insertion into complex
systems or projects because TRL 6 is the level at which the risk introduced by the
technology to the system can be reasonably managed with less significant impact on the
architecture, cost and schedule (Suh et al., 2010).

The GAO (2013) and NASA systems engineering guidelines recommend that all
critical technologies should be at TRL of 6 by preliminary design review (PDR). In order
to mitigate cost and schedule impact from an immature technology, it is best practice to
ensure that all critical technologies are at TRL of 6 before being integrated into
product/system development. There are multiple examples of projects that failed to
implement this recommendation and as result experienced schedule and cost overrun
challenges.

In 2002, when production decision was being made on the National Polar-orbiting
Operational Environmental Satellite System (NPOESS), the project had only one out of
its fourteen critical technologies qualified as matured (GAO, 2006), yet the project
proceeded to implement. As a result the NPOESS experienced a Nunn McCurdy cost
overrun breach, which resulted in Congressional review of the project. Many other
examples of immature technology-induced overruns were cited in Chapter 2 of this
dissertation.

There are many investigations and studies into the impact of technology on
project performance metrics. Thamhain (2013) indicated that risks associated with project

performance increases as the technology content of the project increases. In fact, many
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of the complications associated with complex systems are often linked to the complexity
of the technology requirements of the system. A study by Deloitte Consulting LLP (2008)
into the causes of cost overruns in the aerospace and defense industries recommended
that technology maturity demonstration should be made a hard requirement for complex
system development projects seeking to begin system development.

In other words, no aerospace or defense complex system development effort
should proceed to implementation if the critical technologies required have not been
proven. It should be noted that systems engineering guidelines and processes across the
aerospace and defense sectors have these milestone exit requirements for technology
maturity. The challenge is using the outcomes of these systems development gate reviews
to inform decision making that can translate into positive metrics for the overall project
development effort.

The findings of this research indicate that achieving TRL of 6 is not the only
metric required to prevent a Nunn McCurdy significant cost overrun. However, the
interaction between TRL and system performance parameters decreases the probability of
a cost overrun. These insights further demonstrate the complexity of project dynamics

and cost management and the need for additional research.

5.6.1 Technology Solutions

Davison, Cameron and Crawley (2015) also maintained that decisions on
technology development and investments should be coupled with the overall system
architecture framework. They further argued for an environment of architecture and

technology flexibilities in order to create a development platform that can handle
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externally induced impacts on the development effort. Although Davison, Cameron and
Crawley relate these adjustments to architecture and technology decisions with the intent
of evolving robustness in the project, systems engineers would need to formulate a
comprehensive design space to implement such flexibilities. Technology maturity
decisions are critical to the successful architecting of complex systems. The reality of
space-based systems and defense assets is that the design space is often defined by high-
level system performance requirements constrained by the architecture of interest. The
architecture framework is intended to meet the needs of the customer within a given cost
and schedule profile.

Additionally, it is important for projects to evaluate the impact of technology
when inserted into a system. Even matured technologies with higher TRL levels can
introduce complexities and externally induced challenges into host systems with negative
implications for performance, cost and schedule (NASA Systems Engineering Handbook,
2007). Heritage or legacy technologies that are incorporated into new architectures or
systems under development needs to be first adapted to the new architecture.

The modification is critical to the overall success of the system. In addition to
establishing that the legacy technology is at a TRL of 6 or higher, projects need to clearly
map out the impact significance of the modifications on system performance, reliability,
cost, and schedule targets. When technologies are matured by preliminary design review
(PDR), it provides adequate margin for the project to work out incompatibility issues,
among other contingencies, before commencing development or implementation.
However, the results of this research outlined underscores the importance of ensuring that

in addition to TRL, other key project performance drivers are equally monitored in order
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to achieve compliance with cost thresholds. TRL or technology maturity alone is not
adequate for preventing a cost overrun. The interaction between TRL and system

performance decreases the probability of a cost overrun.

5.6.2 The Cost Overrun Predictive Model for Complex Systems Development Projects
This research through the development of the Cost Overrun Predictive Model for
Complex Systems Development Projects has demonstrated from a cost overrun stand-
point that schedule and reliability are the most critical parameters that project managers,
systems engineers, and other project personnel should be concerned about within the
constraints of the data used. The model shows that the coefficients for schedule and
reliability have the highest impact on decreasing the probability of a cost overrun. That is,
achieving a score of 1 (satisfying the schedule and reliability criteria) for both schedule
and reliability lowers the probability of a cost overrun occurrence. This finding provides
a significant insight into the cost overrun debate. During application of the model, project
personnel should focus greater attention on the significant predictors once a probability of

significant cost overrun occurrence or risk is predicted.
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Chapter 6.0 - Conclusions

This research developed a cost overrun predictive model for complex systems
development projects. The model is called the Cost Overrun Predictive Model for
Complex Systems Development Projects. The model was developed using project data
from sixty-nine aerospace and defense system development projects. The U.S. GAO was
the source of the data used to develop the model. The model, a mathematical construct,
quantifies the effects of five key parameters namely, system performance, TRL, risk,
schedule and reliability on Nunn McCurdy significant cost overrun thresholds. The basis
for the relevance of the five predictors was confirmed through literature review.

