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Abstract of Praxis

Analyzing Factors That Contribute to Cost Overruns on

Department of Defense (DoD) Contractor Programs

The Department of Defense (DoD) is the key to the United States” National
Security. The organizational body is responsible for being a safeguard for U.S. citizens and
an integral alliance to our allies. However, the DoD has been plagued by costly overruns on
defense programs that are funded to provide armaments that allow our military the ability
to respond to and protect against national and international threats. These costly overruns
have plagued the Department of Defense (DoD), as early as 1977 with high occurrences of
cost overruns on more than 500 major defense programs resulting in tens of billions of
dollars spent over the past 25 years on weapons systems that were over budget, delivered
late, or canceled (Smith, 2022). The overruns limit future research and development,
impede the country’s defense capabilities, and disrupts the financial balance that affects
taxpayers, healthcare, education, and transportation.

This study examines DoD contract cost overruns by identifying and analyzing
significant contributing factors and applying machine learning models to determine the
likelihood of these overruns. The dataset for this research incorporated 524 records (262
overruns and 262 non- overruns) of various DoD contracts into four different supervised
machine learning algorithms: logistic regression, gradient boosting, support vector
machines, and random forest. The results outline which machine learning algorithm

performed best using the induced dependent (overrun) and independent (factors) variables.
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Chapter 1—Introduction

1.1 Background

In an effort to strengthen the United States (U.S.) economy, support the American
public, surpass global challenges, and ensure national security, the Federal Government’s
commitment to fiscal prudence is sometimes met with unexpected factors that contribute
to the federal deficit. Each administration works to create a budget that is distributed
over multiple functions, allocating billions of dollars to maintain, develop, and create
opportunities and skills that benefit everyone. Within the past decade, the federal
government acquired thousands of programs, securing approximately 11 million
contracts annually (Government RFP, Federal, State Bids & Contracts, Request for
Proposal | Find RFP, n.d.), at an average cost of $566 billion a year. The third highest
budgeted function is allocated to national defense, averaging 14% of the nation’s annual
budget (USAspending.gov, n.d.). In 2023, the U.S. federal government contract awards
reached a record $765 billion, up 9.5% due to growth in Department of Defense (DoD)
procurement programs and spending (Siken, 2023). The federal government acquires
projects based on the estimated costs and other contractual entities, but once the
contracted projects get underway, the costs sometimes increase (Edwards and Kaeding,

2015).



Federal Contract Awards by Year ($ Billions)
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Figure 1-1: Federal Contract Awards by Year (Highergov.com, 2023)

Impacted by record growth and the cost to improve quality, many programs and
federal government subsidiaries result in schedule delays, which, in turn, result in a cost
overrun. A cost overrun occurs when the actual cost of the contracted service or product
exceeds the contract’s specified total cost (Title 48 C.F.R. Subpart 342.71, n.d.). Programs
have reported frequent cost overruns in the defense, energy, and transportation industries.
Program costs often escalate due to multiple factors, including inaccurate cost estimation,
contract type, scope modifications, inadequate risk assessment, technical issues, and
procurement issues (Lorell et al., 2017; Majerowicz & Shinn, 2016; Bolten et al., 2008).
Increased overruns may result in penalties and legalities, and hinder economic growth and
development.

The DoD is, unfortunately, too familiar with cost overruns on its weapons,
weapon systems, and equipment contracts. The DoD averages cost overruns in excess of

50%, a disappointing trend since its first major procurement of six Navy frigates in 1794



(Christensen, 2015; Edwards and Kaeding, 2015; Fordham, 2014). Centuries later, the
repetition of cost overruns versus original estimation continues, resulting in escalated cost
overruns and projected inflation.

Cost overruns are multifaceted challenges that affect acquisition, infrastructure,
system maintenance, and increased technological warfare. Addressing the root cause of
cost overruns and the contributing factors is critical in decreasing future overruns and
minimizing budget uncertainties to allow effective planning, execution, and spending
(Edwards and Kaeding, 2015). The Office of the Under Secretary of Defense for
Acquisition (OUSD(A)) reviewed over 500 overrun contracts and determined that when a

contract is at least 15% to 20% complete, the chances of recovering from the cost overrun

is improbable (Christensen, 2015).
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Figure 1-2: Drivers of Cost and Schedule Overruns on MDAPs (GAO-20-352, 2020)



1.2 Research Motivation

The DoD is the key to our national security. Its mission is to maintain military
forces needed to prevent war and safeguard the security of our nation (defense.gov). As
one of the U.S. government's highest budgeted functions, the DoD is also is plagued by
costly overruns on its contractor programs that are funded to provide products and
services that allow our military the ability to respond to and protect against national and
international threats. The United States Government (USG) loses billions of dollars in
resources as a result of schedule delays, cost overruns, and termination of defense
acquisition programs (Shallcross et al., 2019). Data gathered and maintained by U.S.
entities record awarded contract information in publicly accessible databases such as
FPDS.gov, SAM.gov, USAspending.gov, and HigherGov.com, citing various factors
that contribute to cost overruns, including engineering issues, schedule modifications,
scope modifications, and production issues.

The Government Accounting Office (GAQ) is a reputable, independent, non-
partisan congressional agency that collects and analyzes facts associated with
governmental spending. Their goal is to provide reports and recommendations that save
money and increase efficiency. GAO is accountable to the U.S. Federal Government
Legislative Branch (Cable, 2015). The GAO has evaluated the DoD’s weapon
programs, acquisition procedures, and policies for more than 20 years,
highlighting challenges and documenting recommendations for efficiency and
effectiveness (GAO.org, 2022).

From 2020 to 2022, GAO assessed 84 Major Defense Acquisition Programs

(MDAPs) programs and found a decline in the number of programs available by 2022.



During that timeframe, approximately 40% of the 84 assessed programs’ net cost
increased by $37 billion, noting the primary cost drivers as supply chain issues,
ineffective production processes, and increases in the cost of modernization (GAO.gov,
2023). In August 2021, contract overruns forced the Navy to increase the cost baseline
for ship CVN 79 by $1.3 billion, raising the contract’s total to $12.7 billion (GAO.gov,
2023).

In 2022, a GAO study of 63 of the most expensive weapon programs identified
over 80 priority open recommendations involving several areas of improvement for
the DoD, including acquisitions and contract management. (GAO.gov, 2022). The
report revealed that over half of the MDAPSs yet to be delivered reported delays
within the prior year of the report.

Over the past 25 years, the DoD has spent tens of billions of dollars on cost
overruns on weapon systems and other defense programs. (Smith, 2021). Unplanned
military cost increases can have a detrimental effect on economic growth and a negative
impact on the economy. The country’s overall economy decreases by 9% with each 1%
increase in unplanned military expenditures (d’Agostino et al., 2017). Costly overruns
impede the U.S.’s defense capabilities and cause a financial imbalance due to funds
shifting, effecting services rendered to those in need by the government, including
healthcare, schools, and transportation, and opening doors to technological advantage
against all potential threats. Surplus costs cause new ideas to stifle and trust in our
nation, as well as national security, is further degraded. Moreover, as a program
progresses, cost overruns tend to increase at various rates among program categories

(Wilson, 1992).



This praxis presents a ML diagnostic model that uses the identified factors as
independent variables to examine their effects and impact on the dependent variable,
DoD contract cost overruns. The utilization of this ML diagnostic model can help

decrease inefficiencies that contribute to the occurrence of DoD program cost overruns

and explore practical strategies to reduce budgetary challenges.
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Figure 1-3: U.S. Government 2023 Fiscal Year Obligations (GAO, 2023)

1.3 Problem Statement

Uncontrolled factors contribute to budget challenges on DoD major acquisition

programs, resulting in over 50% of DoD contracts reporting unplanned cost overruns

(Bolten et al., 2008; Clowney, 2016; Lorell et al., 2017; Majerowicz & Shinn, 2016;
Shallcross et al., 2019).

The United States Congress has made numerous attempts to control cost overruns

in the defense industry through legislation, contract reform, and reporting requirements.



According to a report published by the GAO (2011, as cited in Edwards and Kaeding,
2015), the Nunn- McCurdy Act of 1982 mandates DoD to notify Congress if a major
project has cost growth that exceed specified thresholds and may conduct an in-depth
project assessment which may result in project restructuring or cancelation (Edwards and
Kaeding, 2015). Other significant laws include the Competition in Contracting Act
(CICA) of 1984, which encourages competition in government contracting to ensure fair
pricing and lower the risk of cost overruns, and the Weapon Systems Acquisition Reform
Act (WSARA) of 2009, which introduced measures to improve cost estimation, risk
management, and supervision of major defense acquisition programs.

Overall, these reforms have had a significant impact by enacting provisions aimed
at improving accountability, controlling costs, adhering to schedules, enhancing
performance, streamlining processes, and increasing oversight. However, these changes
have had little impact in reducing schedule delays, decreasing significant design issues,
and eliminating cost overruns (Shallcross et al., 2019). The GAO’s 17" annual
assessment report of 82 of the DoD’s largest and most complex programs, including
those that began after the major acquisition reforms were adopted, noted that costs
continue to increase for a great majority of those programs, valued $1.69 trillion (GAQ,
2019). Despite the efforts, the uncertainties continue to pose challenges in successfully
controlling cost overruns. Ongoing evaluations, policies, and practices are essential in
reducing cost overruns and acquiring more cost effective contracts. This study will also
determine if any combination of the variables assessed will perform diagnostic analytics

to determine the likelihood of cost overruns on future DoD programs.



1.4 Thesis Statement

A machine learning model is needed to perform diagnostic analytics to determine
the likelihood of DoD contract cost overruns occurring due to uncontrolled factors
prevalent across DoD acquisition.

Machine learning (ML) diagnostics is a systematic approach focused on
identifying, handling, and improving various aspects of ML models during their
development and training phases (Giskard, 2023). ML diagnostics is used to determine
prompt responses for informed decision making. ML diagnostics emphasizes leveraging
real-time data and a broader range of factors and variables to forecast the short-term
value of a specific variable. Factors contributing to DoD contract overruns will be
analyzed using various ML diagnostic methods, including binary classification models
and decision tree algorithms. The diagnostic procedures can provide insight into the
learning algorithms through a diverse array of checks and evaluations to seek the most
effective dataset characteristics (Deepchecks, 2024). The utilization of these ML
diagnostic models can assist in reducing the inefficiencies that contribute to DoD cost
overruns by identifying potential issues early and investigating effective strategies to
reduce the budgetary challenges. Inputs include various factors identified through the
recorded data, including inaccurate cost estimation, contract type, scope modifications,
inadequate risk assessment, technical issues, and procurement.