The model is intended to support decision making efforts aimed at developing
systems that meet cost constraints imposed by the Nunn McCurdy Act. The research
aimed to provide a better understanding of the specific predictors of significant cost
overruns in aerospace and defense projects. This is significant because U.S. government
funded projects are required to comply with the cost guidelines of the Act. Breaching the

law can result in penalties including outright termination of the project.

6.1 Restatement of the Problem

The Nunn-McCurdy Act defines cost overrun limits, which automatically trigger
Congressional action that might result in the termination of federally funded projects. The
law specifically addresses two cases — significant cost overrun (i.e., breach), and critical
cost overrun. According to the law, a significant cost overrun has occurred when the
program acquisition cost increases 15% or more over the current baseline or 30% or more

over the original baseline. A critical cost overrun is experienced when the program
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acquisition cost increases 25% or more over current baseline estimate, or 50% or more
over the original baseline (Schwartz, 2010). U.S. government sponsored large-scale
system development projects have to comply with these requirements.

Thirty-one percent (31%) of all DoD major acquisition programs since 1997 have
experienced either a significant or critical Nunn-McCurdy cost breach (DoD, 2013). The
NASA Kepler mission experienced a cost overrun of $78 million and 9-month schedule
delay (IG, 2012); The Mars Science Laboratory (MSL) project experienced $30 million
cost overrun and a 9-month schedule delay because of technology challenges (IG, 2012)
and the Glory Mission project experienced cost overruns that amounted to over $100
million.

Project managers and systems engineers operating in these sectors need effective
predictive tools for guidance to ensure compliance with the cost overrun targets. A
predictive tool derived from cost overrun drivers can help project personnel determine
their cost compliance with the Nunn McCurdy requirements during system development
and implementation. At a minimum, such an integrated tool should help projects to make
decisions that would lead to acquisition cost increases that do not exceed 15% of their
current baseline or 30% of their original baseline, based on the Nunn McCurdy

guidelines.

6.2 Findings and Interpretation
The cost overrun predictive model is captured in equation 4-2. The Schedule (S)
parameter has a coefficient value of -2.6413, which has the most significant impact

on decreasing the probability of a cost overrun (that is, a score of 1 for the schedule
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variable will lead to lower probability of cost overrun). The Reliability (Re)
parameter has a relatively significant impact on decreasing the probability of a cost
overrun. This is indicated by a parameter coefficient value of -1.3014 (that is, a score
of 1 for the reliability variable will lead to lower probability of cost overrun). In fact,
it was observed that achieving both the schedule and reliability criteria drives the
probability of a cost overrun to its lowest possible level. This implies that schedule
and reliability are key determinants of whether or not a complex systems
development project will experience cost overruns, within the constraints of the data
used.

The TRL (T) parameter provides an interesting dynamic into the probability of a
cost overrun occurrence, indicated by a coefficient value of 3.1182. When TRL is
introduced as a “stand-alone” variable input with a value of 1, it causes the
probability of a cost overrun to be high. This observation may suggest that
successfully achieving the specified TRL threshold alone is not adequate for
preventing a cost overrun (this may be attributed to the subjective nature of TRL),
and that there is a need for corroboration from other specified thresholds such as
reliability, schedule or performance as indicated by their variable values. This
observation is a good subject for future work.

In addition, there was one interaction point of significance, between TRL and
system performance represented by the value -2.2134(T*P). The (T*P) interaction
function decreases the probability of a significant cost overrun. This observation may

further suggest that TRL is an effective predictor of cost overrun only when it is
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corroborated with other thresholds such as reliability, schedule or performance.
However, additional research is needed to understand the dynamics.

The model was validated using 10-fold cross validation method including the use
of sensitivity, specificity and ROC curve assessments to verify its prediction accuracies.
These validation and assessment steps confirmed that the model predicts with accuracy
and is more effective than guessing within the constraints of the statistics. The model
produced positive predictive and negative predictive values (PPV and NPV) of 62.1%
and 83.3% respectively indicating the model’s accuracy of prediction.

The output of the model is interpreted by noting the probability outcome of the
model function expressed as logit(pi) = 0.4454 + 3.1182T - 2.6413S - 1.3014Re -
2.2134(T*P). A probability output greater than or equal to 0.6 (60%) is a strong
indication that the project being analyzed will breach the Nunn-McCurdy significant cost
overrun threshold; while a probability output less than or equal to 0.40 (40%) is a strong
indication that the project being analyzed will not breach the Nunn-McCurdy significant
cost overrun threshold. If the model output falls between .4 (or 40%) and .60 (or 60%),
there is uncertainty as to whether the model can accurately predict project performance

with regards to Nunn-McCurdy significant cost overrun compliance.

6.3  Application Framework
This research was conducted within a framework constrained by the following
factors:
* Criteria Assessment — The parameters were assessed based on criteria defined by
a GAO framework.

* Application — The project performance criteria discussed, analyzed, and modeled
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are based on NASA and DoD systems development project activities. They are
intended to guide projects in ensuring compliance to cost overrun targets.
Parameters of Interest — The predictive parameters were limited to system
performance, TRL or technology maturity, risk, reliability, and schedule (Malone
and Wolfarth, 2012) (GAO, 2013).

Product Domain — The complex systems leveraged to develop the model were
selected from the aerospace (NASA projects) and defense (DoD projects)
industries, two established complex system development sources.