The ML diagnostic models will not eradicate DoD contract cost overruns;
however, this study will use the most effective ML diagnostic model to provide accurate
estimates that may decrease the likelihood of DoD contract cost overruns occurring. The

information can be used in DoD, DoD contractors, federal agencies, and academia to



assist in acquisitions, project and resource management, and maximizing efficient
utilization of programmatic resources.
1.5 Research Objectives
This research aims to identify significant contributors to DoD contract overruns
and apply the most effective ML diagnostic model to reduce inefficiencies/factors that
can contribute to DoD cost overruns. Overall, the objectives of this research are to:
1. Identify key contributors to DoD contract overruns by conducting a
comprehensive review and analysis of historical DoD contracts.
2. Use data analysis technigues to quantify the impact of the identified factors.
3. Assess various ML diagnostic models and methodologies used in the industry to
identify the most effective ML diagnostic model that can reduce inefficiencies
that contribute to DoD cost overruns.
4. This research will also conduct comparative analyses of various ML diagnostic
techniques to determine the best accuracy using the available data.
1.6 Research Questions and Hypotheses

This research aims to identify significant contributors that contribute to DoD
contract overruns and utilize the most effective ML diagnostic model to decrease
inefficiencies contributing to those DoD cost overruns. This research will also examine
potential strategies to reduce budgetary challenges by focusing on three research
questions and three hypotheses:

RQ1: What factors significantly contribute to the likelihood of cost overruns in

DoD contracts?



H1: The significant factors that contribute to an increased likelihood of cost
overruns in DoD contracts include inaccurate cost estimation, contract type, scope
modifications, inadequate risk assessment, technical issues, and procurement
issues.

RQ2: Can machine learning effectively perform diagnostics on the identified
factors to determine the likelihood of a cost overrun occurring on DoD contracts?
H2: A random forest model can achieve at least 80% accuracy in performing
diagnostics to determine the likelihood of a cost overrun occurring on DoD
contracts based on contributing factors.

RQ3: What is the most effective machine learning model for diagnosing the
occurrence of a DoD contract cost overrun?

H3: The most effective machine learning model for diagnosing the occurrence of
DoD contract cost overruns based on contributing factors is a random forest

model.

1.7 Scope of Research

The purpose of this quantitative research is to analyze factors that contribute to

the occurrence of DoD contract overruns and identify how to control these uncertainties

in the effort to decrease cost overruns. The information can be useful to the DoD, DoD

contractors, federal agencies, and academia to assist in acquisitions, project and resource

management, and maximizing efficient utilization of programmatic resources.

Data used in this research was retrieved from publicly accessible archival data

sites, including FPDS.gov, SAM.gov, USAspending.gov, and HigherGov.com. As

outlined in 41 U.S.C. 401 et seq. and FAR Subpart 4.6 of the Office of Federal

10



Procurement Policy, the Administrator for Federal Procurement Policy is required to
“create a computer-based Federal Procurement Data System to collect, maintain, and
disseminate procurement data to Congress, the Executive Branch, and private sector”
(FPDS-NG Data Entry User’s Guide, 2024). The Federal Procurement Data System
(FPDS), the System for Award Management (SAM.gov), and USAspending.gov are key
sources for government contract data, contract opportunities, and federal spending
information, with FPDS providing authoritative contract data, SAM maintaining official
contract opportunities and entity reports, and USASpending.gov serving as the official
open data source for federal awards (FPDS.gov, n.d., SAM.gov, n.d.,
USAspending.gov). HigherGov.com integrates government contract data from various
sources, including public data, Freedom of Information Act (FOIA) data, and proprietary
data (HigherGov.com).
1.8 Research Limitations

This research uses data from publicly assessable sources that are input into
government controlled systems by government users via defined forms. Agency
administrators control and monitor the respective end users. Most of the data is
maintained in real time or updated on a scheduled basis.

1. Real time data: FPDS data is real-time, meaning the data continuously changes.
As a result, data quality and consistency, such as incomplete data or inaccuracies
due to user input error or data transmission anomalies, may reside in the database.
2. Data availability: Although the data used in this research was acquired from
official government reporting sources, this research acknowledges that program

classification may eliminate certain existing programs due to national security

11



concerns. As a result, any data associated with a classified program is not
expected to be accessible for public analyses and/or reporting.

3. External factors: Geopolitical events within the identified period (2013 — 2023)
may have an impact on the government’s budgeting and investing priorities. The
ability to fulfill the terms of a contract may be impacted by conflict and
instability, along with regulatory changes. Some contracted capabilities and
technologies may have advanced in schedule and delivery due to emerging
threats, national interests, supply chain disruptions, or policy changes. Said
external factors may cause resource limitations, unpredictability, and operational
challenges that could complicate contract fulfillment. To effectively address every
security challenge and maintain readiness, the DoD must adjust to these dynamic
changes and incorporate flexibility within contracts.

4. Limitations in analytical tools: While ML diagnostics can achieve a high level of
accuracy, there may be limitations with the ML diagnostic methods. Diagnostic
accuracy may be limited by data quality, such as missing values or biases, which
can undermine the reliability of the diagnostic test. A sufficient amount of data is
necessary to accurately train the model. Addressing these limitations requires
careful consideration of the model selected, validation methods, and transparency
in reporting ML diagnostic results.

1.9 Organization of Praxis
This research is composed of five chapters that comprehensively integrate the

necessary information needed to implement the analytical.
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Chapter 1 introduces the background of the research, briefly expanding on the
problem statement, thesis, research objectives, research questions and hypotheses, the
scope of the research scope, and the research limitations.

Chapter 2 documents literature of previous peer-reviewed published studies
regarding factors that influence DoD contract overruns. Furthermore, this chapter will
elaborate on the problem statement introduced in Chapter 1.

Chapter 3 outlines the methodology and illustrates the evolution of the
hypotheses. Chapter 3 will also detail the data preparation process and diagnostic
analytics used for validation.

Chapter 4 highlights the results of the analyses, including metrics. Chapter 4 uses
visuals and statistical data that support the results.

Chapter 5, the final chapter, summarizes the discussion, research conclusion, and
future research recommendations.

Supporting sources and supplementary materials are located in the references and

appendices located at the conclusion of the praxis.
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Chapter 2—L iterature Review

2.1 Introduction

The Department of Defense’s (DoD’s) acquisition reform and improved cost
control have been studied and analyzed for decades, resulting in numerous strategies and
improvements for cost control that have yielded mixed results. Essential efforts to
improve DoD acquisition processes and maximize cost control must continue to ensure
proper budget control and maintain operational readiness (Calloway et al., 2018).

Several factors have been documented as significant contributors to cost overruns,
such as contract types, inaccurate cost estimates, scope (requirement) modifications,
inadequate risk assessment, technical challenges, and procurement issues (GAO, 2020;
Shallcross et al., 2019; Shin, 2016). Moreover, to control cost, consideration must be
given to uncontrollable, complex, and differentiated factors that may lead to ‘cost
overrun’ (Kuljaroenwirat & Seresangtakul, 2016).

Published literature has documented numerous occurrences of cost overruns on
major DoD programs throughout the years. In 1989, the Office of Secretary Defense
(OSD) studied eight automated defense systems, all of which experienced significant cost
growth, increasing the original DoD cost estimate from $1 billion to $2 billion (Cable,
2015). A 1994 statistical study by Christensen validated the Office of the Under Secretary
of Defense for Acquisition (OUSDAs) cost overrun concerns of 64 completed defense
contracts using the 95% confidence level, providing strong evidence to support OUSDA’s
findings. The analysis found that the overruns were largely unaffected by the contract

type (price, cost), the contract phase (development, production), the type of weapon
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system (air, ground, sea), and the armed forces service (air force, army, navy) responsible
for managing the contract (Christensen, 1994). The study cited delays in schedule,
acquisition plans, and strategies. In 2005, the Government Accounting Office (GAO)
examined 91 DoD programs, finding an average overbudget of 33%, and procurement
costs overbudget by 18% (GAO, 2008). In 2014, GAO examined 78 DoD programs,
resulting in an average of 53% overbudget, and procurement costs overbudget 46%
(GAO, 2015). Figure 2-1 depicts the main contributing factors to the Nunn-McCurdy
Breaches between 1997 and 2009 (GAO, 2011). A Nunn-McCurdy Breach occurs when a

program exceeds specific thresholds established by the DoD.
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Figure 2-1: Factors Contributing to Breaches (Shallcross et al., 2019):
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Projects with intricate dependencies and high uncertainty levels are prone to
unexpected challenges that drive up costs (Irfan, 2023). A government project could
increase by 100% or more by completion (Edwards and Kaeding, 2015). GAO-23-
106059, published in 2023, cited procurement issues and technological issues as driving
factors in delays and costs. Overruns often result in significant implications, including
budgetary strains and impacts to readiness and capability.

2.2 DoD Contract Acquisition Process

The DoD contract acquisition process involves a complex number of steps and
procedures to acquire and procure products and services from external contractors to
fulfill each contract’s need (FY2024 NDAA, n.d.). Upon identifying the need within
the DoD, specific requirements for the products and/or services must be thoroughly
defined between all parties involved. A solicitation comprised of requirements,
evaluation criteria, and proposal submission instructions is released for bidding to all
external contractors the opportunity to submit proposals. All proposals are evaluated
for technical assessment, cost, and past performance evaluations/scores before a
contract is awarded. A DoD proposal could be deemed non-compliant if it does not
meet the requirements specified in the Request for Quotation (RFQ) or the Request for
Proposal (RFP) (Meredith and Mantel, 2012). The winning contractor is given the
opportunity to negotiate and finalize the contract’s terms and conditions before it is
awarded (dau.edu, n.d.). As with all defense acquisition, once the initial capabilities
of the system are defined, the DoD solicits bids (proposals) from participating

contractors (Basha, Kwasa, and Bloebaum, 2018).
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All contracts are monitored by the DoD throughout the Period of Performance
(PoP) for contractor performance, compliance, and issues. Additionally, the DoD and
its contractors are bound to adhere to all laws, regulations, and policies such as the
Federal Acquisition Regulation (FAR), the Defense Federal Acquisition Regulation
Supplement (DFARS), and various DoD directives to ensure accountability. In a
report by Hofbauer, Sanders, Ellman, and Morrow (2011), a series of variables —
including government management and oversight — were used to identify factors that
may impact or correlate with MDAP cost overruns. The DoD manages payments
(payments are awarded through Contract Line Item Numbers (CLINSs)), conducts
audits, and oversees the delivery schedule, which is maintained by the contractor.

Once the product and/or service is delivered, the contract is closed out, outstanding
issues are resolved, and payments are finalized. Payments for DoD contract cost
overruns are initiated by the contracting officer through the Limitation of Cost as
outlined in Federal Acquisition Regulation (FAR) 32.704 (32.704 Limitation of Cost
Or Funds | Acquisition.GOV, n.d.).

The GAO has emphasized the importance of informed decision making and
thorough planning to improve the DoD acquisition process (GAO, 2019). When
programs begin development with insufficient knowledge, the resulting negative effects
often ripple throughout the entire acquisition cycle (GAO, 2019). Figure 2-2 illustrates

the DoD acquisition framework (GAO, 2019).
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Figure 2-2: Department of Defense (DoD) Acquisition Process (GAO, 2019)

The 2020 DoD Inspector General’s (IG) report detailing the top 10 management
challenges cited acquisition and contract management as key challenges, mainly due to
cost overruns. (Buck & Sorenson, 2009). As reported by the DoD IG, the DoD and
Congress have sought to improve the acquisitions of major weapon systems for many
years because acquisition and contract management have been long-standing high-risk
areas (Department of Defense Office of Inspector General, 2019). Moreover,
requirements for acquisitions are often unclear and inconsistently defined, often leading
to frequent cost overruns (Department of Defense Office of Inspector General, 2019).
Sorenson (20009, as cited by Cantwell, Sarkani, and Mazzuchi, 2013) highlighted
several critical challenges facing the defense acquisition process, including inaccurate
cost estimates, frequent requirement changes, schedule delays, and excessive oversight
as acquisition inefficiencies. These issues have persisted over the years despite multiple

reform processes aimed at improving the contract acquisition process.
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Figure 2-3: Government Acquisition Lifecycle (lunaconcorp.com)

2.3 Contract Types

To acquire products and services, the DoD uses a variety of contracts as listed below (Part

16 — Types of Contracts | Acquitistion.gov, n.d.):
1. Fixed-Price Contracts
a. Firm-Fixed Price (FFP)
b. Fixed-Price Economic Price Adjustment (FPEPA)
c. Fixed-Price Incentive Firm Target (FPIF)
d. Fixed-Price Award Fee (FPAF)
e. Fixed-Price Prospective Price Redetermination (FP°R)
2. Cost-Reimbursement Contracts
a. Cost-Plus Incentive Fee (CPIF)
b. Cost-Plus Award Fee (CPAF)
c. Cost-Plus Fixed Fee (CPFF)
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d. Cost or Cost-Sharing (C or CS)
3. Indefinite-Delivery Contracts
a. Indefinite Delivery/Indefinite Quantity (IDI1Q)
4. Time and Materials, Labor-Hour, and Letter Contracts
a. Time & Materials (T&M)
b. Labor-Hour
c. Letter
DoD contracts are generally grouped into two categories: fixed-price contracts
and cost- reimbursement contracts (dau.edu, n.d.). Fixed-price contracts and cost-
reimbursement contracts represent two primary methods for structuring defense
contracts, each with its own implications for cost overruns. However, federal contract
types can introduce various challenges that contribute to cost overruns. There are
advantages and disadvantages to each contract type; an unsuitable contract type can
result in unbudgeted costs, project failure, lawsuits, or default (Calloway et al., 2018).
Fixed-price provide greater cost certainty for the government and tend to result in the
least overruns (GAO, 2021). DoD contractors are more likely to submit reasonable or
higher bids to account for potential risks throughout the PoP of the program. Any

underestimated bids or costs leave the DoD contractor with the financial loss.

Cost-plus- Cost-plus- Cost-plus- Fixed-price- Firm-fixed-
fixed-fee award-fee incentive-fee incentive price

- Cost and performance risk to the government
- Cost and performance nisk to the contractor

Sourca: Dedanse Acqusition Univarsty, | GAO-20-352

Figure 2-4: Spectrum of Contract Types and Risks
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A comparison of Major Contract Types, as published by Defense Acquisition
University (DAU, 2023), is outlined in Appendix B. Cost-reimbursement contracts are
more likely to result in cost overruns mainly because the government bears the
responsibility of any additional cost incurred during the PoP of the contract. DoD
contractors are expected to provide a realistic, accurate, and honest bid to fulfill the terms
and objectives outlined in the contract. With cost-reimbursement contracts, DoD
contractors have less incentive to control costs because they are reimbursed for actual
expenses and sometimes a profit margin. A cost-reimbursement contract may result in
less effective cost management, and if not managed properly by the government,
contractors may have less interest in minimizing expenses, resulting in potentially higher
overall project costs for the government in the form of cost overruns. According to GAO-
20-352 (2020), the government assumes more risk with cost- type contracts. As a result,
the DoD and Congress advocate for the use of fixed-price contracts, where appropriate
(Thompson, 2024).

The Office of the Secretary of Defense (OSD) during the John F. Kennedy and
Lyndon B. Johnson (1960-1968) administrations favored fixed-price and incentive
contracts over cost-plus-fixed-fee contracts, making a broad effort to address
inefficiencies and control spending as a response to numerous cost overruns the occurred
during the 1950s and early 1960s (Fox, 2011). A study published by the GAO in 2009
cited that “approximately 70% of 96 Major Defense Acquisition Programs (MDAPS)
were experiencing significant cost overruns, reaching over $295 billion (a 26% overrun)
over the life of the projects” (Wang and Miguel, 2013). As a response, the Memorandum

on Government Contracting, which was aimed at reforming the contracting process with
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the means of improving the effectiveness of acquisition practices, was issued by the
Barack Obama administration. The Weapons Systems Acquisition Reform Act
(WSARA) was also enacted into law by President Obama in 2009 in the effort to improve
contract acquisition processes. One of the primary focuses of the WSARA is to
encourage greater use of fixed-price contracts and reduce cost-plus based contracting
(Wang & San Miguel, 2013).

According to a study conducted by Betreau and Hofbauer (2010, as noted by
Moore, 2023), external or situational factors not included in the scope of traditional
contract terms, such as the company managing the contract, along with the actual
competition and contract type, resulted in a possible correlation amongst the variables.
During their study’s focus on contract types, Betreau et al. (2010) concluded that the cost
performance of MDAPs may also be impacted by contract awarding procedures. Fixed-
price contracts typically overperform other unspecified contract types when comparing
cost growth to the MDAP contract value (Betreau et al., 2010).

Research performed by Callaway, Hastings, and Moeller in 2018 researched the
comparison of firm-fixed- price (FFP) and fixed-price incentive firm (FPIF) contracts to
cost-plus fixed-fee (CPFF) contracts. The research outlined a number of benefits that
contribute to the success of limiting cost overruns when a program is acquired through a
FFP or FPIF contract. Although FP contracts encourage cost efficiency, the literature
review did not find a study or report suggesting that FP contracts ‘inherently’ reduce a
contract’s price (Calloway et al., 2018).

In 2022, FFP contracts, the most commonly used contract type for government

business, were the topic of inflation talks. The 2023 Top DoD Management Challenges
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published by the U.S. Department of Defense's Inspector General reported the contracted

price in FFP contracts remain fixed throughout the duration and cannot be adjusted. As a

result, the contractor assumes full responsibility for all cost overruns or resulting profit

(U.S. Department of Defense, 2022).

Feature

Cost-type

Fixed-price-type

Payment and incentive
arrangements

Government pays allowable costs incurred by
contractor, to the extent prescribed by the
contract, such as certain compensation costs
for work performed.

Incentive arrangements included in the contract
can allow the contractor to earn fees tied to
performance, such as for performing at lower
costs.

Government pays a fixed price.

Incentive arrangements included in the
contract can allow government to share in
cost savings and can also allow the
contractor to earn fees tied to performance.

Risk assumption

Government generally assumes the risk of a
cost overrun.

Contractor generally assumes the risk of a
cost overrun.

Expectations of contractor

Contractor is to make a good-faith effort to meet «
contract requirements within the estimated cost;

Contractor must meet contract requirements,
including specified schedules, at firm prices

however, government is not promised a
completed item or service within that cost.

or, in some cases, an adjustable price.

Source: GAD analysis of Federal Acquisition Regulation and Department of Dedense data. | GAD-20-352

Figure 2-5: Key Features of Cost and Fixed-Price Contracts (GAO.org, 2020)

Losey and Robertson (2024) noted that many major defense companies expressed
their concerns regarding fixed-price and cost-plus contracts. Fixed-price contracts
minimize risk for taxpayers because the contracted companies assume the responsibility
of any cost overruns (Losey & Robertson, 2024). A cost-plus contract can result in less
risk but has not always proven to be the best profiting method for defense contractors.
For example, Boeing’s design and production of Air Force tanker KC-46 acquired "$7
billion in overruns on a $4.9 billion contract” (Losey & Robertson, 2024).

Notably, the DoD Risk, Issue, and Opportunity (RIO) Management Guide for
Defense Acquisition Programs (2023) cites that a program’s risk primary factor in
determining which contract type to pursue. Key considerations include the clarity of the
requirements, the readiness state of the technology, the expertise of the bidders, and the

industry’s ability to manage or absorb unexpected overruns. Effective management
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requires an understanding of the differences and challenges that may exist with different
federal contract types. The contract type will impact how the government and contractor
manage risks. Contractors can better mitigate the risk of cost overruns by proactively
addressing these factors.

2.3 Inaccurate Cost Estimation

Inaccurate cost estimation can lead to insufficient budget allocations when a
program is acquired. Cost estimation provides a foundation for a DoD acquisition
program’s funding decisions, budget planning, and other decision making strategies to
ensure successful execution (Basha et al., 2018). Many reviews highlighting DoD
contracts noted discrepancies between estimated and actual costs. Some debate that the
discrepancy is caused by deficient cost estimating, while others attribute it to deficient
cost control or a combination of both (Fox, 2011). When contractors acquire contracts
based off of inaccurate estimate submissions (i.e., lower bids to win contracts), it can
result in difficulty meeting requirements within the allocated budget.

GAO-15-188 (2015) study examined DoD Acquisition Category (ACAT) Il and 11
programs, noting factors most frequently cited as contributors to cost increases or
schedule delays (GAO, 2015). Flaws in the original cost estimate were noted in several
programs, including the Air Force’s Haystack Ultra-Wideband Satellite Imaging Radar,
where acquisition costs grew from $41 million to $108 million from June 2004 to April
2013 (GAO, 2015). Program officials confirmed that an independent cost estimate was
not conducted prior to the beginning of the contracted low-cost modification (GAO,

2015).
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Research by Peters (2018) discusses the challenges associated with cost
estimation in DoD programs, emphasizing the importance of accurately estimating
program costs to improve profitability. Additionally, aggressive, optimistic bids coupled
with inexperienced government source selection teams within the defense market have
contributed to cost overruns (Meier, 2010). Cost overrun experts such as Flyvbjerg
(2009) and Flyvbjerg and Budzier (2022) have explored the phenomenon of ‘optimism
bias’ in project planning, wherein initial cost estimates tend to be overly optimistic,
leading to cost overruns during project execution.