Lifecycle Cost Regime — The projects selected for the analysis were assessed
using the GAO threshold of $250 million (GAO, 2013) to ensure that they were
relevant in terms of relative cost comparison.

Cost — The cost overrun metric was based on the Nunn-McCurdy Significant Cost
Overrun threshold of >15% from current baseline or > 30% from original baseline
as captured in the GAO assessment reports cited for 2009, 2010, 2011, and 2013
(Schwartz, 2010).

Lifecycle Phase — The projects that were leveraged for the analysis were in the
development phase (for the DoD systems) and the implementation phase (for the
NASA systems).

Imposed Definitions — This research used baseline project performance reports
captured by the GAO Assessments of Selected Large-Scale Projects, focusing on
complex aerospace and defense systems development activities.

Data Size — sixty-nine different projects that met the criteria for the research were

leveraged for the study.
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These constraints and boundaries should be considered when employing or interpreting

the model.

6.4  Contributions to Systems Engineering Practice and Scholarship

As systems become more complex, the systems engineering field should expand
its use of predictive models across the various aspects of project implementation.
Browning and Honour (2008) indicated that projects should strive to isolate the causes of
risks. These risks include cost, schedule, technology maturity and reliability targets. In
order to ascertain these risk factors, project and systems engineering teams should be able
to understand and appreciate the specific drivers that impact successful systems
development and project execution. For this research, successful systems development is
defined as developing systems that satisfy performance and reliability requirements
within a given timeline and budget, without breaching the Nunn McCurdy significant
cost overrun threshold.

The cost overrun predictive model developed and presented in this research is a
tool for analyzing project elements that significantly tend to impact cost overruns. The
model serves as a decision making support tool for making project implementation
adjustments to successfully develop systems within cost and schedule constraints.
Sections 6.4.1 through 6.4.6 of this chapter highlights some of the specific contributions
that this dissertation makes to complex systems development and acquisition, as well as

systems engineering practice and scholarship.
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6.4.1 The Cost Overrun Predictive Model for Complex Systems Development
Projects

This research contributes to systems engineering practice by providing a
predictive model that systems engineers and project managers can use to guide decision
making during project implementation. The proposed model supports decision making
efforts aimed at developing complex systems that meet the Nunn McCurdy significant
cost overrun requirements. Project managers and systems engineers can use the model’s
cost overrun projections to plan or redirect focus on key project activities that could
impact cost outcomes. Project managers can also use predictions of the model to

communicate with stakeholders about their cost overrun projections.

6.4.2 Predictors of Cost Overruns

This research provides insights and understanding into the specific predictors of
significant cost overruns in large-scale, U.S. Government funded NASA and DoD
projects. As elaborated in the literature review section (Chapter 2), various reasons and
factors have been cited as causes for cost overruns in complex system development
projects. This research examined the integrated impact of system performance, TRL,
schedule, reliability and risk factors on Nunn McCurdy cost targets. Although the
problem is complex considering its broad context, the five parameters leveraged are
established and well-documented project performance drivers (Malone and Wolfarth,
2012); (GAO, 2013). The research identified schedule and reliability, as the key
determinants of whether or not a large complex systems development project will

experience cost overrun, within the constraints of the data.
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This finding contributes to the discussion on successful system acquisition,
particularly by highlighting the specifics of TRL’s impact on decreasing the likelihood of
cost overruns. The study revealed that TRL as a “stand-alone” variable input actually
increases the probability of a cost overrun, within the statistical boundaries of the data.
However, the TRL and system performance (TRL*P) interaction function decreases the
probability of a significant cost overrun. That is, when TRL is corroborated with other
variables, such as reliability, schedule or performance, the interaction lowers the
probability of a cost overrun. Complex systems development projects can use this insight
to balance their development and monitoring activities in order to meet budget

requirements.

6.4.3 Externally-Imposed Cost Regimes

The research demonstrated how externally imposed cost regimes can be
interpreted in terms of their impact on system performance, TRL, schedule and reliability
objectives. The Nunn-McCurdy Act defines cost overrun limits, which automatically
trigger Congressional action that might result in the termination of federally funded
projects. The question is “how can projects and systems engineers operating in a complex
system development environment determine their cost compliance with the law, within a
larger expectation of meeting system performance, TRL, schedule and reliability
requirements?” This study offers a framework for gaining insights into the question and
as an exploratory step for mapping out a solution.

This research is significant because the predictive model developed can be used as

a decision making support tool for an overall project development cost “compliance
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check” and where necessary make project adjustments or even prepare for outright
project termination. The model is based on parameters identified as critical to successful
complex systems development (Malone and Wolfarth, 2012); (GAO, 2013). Projects can
leverage the model as a communication tool to inform their sponsors, stakeholders, and
decision makers about “budget compliance risks” from a standpoint of system

performance, technology maturity, schedule, and reliability.

6.4.4 Adaptable Framework and Repeatable Modeling Process

The modeling process is repeatable and can be adapted by projects. The process outlined
in this dissertation quantifies the integrated impact of system performance, TRL,
schedule, risk and reliability on a given cost regime. The research demonstrated how
large-scale system development projects can use the model to support decision making
aimed at achieving cost compliance with the Nunn-McCurdy Act.