Fox (2011) cited that major defense programs have repeatedly experienced
significant schedule delays and cost increases over the past thirty years in spite of
significant budget increases. Approximately nine out of ten programs exceed their initial
contractual cost estimates, excluding the impact of inflation and quantity changes (Fox,
2011). One example of such is the F-35 Joint Strike Fighter program, which has
experienced significantly revised cost and schedule goals since 2001. The F-35 aircraft
remains the DoD’s most expensive weapon system in history at $183 billion over
its original cost estimate and a schedule delay or more than a decade (GAO,
2023). The recent report reveals that the F-35 program continues to have
procurement challenges and an increase of “$13.4 billion since the last cost
estimate in 2019” (GAO, 2023). GAO-23-106047 recommended the Under Secretary
of Defense for Acquisition and Sustainment require the F-35 program office to
report any variances between the initial cost estimates and the actual

expenditures to Congress (GAO, 2023), to which the DoD concurred.
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October 2001 March 2012 Difference from December 2021 Difference from

baseline baseline 2001 to 2012 estimate 2012 to 2021
Development 344 552 208 76.3* 211
Procurement 196.6 3357 1391 33549 0.2
Military construction 2 48 28 4.0 (0.8)
Total program 233 395.7 162.7 416.2 20.5

acquisition

Sowrce: GAD analysis of Depariment of Defense data. | GAD-23-108047

Figure 2-6: Total F-35 Acquisition Costs Growth (GAO, 2023)

Projects with underestimated initial budgets tend to experience cost overruns due
to factors not adequately considered during estimation (Irfan, 2023). Fostering a
competitive, fair procurement environment can help prevent the submission of
unreasonably low bids that are not sustainable in the long run.

2.4 Scope Modifications

All DoD contracts contain defined requirements that provide the foundation for
successful planning, execution, and evaluation of a program or project. A good
requirement is clear, concise, achievable, and verifiable. Experienced program managers
and systems engineers will note that a requirement is specific, measurable, attainable,
realizable, and time-bounded (SMART) (Mannion et al., 1995). SMART goals increase
the likelihood of a program’s success.

A contractor can submit detailed requests for a price change only if a contract's
scope is modified post competition,. This is considered to be a sole source scenario,
where the government has limited negotiating power to contain the additional price
(Calloway et al., 2018). Insufficient control over scope evolution leads to unanticipated
expenses (Irfan, 2023). Requirement modifications can result in changes to the intended
technology and modifications to the program baseline, both of which contribute to cost

overruns (Meier, 2010).
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In addition, multiple studies reiterated the significance of understanding and
improving contract requirements to mitigate inaccurate cost estimations and help
decrease cost overruns (Pennock, 2015; Vitharana, Zahedi, and Jain, 2016; Sharma et al.,
2017; Peters, 2018). Scope creep, or the unplanned addition to the requirements process,
may induce cost overruns due to the amount of work, time, and resources needed to
complete the program. Inadequate scope definition and lack of control efforts can
increase project cost and schedule, which negatively affect profit margin and the project’s
budget (Sharma et al., 2017).

A GAO-15-188 (2015) study noted changing requirements as a contributor to cost
increases or schedule delays in the study of ACAT Il and 11l programs. From March
2005 to November 2009, the Marine Corps’ Light Armored Vehicle (LAV) program’s
initial research and development costs increased by $7.5 million, rising from its initial
estimate of $22.2 million to $29.7 million before production began (GAO, 2015). The
program’s delivery of the initial capability was also delayed for more than two-years due
to requirements changes to enhance vehicle survivability against increased threats from
improvised explosive devices (GAO, 2015). The new requirements called for additional
armor which reduced the available space of the communications suite, which resulted in
a redesign of the suite (GAO, 2015).

A study by Vitharana, Zahedi, and Jain (2016) focused on the need to improve the
requirement elicitation process due to inaccuracies in system-level requirements, which
often resulted in an increased number of cost overruns. An improved requirements
elicitation process can influence the overall system level requirements and reduce project

cost overruns (Vitharana et al., 2016).
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Research by Shin (2016) identified 35 major defense acquisition programs with
requirement changes as a major contributing factor to cost growth. Shin’s study presented
a methodology interpreting the relationship between requirement changes, unit quantity
changes, and cost of major programs. The study by Arena et al. (2006, as noted by Shin,
2016) demonstrated that the unexpected increase of system capabilities is driven by
decisions beyond the control of project management, leading to cost overruns on DoD
programs. Research by Blickstein et al. (2011, as cited by Shin, 2016) noted that
requirement changes were the second highest contributors to cost overruns.

2.5 Inaccurate Risk Assessment

Arisk is a possible future event or condition that could negatively affect a
program’s objectives for cost, schedule, and performance (DoD RIO, 2023). All parties
involved are responsible for adequate risk assessment. When selecting contract types for
major programs, the DoD is required to conduct and thoroughly document risk
assessment to ensure contract/risk alignment and transparency (GAO-25-352). As noted
in Federal Acquisition Regulation (FAR), the government typically assumes more risk in
its contracts with more complex or unique requirements (FAR 16.104, 2024). Moreover,
DoD contractors assume the responsibility of mitigating financial, legal, security, and
operational risks.

Inaccurate risk assessment in DoD acquisitions can be influenced by technical
uncertainty, data limitations, and cognitive biases. Consequently, inaccurate risk
assessment can result in inaccurate bids, technical challenges, scope creep, and other

unforeseen circumstances that ultimately lead to cost overruns.
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The Performance of the Defense Acquisition System: 2015 Annual Report
elaborated on the inferred measures of complexity and risk in contracts. Additionally,
Meredith and Mantel (2012) emphasize the importance of adequate risk assessment and
management in mitigating cost escalations, underscoring the impact of inadequate risk
assessment practices on project outcomes. DoD program acquisitions are susceptible to
more risk and uncertainty due to the complexity of the system, requirements
modifications, and interactions between different organizations and governments (Basha
etal., 2018).

In 2023, the DoD updated its RIO Management Guide for Defense Acquisition
Programs, a guide to assist with effectively identifying and managing risks and
opportunities throughout the lifecycle of a program (DoD RIO, 2023). Although the
publication has advanced since its initial risk management inserts included in the 1997
publication (Defense Acquisition Deskbook), the intent remains the same. Programs
should implement risk mitigation plans to identify and proactively manage, at a
minimum, any programmatic, technical, engineering, and business risk throughout the
duration of the contract (DoD RI10O, 2023). Projects that implement robust risk
assessment, quantification, and mitigation strategies are more prepared to manage
unexpected events and minimize cost deviations (Irfan, 2023).

A cost risk analysis (CRA) uses probability distributions to project potential cost
overruns and cost elements that contribute to the potential overruns (DoD RI0O, 2023).
Program managers have been able to identify potential cost drivers and take proactive
steps to minimize risks before they escalate into significant overruns by implementing

CRA early in the project lifecycle.
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2.6 Technical Issues

DoD acquisitions of information technology (IT) resulting in schedule and cost
overruns have been a recurring problem, exposing the critical need for improvement in
the defense acquisition process in several high-profile programs such as Army
Comanche, the Coast Guard Deepwater program, the Joint Strike Fighter, and the Navy
A-12 (Shives, 2021). Shives noted several methods, such as Balanced Score Card (BSC),
Earned Value Management (EVM), Integrated Risk Management (IRM), Knowledge
Value Added (KVA), and Lean Six Sigma (LSS), that can be implemented to enhance
the IT acquisition life cycle.

Immature designs and technologies can have a significant impact on contract
schedules and budgets. A study by Pennock (2015) noted that the GAQ routinely cites
aggressive requirements dependent upon immature technologies lead to performance
shortfalls, schedule delays, and cost overruns. In addition to technical issues, sub-optimal
technical competency was cited as a contributor to cost overruns in a study performed by
Baker (2021). There are potential consequences to making design decisions too early that
can result in cost and schedule risks, and affect the program’s success (Shallcross et al.,
2019).

Research by Hofbauer, Sanders, Ellman, and Morrow (2011) identified
engineering problems as a functional reason for cost overruns. Edwards and Kaeding
(2015), noted that technical reasons can lead to cost overruns on major projects. In the
GAO/NSIAD-91-280 Tactical Missile Acquisitions report, technical risks were common
factors in overruns; underestimated technical risks were identified in seven of the eight

missile programs reviewed as a significant factor in cost or schedule overruns (NSIAD-
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91-280, n.d.). The Stinger missile incurred a 39% cost increase due to significant
software and testing framework issues (GAO, 1991). Technical problems were also
prevalent in the Short-Range Attack Missile (SRAM) Il program, resulting in a four year
slippage and a 50% reduction in quantity.

In 2021, a GAO study cited immature technologies and underestimated risks to be
key contributors to schedule delays and cost increases for several DoD space acquisition
programs, many of which began development more than a decade ago or more (GAO,
2021). For example, the Space Based Infrared System (SBIRS) resulted in a 260% cost
growth from its original estimate, and its first satellite launch was delayed roughly 9
years. The Global Positioning System (GPS) Next Generation Operational Control
System experienced a 73% cost increase and 5 year schedule delay (GAO, 2021).

In the GAQ’s assessment of major projects by National Aeronautics and Space
Administration’s (NASA), the Laser Communications Relay Demonstration (LCRD)
incurred a $47.8 million increase in life cycle cost, along with a 19 month delay in its
launch schedule due logistical and technical issues (GAO, 2021). GAQ’s assessment of
the F-35 also noted multiple technology issues. The GAO’s 2023 report noted the F-35
program experienced significant developmental delays to important technology updates
during its Block 4 modernization efforts. The program requested an additional $1.64
billion to integrate updated hardware and software capabilities by July 2023, but
experienced a 12 month testing delay (GAO, 2023). Three of the six delayed technology
capabilities had not been delivered as of March 2023. The GAO 2023 report also notes
that "as of January 2023, the F-35 program had 821 open deficiencies; five of which were

characterized as category 1 (deficiencies are critical and could jeopardize safety, security,

31



or another requirement) and 816 as category 2 (deficiencies are those that could impede
or constrain successful mission accomplishment)” (GAO, 2023).
2.7 Procurement Issues

Procurement problems can result in schedule slips and higher costs. Real-world
examples and case studies highlight the significance of well-defined contracts and
efficient procurement processes (Irfan, 2023). Efficient procurement processes allow
projects to stay on track and within budget. Poorly managed contracts and procurement
delays can contribute to budgetary overruns (Irfan, 2023).

The procurement process is governed by DoD directive 5000.01, 'The Defense
Acquisition System' (Suciu, 2021). The system is divided into three main processes:

1. Defense Acquisition Process - manages the development and procurement of
DoD weapons systems;

2. Joint Capability Integration Development System (JCIDS) — oversees the
requirements development process and identifies and evaluates capability gaps
in joint military operations;

3. Planning, Program, Budget, and Execution (PPBE) process — framework for
managing resources, long term planning, and program development and
execution (Suciu, 2021).

The Nunn-McCurdy Act: Background, Analysis, and Issues for Congress (2016)

noted cost growth for the Ford-class nuclear-powered aircraft carrier program which
produces advanced ships with enhanced capabilities. Costs for Gerald R. Ford (CVVN-78)

increased by 22.9% since the submission of the FY2008 budget. Additionally, the cost for
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John F. Kennedy (CVN-79) increased by 24.0% (Schwartz et al., 2016). CVN-78 and
CVN-79 are the first two ships produced by the program.

Basha et al. (2018) noted procurement costs contributing to cost overruns in a
study of Advanced Extremely High Frequency (AEHF) satellites. According to a study
by Chaplain (2017, as cited in Basha et al., 2018), "the cost overrun for AEHF exceeded
118% of the initial costs estimated.”

Research by Blickenstein et al. (2011, as noted by Shin, 2016) noted that rapidly
changing mission requirements often result in some DoD programs facing difficulty
fulfilling original procurement plans; it is important to recognize that acquisition
flexibility is a risk to cost overruns.

A study by Jones (2022) identified procurement costs was the primary driver of
cost growth for 30 DoD aircraft MDAPSs through their acquisition life cycle. In an
analysis study by McNicol et al. (2016, in a study by Jones, 2022), Average Procurement
Unit Cost (APUC) growth before and after Packard reforms determined that the reforms
had a successful reduced cost growth in MDAPs and lowered APUC growth. However,
the DoD observed a significant rise in APUC growth coupled with reduced oversight
during the 1990s. An additional analysis from the Institute for Defense Analysis (IDA)
investigated MDAPs during reform cycles. The analysis highlight that Program
Acquisition Unit Cost (PAUC) growth during boom cycle were due to program changes
while PAUC growth during bust cycles were mainly due to estimation inaccuracies
(Jones, 2022).

The F-35 Joint Striker Fighter Program is also a subject of procurement issues.

As noted by Suciu (2021), the complexity of the repairs and maintenance of the F-35’s
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engines is so great that there is a real danger that *43% of the global F-35 fleet will not
have serviceable engines by 2030." Similar procurement issues were noted with the
Expeditionary Fighting Vehicle, the DDG-1000 (USS Zumwalt) guided missile destroyer,
and the canceled Future Combat Systems (FCS) program (Suciu, 2021). F-35 planned
aircraft deliveries were extended by an additional six year, resulting in a $13.4 billion
increase in total acquisition procurement (GAO, 2023). This delay in planned production
affects the deliveries of 215 F-35As. The combination of delivery extensions, production
issues, and equipment, technical, and training support costs are all attributes to surging

procurement costs (GAO, 2023).
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2.8 Technical Solutions

ML diagnostic analytics relies on historical data to detect patterns and trends that
can result in effective strategies to reduce the likelihood of cost overruns. Reducing the
likelihood of cost overruns occurring on DoD contracts using predictive analytics
involves leveraging data and advanced analytic techniques to better forecast and manage
project costs more effectively. This study will utilize logistic regression, gradient
boosting, support vector machines (SVM), and random forest to for its predictive
modeling. Tajziyehchi et al. (2021) harnessed six conventional machine learning
approaches, including gradient boosting, support vector regression, and random forest to
predict project cost growth in 139 construction projects.

2.8.1 ML Diagnostic Model — Logistic Regression

Logistic Regression analysis aims to identify the simplest, most accurate
model to explain or predict the relationship between a dependent variable and one or
more independent variables, also known as covariates (Wiley, n.d.). In logistic
regression, the input data can be any numeric type, but the outcome variable must be
binary, usually notated with a ‘0’ (no/false) or ‘1’ (yes/true) to indicate a pass or fail.
This model analyzes various factors to estimate the probability that a cost overrun
would occur.

Regression analysis can be used to determine correlations between the
independent and dependent variables by estimating the impact of each predictor on the
dependent variable while controlling the effects of other predictors. The equation for a

logistic regression model is
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_ ebo + b1 * X

Equation 1: Logistic Regression

where y = predicted output

X = input value

b0 = intercept

b1 = single input value (x) coefficient

e = error term
The exponentiated coefficients (b1) represent the odds ratios, which show how a one-unit
increase in the predictor variable impacts the odds of the outcome.

Techniques such as maximum likelihood estimation (MLE) are used to train the
logistic regression coefficients to predict default (close to 1) and alternative (close to 0)
class variables (Wiley, n.d.). MLE seeks to determine which coefficients maximize the
probability of the observed data provided in the model. This study includes both overrun
and non-overrun data to provide a balanced set of data used during the models’
predictions.

A successful logistic regression model relies on effective variable selection
(Ranganathan et al., 2017). Choosing more input variables than needed can dilute true
associations and lead to imprecise confidence intervals errors, or, conversely, identify
false associations (Ranganathan et al., 2017). Additionally, if there is multicollinearity
(highly correlated input variables), the model becomes less precise (Ranganathan et al.,

2017).
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In a 2017 study by Lu et al. (2017b), logistics regression analysis was used to
examine the relationship between variables and cost for 144 samples that were used to
identify, explore, and refine 14 factors that impact design-bid-build (DBB) and design-
build (DB) projects’ cost performance. Ina 2017 study by Trudelle, four logistic models
were used to build a cost model for program managers to simulate and impartially
analyze risks of program characteristics to cost and schedule for (Trudelle, 2017).
However, the study was unable to validate the model by using 20% of the data due to the
small sample size (Trudelle, 2017). Teston et al. (2021) used logistic regression to
forecast the likelihood that a DoD construction project would incur a cost overrun using a
95% confidence interval. In a 2023 study by Moore, logistic regression was used to
examine cost growth for the initial overrun, any subsequent overruns, or any variable
contingent upon cost growth using 615 instances, followed by 521 instances across 58
independent variables.

2.8.2 ML Diagnostic Model — Gradient Boosting

Gradient Boosting is an ensemble machine learning algorithm that uses decision
trees to build models, and improves the model by sequentially trains the model by
correcting previous learned errors (Zak, 2023). When properly tuned and implemented,
gradient boosting can yield high performance predictive models. Gradient boosting
combines the strengths of multiple decision trees and can handle complex interactions
between features. Gradient boosting can be categorized as either a classifier
(classification problems) or regressor (continuous values), depending on the type of target
value: discrete for classifiers or continuous for regressors (Tripathi, 2022). This

distinction guides the model’s architecture, loss function, and evaluation metrics. The
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three main parts of gradient boosting are: loss function (acts as a distinguisher), weak
learner (base learner), and composite model (model additive adjuster) (Tripathi, 2022).
Mathematically, gradient boosting is composed of several steps to build the following

formula:

. n

arg min

Fo() = = ) L ¥)
Y i=1

Equation 2: Gradient Boosting

where L = loss function
v (Gamma) = predicted value

arg min = predicted value or gamma to be found where loss function is minimum.
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Figure 2-7: Example of Gradient Boosted Tree (Jiao et al., 2020)

The adaptability of gradient boosting to handle mixed, categorical, and
numerical predictor variables further enhances its utility in solving equations with
diverse variable types (Abd Ali et al., 2023). The study confirmed the effectiveness and
reliability of the gradient boosting algorithm for predicting solutions to complex
equations, concluding that the gradient boosting algorithm proves to be an effective tool

for solving complex equations (Abd Ali et al., 2023).
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Previous studies have shown that gradient boosting based regression
outperformed random forest, bagging, and regression trees (Dahiya et al., 2021). Aung et
al. (2023) researched advanced techniques to augment the accuracy of cost overrun
predictions in the residential, commercial, infrastructure, and industrial construction
industry, concluding that enhanced accuracy in predicting cost overruns allows project
managers to identify key risk factors, improve risk mitigation, reduce financial risks,
strengthen project execution, and take appropriate preventative measures. The study used
three machine learning techniques - linear regression, support vector machines (SVM),
and artificial neural networks (ANN) — and employed mean absolute error (MAE) and
root mean square error (RMSE) as the two metrics to evaluate their performances (Aung
et al. (2023).

Elaborating on the FedCSIS 2022 Challenge: Predicting the Costs of
Forwarding Contracts to develop a predictive model that assesses the actual costs
of individual orders as accurately as possible, Xiao et al. (2022) successfully
proposed a gradient boosting based method to train and predict the costs related to
the execution of forwarding contracts.
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>
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Figure 2-8: ROC AUC Classification Evaluation Metric (GeekforGeeks.org, n.d.)
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2.8.3 ML Diagnostic Model — Support Vector Machines
Support Vector Machines (SVM) is a commonly used supervised machine
learning algorithm that has the ability to achieve very high accuracy compared to other
classifiers (Navlani, 2019). Generally, SVM is used for classification, but it has the
capability to perform regression problems and process categorical variables (Navlani,
2019). SVM creates hyperplanes, a decision space divided among different classes
(Katarya et al., 2020). SVM maximizes the margin to identify the optimal hyperplane
that separates the classes (MLMath.io, 2019). The dimensions of the hyperplane are
determined by the number of features (GeeksforGeeks.org, 2024). The larger the
margin, the better as it lowers risk and indicates a clearer, robust decision boundaries
(Katarya et al., 2020). Mathematically, SVM can be written as:
W*x1+b>1 fory: =+1
mxy+b<1 fory:=-1
Combining the above two equations can be written as
yi(w * Xy + b) -1 >0 foryi1=+1,-1+Db
Equation 3: SVM Equation (MLMath.io, 2019)
where
w*x+b = -1: Hyperplane 1 (H1)

w*x+b = 1: Hyperplane 2 (H2)
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Figure 2-9: Support Vector Machine (SVM) (Katarya et al., 2020)

SVM offers good accuracy, but is not suitable for large datasets and does not
perform as well with overlapping classes. This study will use accuracy, precision, recall,
and F1 Score as the evaluation metrics for SVM (Katarya et al., 2020).

2.8.4 ML Diagnostic Model — Random Forest Model

Random forest, also referred to as random decision trees, is a supervised learning
algorithm ensemble method that useful for resolving regression and classification
problems. Random forest is a group of decision trees that collaborate to a single result
(GeeksforGeeks.org, 2024). Each individual tree builds on a random subset of the data
set and evaluates a random subset of features at each split, creating variability between
each trees that improves prediction accuracy and reduces overfitting
(GeeksforGeeks.org, 2024). The Gini index is the recommended formula when

performing Random Forests based on classification data (Schott, 2021).

Gini = 1 — Z(Pi}z
i=1

Equation 4: Random Forest
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where

¢ = number of classes

pi = relative frequency of the class being observed
The formula above uses the class and probability to calculate the Gini index for each
branch on a node, helping to determine which of the branches is more likely to occur
(Schott, 2021).