Other government-funded, large-scale projects in energy and telecommunications
can also leverage the framework to monitor cost-target compliance. In addition, private
sector corporations and development projects can adapt the predictive model in their
efforts to manage costs. The Nunn-McCurdy significant cost overrun policy can be
adapted as a budget management framework and implemented on megaprojects around
the world. However, scientific study methods should be used to guide the application of
the policy in order to make it practical in those megaproject environments.

Furthermore, previous research clearly documents that cost overruns of the so-called
“megaprojects” are happening in many countries (Brady and Davies, 2014; Flybbjerg,

2014; Molloy and Chetty, 2015) and thus are not restricted to government-funded
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projects in the United States. Thus, project practitioners in other countries can also
leverage and adapt the predictive model to manage cost overrun challenges. However,
other issues in major projects, like “making innovation happen” (Davies et al., 2014) or
“better knowledge strategies” (Turner et al., 2014; Molloy and Chetty, 2015) require

additional measures.

6.4.5 Scholarly Contributions

This research contributes to the conversation on cost overruns experienced by
complex systems development projects, to the on-going analyses of factors often targeted
as causes of cost growth, and to the discussion about strategies for successful acquisition
of complex systems within cost and schedule. This work stimulates a broader discussion
in the fields of systems engineering research and project management scholarship. The
GAO continues to generate insights into U.S government funded large-scale projects
through periodic project assessments. This research contributes to existing works that
seeks empirical understanding of large-scale project performance. Follow up studies are
recommended and anticipated to expand the systems engineering knowledge base for

successful project implementation.

6.4.6 Other Contributions

This study follows earlier works on project success assessments in general and
complex systems development projects in particular. As illustrated through the literature
review, various studies and authors have provided insights into project performance
indicators and models for analyzing project success criteria (Gemuenden and Lechler,

1997; Meier, 2008; Turner and Zolin, 2012; Thamhain, 2013; Seredor and Turner, 2015;
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and Gemiinden, 2015). This work contributes to the discussion by examining the relative
impact of five established and known success parameters on significant cost overruns in
complex systems development projects. The research provides insights into success
criteria that are most critical for cost overrun management through the use of an
empirically developed model. The effort contributes to the search for effective tools and
innovative practices to address the cost overrun challenge. Another benefit of the
investigation is an understanding of the relationship between the five parameters used by
sponsors of complex projects as success criteria and the Nunn-McCurdy cost overrun

threshold.

6.5  Limitations
In addition to the research and data constraints outlined earlier in the various
sections, the following limitations should also be noted when applying the model:

1. The GAO was the only source explored for the data used in the analysis. The
results may have been different if the data had been sourced directly from the
different projects evaluated in the study.

2. The five parameters investigated in this study are not the only factors that could
impact project performance outcomes and subsequently cost overruns. However,
they are well documented and established as key drivers of project outcomes
(Malone and Wolfarth, 2012); (GAO, 2013).

3. The binary coding method limits the range of insights that could be obtained
when compared to an approach that uses a range of intermediate or stratified
values.

4. The model is based on data from different phases of the lifecycle or timeline. This
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introduces a challenge with respect to populating the model for use by projects in
the early stages. However, even with partial observations, the range of potential
outputs can be computed using the framework outlined to identify the probability
of a cost overrun.

5. Direct applicability of the model to projects in the early planning stages is limited.
However, projects within the same domain (e.g., aecrospace) with similar cost
structure, schedule, and critical technology requirements can use similar
predictions to guide where to direct maximum efforts in order to prevent
significant cost overruns. The developed model predicts probability of cost
overruns on large-scale NASA (aerospace) and DoD (defense) projects during

project implementation.

However, a broader application of the framework can be assumed and enhanced
with additional research and relevant variable inputs. In order to ensure research validity,
the data quality should be investigated and assured. It should be noted that the study was
not designed to be exhaustive of the causes of cost overruns but it was structured to
provide quantitative insights into the five variables and their associations with cost

overruns.

6.6  Future Work
One of the main findings of this research is that TRL as a “stand-alone” variable
input actually increases the probability of a cost overrun, within the statistical boundaries

of the data. However, when TRL is corroborated with other variables, such as system
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performance, reliability, schedule, the interaction results in lower probability of a cost
overrun. This observation may suggest that successfully achieving the specified TRL
threshold alone is not adequate for preventing a cost overrun, and that there is a need for
corroboration from the other specified project parameters. Future work may include an
investigation into the specifics of this dynamic.

In order to identify effective and lasting strategies for mitigating cost overruns in
the aerospace and defense sectors, the various stakeholders, including the U.S. Congress,
GAO, DoD, NASA, commercial contractors and other key players need to agree on
common metrics for successful systems development and acquisition. Therefore, future
research may include models that capture all the critical insights of all key stakeholders,
including project practitioners. For instance, it is important to ascertain the extent to
which government-funding mechanisms affect project implementation and impact cost
overruns. An investigation into the relationship between complex systems, funding
structures, and project success will make significant contributions to the discipline.

The Nunn-McCurdy significant cost overrun policy can be adapted as a budget
management strategy and implemented on megaprojects around the world. However,
additional scientific and empirical studies are required to inform application of the policy
in those megaproject environments. Future work should also consider systems from
other product domains to determine if there is correlation between product domain,
product complexity and the predictors of system development cost overruns. Decision
making support models are essential for successful systems development within cost and
schedule. Empirical studies aimed at determining the effectiveness of decision making

support models from a system’s performance, TRL, cost, schedule, and reliability
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perspective will improve systems engineering practice.