Random forest has high predictive accuracy, handles large data, and has built in
cross validation (Schott, 2021; GeeksforGeeks.org, 2024). It performs well with large
datasets, is robust to overfitting, and is less susceptible to hyperparameter tuning.
Random forest classification predicts categorical outcomes, making it an ideal model
candidate for this study. Evaluation metrics for random forest for classification include

accuracy, precision, confusion matrix, recall, and F1 Score.
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Figure 2-10: Random Forest Algorithm (GeeksforGeeks.org, 2024)
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2.8.5 ML Diagnostic Model Evaluations

Although versatile algorithms, logistic regression, gradient boosting, SVM, and
random forests are best known for their effectiveness with binary classification tasks.
The key classification metrics for model diagnostics are the same performance metrics
that can be used to assess this study’s models: accuracy, precision, recall, F1 score, and
ROC AUC. Accuracy is considered the simplest metric to implement as it uses accurate
predictions divided by total predictions to measure the quality of outcomes and provide
scientific evidence to support informed decision making and policy development (L1,
2017; Bajaj, 2023, as cited by Clift, 2024). The higher the accuracy, the better. The
ideal accuracy is one that is closest to 1.0 (100%). An accuracy score between 70%
and 90% is normal; accuracy greater than 90% is a great score; accuracy greater than
70% is a decent score as a realistic and valuable model data output (Parashar, 2023).

The accuracy metric for logistic regression is mathematically defined as:

Correct Prediction TP+ TN
Total Predricitons TP+ TN +FN +FP

Equation 5: Accuracy

Accuracy =

In addition to accuracy, additional standard performance metrics of a
classification algorithm including precision, recall, confusion matrix, F1 Score, and
Receiver Operating Characteristics Area Under the Curve (ROC AUC) are also
utilized to measure the accuracy of the predictions.

a) A confusion matrix is used to display and summarize the performance
of a classification algorithm (Hernandez-Del-Toro et al., 2022). A

confusion matrix uses four basic characteristics to define the

43



measurements of the classifier. A binary confusion matrix depicted in

Figure 2-11 shows the examination of the actual and predicted classes.

Predicted
Positive (+) Megative (-)
Positive (+) True Positive False Megative
(TP) (FN)
Actual
Negative (-] False Positive True Negative
(FP) (TN)

Figure 2-11: Binary Confusion Matrix

where

True Negative (TN) represents all true negative instances of the model;

False Negative (FN) represents all false negative (incorrectly classified as
negative, but belong to positive) instances of the model;

True Positive (TP) represents all true positive instances of the model;

False Positive (FP) represents all false positive (incorrectly classified as positive ,
but belong to negative) instances of the model.

b) Precision is the ratio of true positives to the total number of positives
(Nellore, 2015). Precision reduces the number of false positives within the data.
In summary, precision assesses the predictive power of the test (Nellore, 2015).

Its formula is below:

TP

p . . _
recision TP + EP

Equation 6: Precision

c¢) The ratio of true positives divided by the total number of classified positives

within the
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data is known as recall. The formula for recall is below:

TP
TP +FN

Equation 7: Recall

Recall =

d) F1 Score, also called F Measure, states the equilibrium between the precision
and the

recall (Hernandez-Del-Toro et al., 2022). The formula for F1 Score is below:

TP
TP +FN

Equation 8: F1 Score

Recall =

e) The ROC tests the accuracy of the false positive rate and the true positive rate.
The curve basically generates two important metrics: sensitivity and specificity
(Explorium_Admin, 2023). The AUC is the area beneath the two-dimensional
ROC curve; it measures the overall performance of the binary classification
model. The ROC curve is a plot of Sensitivity vs (1-Specificity) and is drawn
between the coordinates (0,0) and (1,1); the AUC always lies between (0,1)
(Nellore, 2015). The AUC measures the probability that the model will assign a
randomly chosen positive instance with a higher predicted probability compared
to a randomly selected negative instance (GeekforGeeks.org, n.d.). The formulas

for ROC AUC are below:

TP g EP
ppp— FPR (Specificity) = TN

TPR (Sensitivity) =

Equation 9: ROC AUC TPR and FPR
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2.8.6 ML Diagnostic Model — Strengths and Weaknesses

Although logistic regression is widely used for binary classification problems, it is
imperative to consider the model’s strengths and weaknesses. Logistic regression is
highly effective for linearly separable data, interpretable, and simple to implement
(Wiley, n.d.). The model’s output is a probability, and any hyperparameters or
overfitting can be addressed using regularization. Noted weaknesses of logistic regression
models are their inability to adjust, inability to include missing data or outliers, need for
extensive data pre-processing, are prone to inaccuracy and underfitting, and inability to
accurately process irrelevant features within training data (Adeli et al., 2020; Rudd &
Priestley,2017; Wang, 2017, as cited by Clift, 2024).

Gradient Boosting is a useful technique that performs better than traditional
statistical models in detecting intricate patterns in time series data. Gradient boosting can
model both linear and non-linear relationships, allowing better adaptability to the
complexities of DoD contract cost overruns. Gradient Boosting models are built
sequentially, with each new model in the ensemble trained to correct errors made by the
previous model(s). Gradient boosting's capacity to optimize sub-models in a manner that
enables them to extract discriminant information complementarily and non-redundantly
is one of its strengths (Abd Ali et al., 2023). Additionally, gradient boosting often
provides better predictive accuracy, works well with heterogeneous features, and is robust
to outliers in regression problems. Although gradient boosting models are highly
effective, there are limitations. Gradient boosting can be prone to overfitting and can be

more complex. (Zak, 2023).
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SVM is ideally suited for ideally suited for binary classification, assuming
capability to clearly distinguish between multiple classes during processing. SVM has
proven to excel in high- dimensional performance spaces and has ample memory
efficiency since it focuses on support vectors (GeeksforGeeks.org, 2024). Unfortunately,
SVM can be slow for large datasets, encounter noise sensitivity, and have limited
interpretability (GeeksforGeeks.org, 2024; Navlani, 2019).

Random forests build multiple decision trees to improve accuracy and reduce
overfitting (Schott, 2021). Its versatility in handling diverse data types, managing missing
values, and preventing overfitting positions them as a reliable tool across domains (The
Educative Team, 2024). Random forests’ ability to handle large amounts of features and
manage missing values while providing insight to feature importance is key to its
outstanding performance. However, random forests can be sensitive to class imbalances,
showing a preference for the majority class in predictions (The Educative Team, 2024). It
may lack the highest accuracy in comparison to other predictive models used for binary
classification, especially where high tuned parameter settings are needed (Schott, 2021;
GeeksforGeeks.org, 2024).

2.8.7 ML Diagnostic Model — Evaluation Summary
Cross-validation (CV) is a technique used to evaluate machine learning models and test
performance. There are several methods that can be used for cross-validation to ensure
robustness. This study used the hold-out method, also known as train-test split, the
simplest type of cross-validation (Pramod, 2024) and 5-fold cross-validation, splitting
the data set into multiple folds (subsets), with one of the folds serving as a validation set

to train the model on the remaining folds to prevent overfitting (GeeksforGeeks, 2024).
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This study will also use the mean CV score, which is simply the average of the cross-

validation scores. Figure 2-12 depicts a flowchart of typical cross-validation workflow.

Figure 2-13 depicts a visual of a 5-fold cross validation.

Figure 2-12: Cross-Validation Flowchart (3.1. Cross-validation, n.d.)

Cross

validation Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
K=5
Split 1
Split 2

split 3

Split 4

splits

Figure 2-13: Sample 5-Fold Cross-Validation

Tuning parameters is also essential as it prevents overfitting (Tajziyehchi et al,.
2021). Hyperparameter tuning is the process of identifying the best hyperparameter

values of a learning algorithm that result in the best model as shown in Figure 2-14

(Elgeldawi et al., 2021).
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Figure 2-14: Hyperparameter Tuning Process (Elgeldawi et al., 2021)

Logistic regression is useful for its simplicity and interpretability, allowing for
ease of implementation and the ability to determine the likelihood of cost overruns on
DoD contracts based on a variety of contributing factors. However, it requires careful
data preparation, is sensitive to outliers, and has limited versatility.

Gradient boosting offers additional capabilities for capturing complex patterns and
data interaction, in addition to handling non-linear relationships. Its advanced modeling
capabilities also make it a viable option for advanced modeling.

SVM’s capability to evaluate high dimensional data using cross-validation allows
the model to maintain a distinct margin or separation of classes. In contrast, random forests
uses bootstrapping to estimate test sets internally. Although cross-validation is an option
that can be implemented into random forests objects, the better stability if noted in its out

of bag (OOB) score (Adkins, 2023).
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This study will demonstrate how leveraging all approaches can result in a better
understanding of how the factors can influence DoD contract cost overruns and how both
approaches can aid in developing better strategies to manage and reduce cost overruns in
future DoD contracts.

2.9 Summary and Conclusion

In the effort to provide an overview of history, acquisition, management, and
mitigation, this research aims to outline the contributing factors to cost overruns. Prior
studies have contained subjective data from surveys, limited their focuses and used
forecasting to predict contract performance, but lack research and quantitative methods
to predict cost overruns. This study plans to leverage data and relevant variables to
identify factors contributing to DoD contract overruns. By synthesizing these findings
and understanding their nuances, project managers can make informed decisions and
implement strategies to prevent and mitigate cost overruns in various project contexts
(Irfan, 2023).

By examining the challenges and opportunities associated with leveraging data
analysis for contract overrun identification and mitigation, the intent of this study is to
develop and implement a ML diagnostic model that can provide a foundation for the
subsequent development and implementation to support cost estimation and risk
management efforts in DoD acquisitions. Great consideration was given to existing
research, reports, and case studies; however, this study highlights the significance of
addressing the factors that contribute to defense acquisition contract overruns. The ML

diagnostic model will be tailored to provide information to assist in mitigating risks that
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may contribute to the occurrence of DoD contract cost overruns, improve cost overrun

predictions, and reduce unplanned spending on DoD procured products and services.
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Chapter 3—Methodology

3.1 Introduction

This chapter dives into the methodologies used to conduct this study. It will also address
the research questions and the path to the machine language (ML) diagnostic methods
used for this study. This methodology will begin with data collection and cleaning,
identifying variables, model selection, and training, followed by the simulation, test, and

evaluation as outlined in Figure 3-1 below.

Chapter 3 - Methodology

3.1 - Introduction

3.2 - Data 3.3 — Identifying 3.4 - Predictive 3.5 — Simulation 3.6 —Test and
Collection Variables Analyses Models Process Evaluation

Figure 3-1: Chapter 3 Methodology Process

This study aims to outline the importance of ML diagnostics in understanding and
mitigating Department of Defense (DoD) contract overruns guided by the research
questions identified in Chapter 1:

RQ1: What factors significantly contribute to the likelihood of cost overruns in

DoD contracts?

RQ2: Can machine learning effectively perform diagnostics on the identified

factors to determine the likelihood of a cost overrun occurring on DoD contracts?

RQ3: What is the most effective machine learning model for diagnosing the

occurrence of a DoD contract cost overrun?
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The objectives are to identify significant factors that contribute to DoD contract
cost overruns, determine which machine language (ML) model offers the most accuracy
in performing diagnostic analytics to determine the likelihood of occurrence of DoD
contract cost overruns, and determine the most effective ML model for diagnosing the
occurrence of DoD contract cost overruns.