U.S. government funded aerospace and defense projects engage significant
private industry and contractors in their acquisition and systems development activities.
Analytical studies investigating correlations between contractor performance and cost
overruns will contribute to the search for effective strategies for successful complex
system acquisition and development within cost.

Research work is also needed to determine cost overrun drivers using different
predictive variables besides the five explored in this research. For instance, the complex
systems development and acquisition communities will benefit from insights into cost
overrun factors from a project perspective. A comparison of GAO-based and project-

based outcomes will add to the complex systems acquisition knowledge base.

100



References

Archer, K.J., Lemeshow, S., & Hosmer, D., W. (2007) Goodness-of-fit tests for logistic
regression models when data are collected using a complex sampling design.
Computational Statistics & Data Analysis 51 pg. 4450 — 4464.

Bayer, T., Bennett, M., Delp, C., Dvorak, D., Jenkins, J. & Mandutianu, S. (2011).
Update—concept of operations for Integrated Model-Centric Engineering at JPL,
Aerospace Conference, IEEE, pp. 1-15.

Bearden, D.A. (2003). A complexity-based risk assessment of low-cost planetary
missions: When is a mission too fast and too cheap? Acta Astronaut 52(2), 371—
379.

Bearden, D. (2008). Perspectives on NASA Mission Cost and Schedule Performance
Trends. A presentation at NASA GSFC Symposium.

Bearden, D., Yoshida, J., & Cowdin, M. (2012). Evolution of complexity and cost for
Planetary Missions throughout the development lifecycle, IEEE Aerospace
Conference Proceedings.

Biltgen, P.T., Ender, T., & Mavris, D. N. (2006). Development of a Collaborative
Capability- Based Tradeoff Environment for Complex System Architectures, 44th
AIAA Aerospace Sciences Meeting and Exhibit.

Bitten, R.E., Bearden, D.A., & Emmons, D.E. (2005). A Quantitative Assessment Of
Complexity, Cost, And Schedule: Achieving a Balanced Approach For Program
Success, Sixth IAA International Conference On Low- Cost Planetary Missions.

Bitten, R.E., Freaner, C.W., & Emmons, D., L. (2010). Optimism in Early Conceptual
Designs and Its Effect on Cost and Schedule Growth: An Update. IEEE version 4.

Blanchard, B. S. (2003). Logistics Engineering and Management, 6" Edition, Prentice
Hall, pg. 2-3.

Brady, T. & Davies, A. (2014). Managing Structural and Dynamic Complexity: A Tale of
Two Projects. Project Management Journal, Vol. 45, (4); pg. 21-28.

Browning, T. R., & Honour, E.C. (2008). Measuring the Life-Cycle Value of Enduring
Systems, Systems Engineering 11, 187-200.

101



Chollar, G.W., Morris, G.K., & Peplinski, J.D. (2008). Applying Systems Engineering
and Design for Six Sigma in a Requirements-Based Cost Modeling Process.
Proceedings of the 2008 Industrial Engineering Research Conference, J. Fowler and S.
Mason, eds.

Clausen, D., & Frey, D. (2005). Improving system reliability by failure- mode avoidance
including four concept design strategies, Systems Engineering vol. 8 (3); 245-269.

Davies, A., MacAulay, S., DeBarro, T., & Thurston, M. (2014). Making Innovation

Happen in a Megaproject: London's Crossrail Suburban Railway System. Project
Management Journal, Vol. 45, (6); pg. 25-37.

Davison, P., Cameron, B., & Crawley, E.F. (2015). Technology Portfolio Planning by
Weighted Graph Analysis of System Architectures. Systems Engineering Vol. 18, No.
1, 2015

Dean, B. V., & Salstrom, R.L. (1998). Computer Simulation as an Emerging Technology
in Water Resource Management. Syst Eng 1: 113-126.

Deloitte Consulting (2008). Can we afford our own Future? Why A&D Programs are late
and over-budget - and What can be done to fix the Problem. Deloitte LLP.

Department of Defense. (2006). Defense Acquisition Performance Report. Washington
D.C.

Department of Defense Selected Acquisition Report. (2012).

Department of Defense. Performance of the Defense Acquisition System: 2013 Annual
Report. Washington, D.C.

Eppinger, S.D., & Salminen, V. (2001). Patterns of product development interactions,
Proceedings 1st ICSED Conference, Glasgow, pp. 283-290.

Eriksson, M., Borg & Bdrstler, J. (2008). Use Cases for Systems Engineering—An
Approach and Empirical Evaluation. Systems Engineering vol. 11, (1); pp. 39-60.

Government Accountability Office. (2006). Report to Congressional Committees:
Defense Acquisitions: Assessments of Selected Weapon Programs. GAO-06-391,
Washington D.C.

Government Accountability Office. (2009). Report to Congressional Committees: NASA
Assessments of Selected Large-Scale Projects. GAO-09-306SP, Washington D.C.

Government Accountability Office. (2010a). Report to Congressional Committees:

102



NASA Assessments of Selected Large-Scale Projects. GAO-10-227SP, Washington
D.C.

Government Accountability Office. (2010b). Report to Congressional Committees:
Defense Acquisitions: Assessments of Selected Weapon Programs. GAO-10-388SP,
Washington D.C.