3.2 Data Collection and Cleaning

This study utilized data obtained from publicly accessible archival sites, namely
FPDS.gov, SAM.gov, USAspending.gov, and HigherGov.com. It is a requirement that all
contracts with estimated values of $10,000.00 or more and their respective contract
modifications, regardless of dollar value, are reported to FPDS (FPDS-NG FAQ, n.d.).
FPDS.gov is a real time reporting database; therefore, several constraints were placed on
the data extracted via a .csv file on March 3, 2024, and stored in Excel format. The
research objective concerns contracts that have experienced cost overruns; therefore, the
dataset contained a balanced representation of records recorded as cost overruns and
records that did not contain cost overruns to assist in the testing of the model. Each
record in the dataset included:

e Contract Type

e Year Signed

e Contracting Agency

e Product or Service Code (PSC) Type

e Overrun Factors
To eliminate outliers, the dataset for this research focuses on the following data collection

and data cleaning:
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1. Contracts signed within the past ten (10) years (2013 — 2023).
2. Overrun value greater than or equal to $500,000.00 (>$500,000.00)
3. Award/IDV Type = DCA Definitive Contract

a. Per FPDS.gov, a Definitive Contract is a “legally binding agreement
where the seller provides supplies or services and the buyer pays for those
supplies or services”. (FPDS-NG, 2017).

b. Per federalcompass.com, definitive contracts are single award contracts
that usually result from publicly advertised federal procurements (Market
Intelligence for Government Contractors, n.d.). Historically, definitive
contracts represented the most common pathway for the Federal
Government to enter into agreements with contractors operating in the
Federal market (Market Intelligence for Government Contractors, n.d.).
With few exceptions, definitive contracts are how the federal government
purchase nearly every type of commaodity, technology, or service (Market
Intelligence for Government Contractors, n.d.).

4. Data by Major Contract Type

a. Firm-Fixed Price (FFP)

b. Fixed-Price Incentive Firm Target (FPIF)

c. Fixed-Price Award Fee (FPAF)

d. Cost-Plus Incentive Fee (CPIF)

e. Cost-Plus Award Fee (CPAF)

f. Cost-Plus Fixed Fee (CPFF)

g. Cost or Cost-Sharing (C or CS)
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5. Data by Contracting Agency

o

1700 — Department of the Navy
b. 2100 — Department of the Army
c. 5700 - Department of the Air Force
d. 97AE — Defense Advance Research Project Agency (DARPA)
e. 97JC — Missile Defense Agency (MDA)
f. 97ZS - U.S. Special Operations Command (USSOCOM)
6. PSC Type
a. P =Product
b. S =Service
e Business Size = Other than small business
e Overrun Factors
a. Documented transaction detail for each record’s contract modification was
extracted from USASpending.gov and HigherGov.com.
e Data Cleaning — Data inconsistencies were corrected to ensure accuracy
and consistency.
a. Removed duplicates and irrelevant data
b. Corrected structural errors — examples “Cost Plus Fixed” vs. “Cost
Plus Fixed Fee,” “N/A” vs. “Not Applicable.”
c. Missing data — datasets with missing values were dropped.
As a result of data cleaning, the dataset for this research totals 524 records (262
overruns and 262 non-overruns). A snapshot of the raw data can be found in Appendix

A. A snapshot of the output of the uploaded dataset is depicted in Figure 3-2.
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Contract Type Year Signed Contracting Agency ID PSC Type ICE SM IRA TECH MAT OVERRUN

0 Cost Plus Award Fee 2014 2100 S 0 0 0 0 0 0
1 Firm Fixed Price 2021 2100 S 1 0 0 0 0 1
2 Firm Fixed Price 2017 2100 S 0 0 0 0 0 0
3 Firm Fixed Price 2019 2100 S (] 0 0 0 o]
4  Cost Plus Award Fee 2013 97JC S 0 1 0 0 0 1
518 Firm Fixed Price 2020 2100 S 0 0 0 0 0 0
520 Cost Plus Fixed Fee 2014 2100 S (] 0 0 0 o]
521 Firm Fixed Price 2022 2100 S 0 0 0 0 0 0
522 Firm Fixed Price 2013 2100 S (] 0 0 0 o]
523 Cost Plus Fixed Fee 2020 2100 S 1 0 0 0 0 1

524 rows = 10 columns

Figure 3-2: Data Snapshot

Count of Factors in Overrum Records

FACTORS
NOM 282
YES 282

Mame: count, dtype: inte4
Percentage of Factors in Overrun Records

NOM: 5@.8%
YES: 58.8%

50.0%

FACTORS

NON 50.0%

0 50 100 150 200 250

Figure 3-3: Count of Factors in Overrun Records
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Figure 3-5: Contracts with Overruns by Contracting Agency
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3.3 Identifying Variables
Identifying the variables to contribute to cost overruns on Department of
Defense (DoD) programs involves understanding the interchange of factors that can
affect program budgets. Understanding these factors and how they contribute to
program cost overruns can help mitigate future contractual risks and improve cost
management. The dependent variable for this study is cost overruns, calculated using
the following equation where CO is Cost Overrun, AC is Actual Cost and BC is
Budgeted Cost:
AC — BC
0= —BC
Equation 10: Cost Overruns
The dichotomous dependent variable for this study is designated as 1 and 0, in

which 1 represents contracts with cost overruns and 0 represents contracts without cost

overruns.
. Naming Variable
Variable Convention/Object Value
Contract Cost Overrun No 0
Contract Cost Overrun Yes 1

Table 1: Dichotomous Dependent Variable Summary

Critical variables that influence cost overruns such as inaccurate cost estimation,
contract types, scope (requirement) modifications, inadequate risk assessment, technical
challenges, and procurement issues were defined as key metrics and used as the
independent variables for this study. The naming conventions initialized for the variables

are listed in Table 2:
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Variable ConveNna'lc:E:]r}%bject
Inaccurate Cost Estimation ICE

Scope Modification SM
Inaccurate Risk Assessment IRA
Technical Issues TECH
Procurement Issues MAT

Table 2: Data Variables (Factors)

Additional features that could influence contract outcomes such as contract type,
year signed, contracting agency, and PSC type were also included in the study. Graphical
displays, including bar graphs, pie charts, histograms, and boxplots outputted by Google
Colab are featured in Chapter 4.

A binary ‘0’ or ‘1” was used to represent the presence of each record’s affecting
factor(s) in which 1 represents the documented affecting factor(s) for the contract and 0
represents no affecting factor(s) documented for the contract.

3.4 ML Diagnostic Models

When selecting a ML diagnostic model to analyze factors contributing to cost
overruns on DoD contractor programs, it is critical to consider the strengths and
weaknesses of each approach. The choice of model should align with the specific goals,
the complexity of the data, and the resources available. Regression models are used to
understand the relationship between dependent and independent variables. Logistic
regression, gradient boosting, support vector machines (SVM), and random forest models
are all effective models for binary classification tasks, each providing a different
perspective on data relationships and diagnostic accuracy. Various statistical methods,
ranging from simple graphs to tests of correlations and statistical significance, are
employed in quantitative research, along with cluster analysis for understanding group
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relationships and hypothesis testing to ascertain actual variations across groups (Lising &
Silva, 2024).

Training regression models involves several key steps to ensure that the model
accurately captures the relationships between the independent variables and the dependent
variable. During this research, logistic regression, gradient boosting, SVM, and random
forest were the anticipated models. Trained data was used to fit each model. During
multiple attempts to develop a robust regression model that could accurately predict the
probability of occurrence of DoD contract cost overruns, additional research was
performed.

Predictive analytics and machine learning share many characteristics to provide
solutions to real issues. Predictive analytics uses statistics and includes statistical
techniques such as machine learning, to detect patterns in data sets which enhances
predictive analytics (Tirmizi, 2023). Logistic regression, gradient boosting, SVM, and
random forests are supervised machine learning models within machine learning.
Gradient boosting is one of the most popular machine learning algorithms for tabular
datasets (Masui, 2022).

Google Colab was used to design and execute the Python code used in this study.
Google Colab is a cloud-based platform that can be used for data analysis, machine
learning, deep learning, and prototyping. Pandas version 2.2.2 and Python version
3.10.12 were executed within Google Colab to build the model. The model flow used for
this study was:

1. Import the libraries.

2. Load and prep/clean the data.
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3. Identify target variables.
a. Separate data into features (x) and target variable (y)
4. Test/train the split.
a. Used train_test_split to divide the dataset into training and testing
5. Define and train the model(s).
a. Instantiate the LogisticRegression class and fit into training data
b. Instantiate the GradientBoostingClassifier class and fit into training data
c. Instantiate the SVC class and fit into training data
d. Instantiate the RandomForestClassifier class and fit into training data
6. Showcase performance metrics.
a. Use various metrics to evaluate the models’ performance on the test set

7. Tune the model as needed.

Input Variable | Variable Type Method Value
Contract Type Categorical One-Hot Encoder 2 3222?122 g:: Zzlézggg Y,Z:ii:mz
Year Signed Categorical | One-Hot Encoder 2 3222?122 g:: Zzlégg?; Y/Z:iiggﬁ
Concing ASETO | Gaegrica | one-iotEnoder | hesence o o) v
PSC Type Categorical N/A I; I;;?S?CC;

Factors (ICE, SM 0: Absence of category variable
O i i 1: Presence of category variable

IRA, TECH, MAT) Numeric Binary gory
0 N . Bi 0: Absence of category variable
verrun umeric inary 1: Presence of category variable

Table 3: Statistical Data Set

The statistical dataset (Table 3) included numerical, categorical, and ordinal input. Binary

encoding, most useful for binary categorical variables, represents each category as a
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binary number. Ordinal encoding, appropriate for ordinal variables where categories
have a meaningful order, was used to assign an integer value based on order. One-hot
encoding was used to transform categories (factors) into a binary column. Understanding
the significance of the correlation between the various input variables in relation to the
outcome is critical to the study. According to Data Science Discovery (n.d.), correlation
coefficient values range from -1 to +1, providing two key insights (Data Science
Discovery, n.d.):
1. The sign of the value indicates the type of linear relationship between the
variables.
a. A positive value (+) indicates that as one variable increases, so does the
other (positive linear slope).
b. A negative value (-) indicates that as one variable decreases, so does the
other (negative linear slope).
2. The magnitude of the correlation coefficient captures the strength of the linear
relationship between the variables. A higher magnitude signifies a stronger linear
relationship between the random variables. A correlation coefficient of 1 or -1

indicates a strong relationship

Figure 3-6: Correlation (Geedsforgeeks.org, 2023)
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3.5 Simulation Process

To prep the gradient boosting model, the code was set up as a machine learning
pipeline that preprocesses data and trains a regression model. This approach was used to
simplify the workflow, ensure proper data handling, and enhance model training
efficiency. The required libraries for preprocessing, modeling, and handling categorical
variables were installed. The necessary classes and functions were imported from the
libraries (Scikit-learn, n.d.). The preprocessing pipeline was created and fitted to the
training data (x_train and y_train). The pipeline also allowed consistency to ensure that
preprocessing was consistent during the training and testing of the data. A pipeline
graphic is shown in Figure 3-7 as a visual representation of the data processing
workflow.