Government Accountability Office. (2011a), Report to Congressional Committees:
NASA Assessments of Selected Large-Scale Projects. GAO-11-239SP, Washington
D.C.

Government Accountability Office. (2011b). Report to Congressional Committees:
Defense Acquisitions: Assessments of Selected Weapon Programs. G1-233SP,
Washington D.C.

Government Accountability Office. (2012). Report to Congressional Committees: NASA
Assessments of Selected Large-Scale Projects. GAO-12-207SP, Washington D.C.

Government Accountability Office. (2013). Report to Congressional Committees: NASA
Assessments of Selected Large-Scale Projects. GAO-13-276SP, Washington D.C.

Government Accountability Office. (2014a). Report to Congressional Committees:
NASA Assessments of Selected Large-Scale Projects. AO-14-338SP, Washington
D.C.

Government Accountability Office. (2014b). Report to Congressional Committees:
Defense Acquisitions: Assessments of Selected Weapon Programs. GAO-14-340SP,
Washington D.C.

International Business Machine (2013). Statistical Package for the Social Sciences
(SPSS) Version 22.

International Council on Systems Engineering (INCOSE) Systems Engineering
Handbook, INCOSE- TP-2003-002-03.2.2, Version 3.2.2 (2011) San Diego, CA.

Jackson, P., Vanek, F., & Grzybowski, R. (2008). Systems Engineering Metrics and
Applications in Product Development: A Critical Literature Review and Agenda for

Further Research, Systems Engineering 11, 107-124.

Malone, P., & Wolfarth, L. (2012). System of Systems: An Architectural Framework to
Support Development Cost Strategies, IEEE Aerospace Conference, 13.

103



Meier, S.R., (2008). Best Project Management and Systems Engineering Practices in the
Pre-acquisition Phase for Federal Intelligence and Defense Agencies. Project
Management Journal,Vol. 39, No. 1, 59-71.

Molloy, E. & Chetty, T. (2015). The Rocky Road to Legacy: Lessons from the 2010

FIFA World Cup South Africa Stadium Program. Project Management Journal, Vol.
46, (3) pg. 88-107.

National Aeronautics & Space Administration, Systems Engineering Handbook (2007).
Washington D.C.

NASA Inspector General Report No IG-12-021: NASA’s Challenges to Meeting Cost,
Schedule, and Performance Goals, (2012).

NASA Systems Engineering Processes and Requirements (NPR) 7123.1, 2013.

NASA Procedural Requirements for Space Flight Program and Project Management,
NPR 7120.5, 2012.

National Research Council (2008). Pre-Milestone A and Early-Phase Systems
Engineering: A Retrospective Review and Benefits for Future [1Air Force Acquisition.
The National Academies Press.

Paredis, C., & Johnson, T. (2008). Using OMG’S SysML to support simulation,
Simulation Conference, WSC 2008, 2350-2352.

Peng, C. J., Lee, K. L., & Ingersoll, G.M. (2002). An Introduction to Logistic Regression
Analysis and Reporting, The Journal of Educational Research, vol. 96.

PROC Logistic in SAS 9.3 (2010). SAS Institute.
Ryan, J., Mazzuchi, T., & Sarkani, S. (2014). Leveraging Variability Modeling
Techniques for Architecture Trade Studies and Analysis, Systems Engineering 17, 10-

25.

Sage, A.P, & Lynch, C. L. (1998). Systems Integration and Architecting: An Overview
of Principles, Practices, and Perspectives. Systems Engineering pp. 172-226

SAS Institute Inc. 2010. SAS® Stat Studio 3.11: User’s Guide. Cary, NC: SAS Institute
Inc.

104



Schwartz, M., (2010). The Nunn-McCurdy Act: Background, Analysis, and Issues for
Congress, Congressional Research Service.

Sharon, A., De Weck, O., & Dori, D. (2011). Project Management vs. Systems
Engineering Management: A Practitioners’ View on Integrating the Project and
Product Domains. Systems Engineering Vol. 14, No. 4.

Sheard, S.A. & Mostashari, A. (2009). Principles of Complex Systems for Systems
Engineering, Systems Engineering 12,295-311.

Simon, H. A. (1982). Sciences of the artificial (2nd ed.). Cambridge, MA: MIT Press.

Suh, E.S., Furst, M. R., Mihalyov, K. J., & De Weck, O.L. (2010). Technology Infusion
for Complex Systems: A framework and Case Study, Systems Engineering 13, 186-
201.

Taylor, J. M. G., Ankerst, D. P., & Andridge, R., R. (2008). Validation of Biomarker-
Based Risk Prediction Models. Clinical Cancer Research 14; 5977.

Thamhain, H. (2013). Managing Risks in Complex Projects. Project Management
Journal, Vol. 44, No. 2, pp. 20-35

Turner, N., Maylor, H., Lee-Kelley, L., Brady, T., Kutsch, E., & Carver, S. (2014).
Ambidexterity and Knowledge Strategy in Major Projects: A Framework
and Illustrative Case Study. Project Management Journal, Vol. 45, (5); pg. 44-55.

Valerdi, R. (2005). The Constructive Systems Engineering Cost Model (COSYSMO). Ph.
D. Dissertation. University of Southern California, Los Angeles, CA.

Valerdi, R., Brown, S., & Muller, G. (2010). Towards a Framework of Research
Methodology Choices in Systems Engineering, 8th Conference on Systems
Engineering Research, Hoboken, NJ.

Volkert, R., Stracener, J., & Yu, J. (2014). Incorporating a Measure of Uncertainty into
Systems of Systems Development Performance Measures, Systems Engineering vol.
17, (3); 297-311.

Young, L.Z., Farr, J.V., & Valerdi, R. (2010). Role of Complexities in SE Cost
Estimating Processes, CSER.

Williams, T., Klakegg, O.J., Walker, D.H.T., Andersen, B., & Magnussen, O.M. (2012).

105



Identifying and Acting on Early Warning Signs in Complex Projects. Project
Management Journal, Vol. 43, No. 2, 37-53.

106



Appendix A — Project Performance Support Documentation
According to NASA’s Procedural Requirements (NPR) 7120.5E, project

formulation consists of phases A and B shown in Figure A-1. During formulation,
requirements are developed and defined; cost and schedule basis are also established
including the development of an acquisition strategy. Project teams typically complete
preliminary design (ready for review) and technology development around the end of the
formulation. The NPR 7120.5E indicates that the PDR process evaluates the
completeness and consistency of planning, technical, and cost and schedule baselines
(GAO, 2013). The PDR is designed to determine if the preliminary design meets the

given requirements and evaluates if the project ready to begin the implementation.

KOPC

(confirmation review)
KOP A KRB Program Start KOPD KOPE KOPF
v v v v v v
Pre-phase A Phase A Phase B Phase C Phase D Phase E
Gonoept | Conoeptend | Preliminary Design Final Design System Assembly, Operations and
Studies | Technology | andTechnology and Fabrication Inteqration and Test, Sustainment
Development | Completion Launch
Formulation Implementation
SORMDR POR COR SIR
Management decision reviews
W' KOP = ey decsionpon
Technical reviews

| SORIMOR = system it reiewmission dfiniin revew
| POR:= preiminary design eview
| COR=crica desion review

| SIR = system nteyaton review

Source: NASA data and GAO analysis.

Figure A-1: NASA’s Lifecycle for Flight Systems  Source: GAO
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Appendix B — TRL and Systems Engineering Processes

Table B-1: Technology Readiness Levels (TRL) and Definition
Source: NASA Procedural Requirements (NPR) 7123.1B

TRL

Definition

Hardware Description

Software Description

Exit Criteria

1

Basic principles observed and
reported

Scientific knowledge generated
underpinning hardware technology
concepts/applications.

Scientific knowledge generated underpinning basic
properties of software architecture and mathematical
formulation.

Peer reviewed
|Ipublication of research
underlying the proposed
concept/application.

Technology concept and/or
application formulated

Invention begins, practical
applications is identified but is
speculative, no experimental proof or
detailed analysis is available to
support the conjecture.

Practical application is identified but is speculative;
no experimental proof or detailed analysis is
available to support the conjecture. Basic properties
of algorithms, representations, and concepts defined.
Basic principles coded. Experiments performed with
synthetic data.

Documented description
of the

Analytical and experimental
critical function and/or
characteristic

Analytical studies place the
technology in an appropriate context
and laboratory demonstrations,
modeling and simulation validate
analytical prediction.

Development of limited functionality to validate
critical properties and predictions using non-
integrated software components.

Documented
analytical/experimental
results validating
predictions of key
parameters.

Component and/or
breadboard validation in
laboratory environment.

A low fidelity system/component
breadboard is built and operated to
demonstrate basic functionality and
and

critical test environments, and
associated performance predictions
are defined relative to final operating
environment.

Key, functionality critical software components are
integrated and functionally validated to establish
interoperability and begin architecture development.
Relevant environments defined and performance in
the environment predicted.

Documented test
performance
demonstrating agreement
with analytical
predictions. Documented
definition of relevant
environment.

Component and/or
breadboard validation in
relevant environment.

A medium fidelity system/component
brassboard is built and operated to
demonstrate overall performance in a
simulated operational environment
with realistic support elements that
demonstrate overall performance in
critical areas. Performance
predictions are made for subsequent
development phases.

End-to-end software elements implemented and
interfaced with existing systems/simulations
conforming to target environment. End-to-end
software system tested in relevant environment,
meeting predicted performance.

Operational environment performance predicted.
Prototype implementations developed.

Documented test
performance
demonstrating agreement
with analytical
predictions. Documented
definition of scaling
requirements.

System/sub-system model or
prototype demonstration in a
relevant environment.

A high fidelity system/component
prototype that adequately addresses
all critical scaling issues is built and
operated in a relevant environment to
demonstrate operations under critical
environmental conditions.

Prototype implementations of the software
demonstrated on full-scale, realistic problems.
Partially integrated with existing hardware/software
systems. Limited documentation available.
Engineering feasibility fully demonstrated.

Documented test
performance
demonstrating agreement
with analytical
predictions.

System prototype
demonstration in an
operational environment.

A high fidelity engineering unit that
adequately addresses all critical
scaling issues is built and operated in
arelevant environment to demonstrate
performance in the actual operational
environment and platform (ground,
airborne, or space).

Prototype software exists having all key functionality
available for demonstration and test. Well integrated
with operational hardware/software systems
demonstrating operational feasibility. Most software
bugs removed. Limited documentation available.

Documented test
performance
demonstrating agreement
with analytical
predictions.

Actual system completed and
"flight qualified" through test
and demonstration.

The final product in its final
configuration is successfully
demonstrated through test and
analysis for its intended operational
platform (ground, airborne, or space).

All software has been thoroughly debugged and
fully integrated with all operational hardware and
software documentation, training documentation, and
maintenance documentation completed. All
functionality successfully demonstrated in simulated
operational scenarios. Verification and validation
completed.

Documented test
performance verifying
analytical predictions.

Actual system flight proven
through successful mission
operations.

The final product is successfully
operated in an actual mission.

All software has been thoroughly debugged and
fully integrated with all operational hardware and
software systems. All documentation has been
completed.

Sustaining software support is in place. System has
Ibeen successfully operated in the operational

Documented mission
operational results.
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Table B-2: NASA 17 Systems Engineering Processes
Source: NASA Procedural Requirements (NPR) 7123.1B

# Process Definition Key Activities/
Products
1 Stakeholder Elicit and define use cases, Operational end
Expectations scenarios, concept of operations, | products; operator or
Definition and stakeholder expectations for user interfaces;
the applicable product life- cycle | expected skills and
phases and product layer capabilities of operators
Oor users
2 Technical Transform the baselined Measures of
Requirements stakeholder expectations into Performance (MOPs)
Definition unique, quantitative, and and Technical
measurable technical requirements | Performance Measures
expressed as "shall" statements (TPMs) are defined
that can be used for defining a
design solution for the product
layer end product and related
enabling products.
3 Logical Improve understanding of the Logical decomposition
Decomposition defined technical requirements models; associated set
and the relationships among the of derived technical
requirements (e.g., functional, requirements for lower
behavioral, performance, and levels of the system
temporal) and to transform the
defined set of technical
requirements into a set of logical
decomposition models and their
associated set of derived technical
requirements for lower levels of
the system and for input to the
design solution definition process
4 Design Solution Translate the outputs of the End product
Definition logical decomposition process specifications
into a design solution definition
that is in a form consistent with
the product life-cycle phase and
product layer location in the
system structure and that will
satisfy phase exit criteria
5 Product Drawings,
Implementation Generate a specified product of specifications

a product layer through
buying, making, or reusing in a
form consistent with the product
life-cycle phase exit
criteria and that satisfies the
design solution definition (e.g.,
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drawings, specifications).

6 Product Integration | Transform lower level, validated | Assembly and
end products into the desired end | integration
product of the higher-level
product layer through assembly
and integration.

7 Product Verification | Demonstrate that an end product Satisfaction of the
generated from product MOPs defined for
implementation or product each MOE during
integration conforms to its design | conduct of the technical
solution definition requirements | requirements definition
as a function of the product life- process
cycle phase and the location of the
product layer end product in the
system structure.

8 Product Validation | Confirm that a verified end It is a function of the
product generated by product form of the product and
implementation or product product life-cycle phase
integration fulfills (satisfies) its and in accordance with
intended use when placed in its an applicable customer
intended environment. agreement

9 Product Transition Transition a verified and validated
end product that has been It is a function of the
generated by product product life-cycle
implementation or product phase and the
integration to the customer at the location within the
next level in the system structure | gystem structure of
for integration into an end product | 4o product layer in
or, for the top level end product, hich the end
transitioned to the intended end whie .

product exists.
user.

10 Technical Planning | Plan for the application and Systems Engineering
management of each common Management Plan
technical process. It is also used to | (SEMP)
identify, define, and plan the
technical effort applicable to the
product life-cycle phase for
product layer location within the
system structure and to meet
project objectives and product
life-cycle phase exit criteria.

11 Requirements Manage the changes

Management Manage the product to established

requirements identified,
baselined, and used in the
definition of the product layer
products during system
design; provide bidirectional

requirement
baselines over the
lifecycle of the
system products.
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traceability back to the top
product layer requirements;
and

12 Interface Establish and use formal interface | Maintain interface
Management management to assist in definition and
controlling system product compliance among the
development efforts when the end products and
efforts are divided between enabling products that
Government programs, compose the system
contractors, and/or geographically
diverse technical teams within
the same program or project;
interoperate.
13 Technical Risk Make risk-informed decisions and | Risk management with
Management examine, on a continuing basis, an integrated approach
the potential for deviations from
the project plan and the
consequences that could result
should they occur.
14 Configuration Identify the configuration of the Maintain the integrity
Management product or work product at and traceability of the
various points in time; (b) configuration of the
systematically control changes to | product or work
the configuration of the product | product throughout its
or work product; lifecycle.
15 Technical Data Plan for, acquire, access, manage, | Capture trade studies,
Management protect, and use data of a technical | cost estimates, technical
nature to support the total analyses, reports, and
lifecycle of a system. other important
information.
16 Technical Monitor progress of the technical | Conduct of life-cycle
Assessment effort and provide status and technical reviews
information for support of the throughout the system
system design, product lifecycle
realization, and technical
management processes.
17 Decision Analysis Establish processes for Use throughout the

identification of decision criteria,
identification of alternatives,
analysis of alternatives, and
alternative selection. It considers
relevant data (e.g., engineering
performance, quality, and
reliability) and associated
uncertainties.

system lifecycle to
formulate candidate
decision alternatives
and evaluate their
impacts on health and
safety, technical, cost,
and schedule
performance.
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