Pipeline

................................................................................................................

L preprocessor: ColumnTransformer

- num . low card - high card

» SimpleImputer -Tar‘getEncoder‘é
I ' a

» SimpleImputer

» OrdinalEncoder

e e —

» LGBMRegreassor

e [

Figure 3-7: Pipeline Prediction Depiction

The dask library was installed to setup the pipeline for predictions. Additional
libraries (pandas and numPy (used to create dummy numeric data where needed)) were
imported for data manipulation, model training, preprocessing, and evaluation metrics.

The data was split and the features identified prior to creating the preprocessor and
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pipeline. The pipeline was fitted to make the predictions and evaluate the performance

as documented in Section 3.6.
3.6 Test and Evaluation

The models were set up to predict the OVERRUN variable based on various

contract features needed to preprocess the data. To confirm a balanced dataset, a count of
the OVERRUN data was performed confirming 262 instances where OVERRUN =0
(indicating no overrun) and 262 instances where OVERRUN = 1 (indicating an overrun).
split into training and testing sets sized at 20%, resulting in a training count of 419 and a

test count of 105. Random_state was set to 42 on all model runs.

Response Information

Training
Variable  Value Count Test Count
OVERRUM 1 211 31 (Bvent)
0 208 o4
Total 419 105

Figure 3-8: Testing Response Information
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Figure 3-9: Training and Testing Plot

This study performed multiple evaluations to evaluate the effectiveness of the
Logistic regression, gradient boosting, SVM, and random forest models. After
completing the data preprocessing, model fitting, and predictions, the models were
evaluated using various performance metrics. The binary confusion matrix shown in
Figure 2-11 depicts the examination of the actual and predicted classes. The information
from the binary confusion matrix was used to provide the data for the performance

evaluation measures depicted in Figure 3-10.
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Accuracy TP+ TN
TP+ TN + FN + FP
Precision TP
TP + FP
Recall TP
TP +FN
F1 Score 2 * Precision * Recall
Precision + Recall
TPR TP
(Sensitivity) TP +FN
FPR FP
(Specificity) FP +TN

Figure 3-10: Summary of Performance Evaluation Metrics

Model tuning maximizes model performance by identifying the ideal set of
hyperparameters. There are several methods and approaches that can be used for model
tuning; k-fold cross-validation was used to assess the models in this study. A grid of the
best hyperparameters were identified for each model through a grid search. The tuning of
Logistic Regression, Gradient Boosting, SVM, and Decision Tree models involved
systematic exploration of hyperparameters through techniques like Grid Search and
Random Search, coupled with robust evaluation via cross-validation.

For hyperparameter tuning, hyperparameter grids were created for logistic
regression, gradient boosting, SVM, and random forest. A GridSearchCV object was
created and each model was fitted to the training data. GridSearchCV performs cross-
validation to identify the best hyperparameters based on accuracy. The results highlighted
the best hyperparameter setting and cross-validation scores for each model.

3.7 Summary
This chapter summarized data collection and cleaning, variable identification,

model selection, training, simulation, testing, and assessment while focusing on the three
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research questions to emphasize the effectiveness of predictive analysis in forecasting and
reducing the likelihood of cost overruns in DoD contracts. The results of this study and
its goals to identify highly contributable factors, determine the best effective model for
predicting the likelihood of cost overruns in DoD contracts, and evaluating the accuracy

of various predictive models are outlined in Chapter 4.
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Chapter 4—Results

4.1 Introduction

The objectives of this study are to identify key contributors to Department of
Defense (DoD) contract overruns by conducting a comprehensive review and analysis of
historical DoD contracts; use data analysis techniques to quantify the impact of the
identified factors; and evaluate the most effective machine language (ML) diagnostic
model to decrease inefficiencies that contribute to DoD cost overruns. Additionally, this
research conducted comparative analyses of various ML diagnostic modeling techniques
to determine the best accuracy using the available data. This chapter details the results of

the objectives of this study.
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4.2 Validation Results

The performance summaries for all models are below:

Logistic Regression (Overrun/Factors)

Training Count: 419

Test Count: 185

Logistic Regression Results

Accuracy: @.7143

Precision: @.6441

Recall: ©.8885

Fl Score: @.7178

ROC AUC: @.77a7

Cross-Validation Scores: [@.52380952 9.92388952 ©.81984762 ©.63809524 8.769230877]
Mean OV 5Score: @.7348

Confusion Matrix:
Predicted 1 Predicted @

Actual 1 37 21
Actual @ = 38
Confusion Matrix:

[[37 21]

[ @ 38]]

Classification Report:

precision recall fl-score  support

@.88 @.64 a.71 58

1 B8.64 8.81 8.72 47

accuracy a.71 185
macro avg B.72 a.72 a.71 185
weighted avg e.73 8.71 8.71 185

Logistic Regression Accuracy: ©.7142357142857143

Figure 4-1: Logistic Regression Summary and Classification Report 1
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Figure 4-2: Logistic Regression Confusion Matrix 1
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Figure 4-3: Logistic Regression ROC AUC 1
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In summary, the logistic regression model had good accuracy (71%) and low
precision (64%). The model incorrectly identified 9 instances of an overrun (FP = 9).
Recall (81%) indicates that the model performed well at identifying overruns (TP =
37). The F1 score (72%) indicates a balance between precision and recall. The ROC
AUC (77%) indicates good performance in differentiating between the overruns and
non-overruns. The variability in the cross-validation scores ([0.52380952 0.92380952
0.81904762 0.63809524 0.76923077]) indicates that the model performed better on
some subsets than others. The mean CV score (74%) indicates a reasonable
performance split across the data splits, but also indicates that there were some

fluctuations in performance.
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Gradient Boosting Results (Overrun/Factors)

Training Count: 419

Test Count: 185

Gradient Boosting Results

Accuracy: @.7238

Precision: @.6552

Recall: @.8885

F1 Score: @.7238

ROC AUC: @.77a7

Cross-Validation Scores: [@.52388952 9.92388952 0.51904762 0.63809524 @.76923877]
Mean CV 5core: @.7348

Gradient Boosting Accuracy: @.72388952388952338
Confusion Matrix:
[[38 20]

[ 9 38]]

Classification Report:

precision recall fl-score  support

B.81 a.66 a.72 58

1 B.66 @.81 a.72 47

accuracy a.72 1as
macro avg B.73 a.73 a.72 185
weighted avg B.74 8.72 8.72 185

Gradient Boosting Cross-Validation Scores: [©.619€4762 @.7@4761% ©.723809352 ©.619@4762 @.71153846)
Gradient Boosting Mean CV Score: ©.6756410256410257

Correlation with Overrun:

ICE @8.271391
5M -8.285806
IRA @.299669
TECH -8.889363
MAT -@.166967

OVERRUN 1.880068
dtype: floate4

Figure 4-4: Gradient Boosting Results 1

72



Gradient Boosting Tree Visualization

SM <= 0.519
friedman_mse = 0.25
samples = 419
value = -0.0

MAT <= 1.309 IRA <= 0.613
friedman_mse = 0.24 friedman_mse = 0.199
samples = 306 samples = 113
value = 0.088 value = -0.239

TECH <= 1.401 ICE <= 0.192 TECH <= 1.401
friedman_mse = 0.227 friedman_mse = 0.191 friedman_mse = 0.179
samples = 267 samples = 39 samples = 107
value = 0.139 value = -0.257 value = -0.279

friedman_mse =-0.0
samples = 6
value = 1.949

friedman_mse = 0,213 | friedman_mse = 0,238 |friedman_mse = 0.179 | friedman_mse = 0.222friedman_mse = 0.176 ||friedman_mse = 0.25
samples = 231 samples = 36 samples = 30 samples = 9 samples = 105 samples = 2
value = 0.719 value = -0.497 value = -1.12 value = -0.72 value = -1.139 value = -0.053

High
ra | 0 . .
ICE N | | . g
g
SM 1
g1 ¢

MAT H @

TECH [

T T Low
-1 0 1 2 3 4 5

SHAP value (impact on model output)

Figure 4-5: Gradient Boosting Tree and SHAP 1

In summary, the gradient boosting model had a decent performance, achieving
good accuracy (72%), but with low precision (66%). The model incorrectly identified 20
overruns (FP = 20). Recall (81%) indicates that the model performed well at identifying
overruns (TP = 38). The F1 score (72%) indicates a balance between precision and recall.
The ROC AUC (77%) indicates good performance in differentiating between the
overruns and non-overruns. The variability in the cross-validation scores ([0.61904762
0.7047619 0.72380952 0.61904762 0.71153846]) indicates that the model performed
better on some subsets than others. Although there were some performance variations, the

mean CV score (74%) indicates a reasonable performance split across the data splits.
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Support Vector Machines (SVM) Results (Overrun/Factors)

Training Count: 419
Test Count: 185

SVM Metrics:
Accuracy: @.7333
Precizion: @.6557
Recall: @.8511

F1 Score: @.7487
ROC AUC: @.8575

SVM Cross-Validation Scores: [8.56198476 0.91428571 @.74285714 0.6 @.69238769]
Mean OV Score: ©.7823

Figure 4-6: SVM Results 1

SVM Confusion Matrix

35

True label
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F15

F10

Predicted label

Figure 4-7: SVM Confusion Matrix

In summary, the SVM demonstrated good performance with a good accuracy
(73%) and moderate precision (66%), but incorrectly identified 21 instances as an
overrun (FP = 21). The high recall (86%) indicates that the model performed well at

identifying overruns, successfully identifying a good number of overruns (TP = 37). The
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F1 score (74%) indicates a balance between precision and recall. The ROC AUC (86%)
indicates high performance in differentiating between the overruns and non-overruns.
The variability in the cross-validation scores ([0.56190476 0.91428571 0.74285714 0.6
0.69230769]) indicates that the model performed better on some subsets than others. The
mean CV score (70%) indicates a reasonable performance split across the data.

Random Forest Results (Overrun/Factors)

Random Forest Metrics:
Accuracy: @.3099
Precizion: @.7500
Recall: ©.3298

F1 Score: @.7879

ROC AUC: @.Be@l

Random Forest Cross-Validation Scores: [@.53333333 9.8952381 ©.72388952 ©.57142857 0.69238769]
Mean CV Score: @.6832

Figure 4-8: Random Forest Results 1

Random Forest Confusion Matrix
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Figure 4-9: Random Forest Confusion Matrix 1
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Figure 4-10: SVM and Random Forest ROC AUC 1

In summary, the random forest model performed the best of all, with great
accuracy (80%) and precision (75%). There were 13 instances where the model
incorrectly identified data as predicted overruns (FP = 13). Recall (83%) indicates that
the model performed well at identifying overruns, correctly identifying 45 instances
(TP =45). The F1 score (79%) indicates a good balance between precision and recall.
The ROC AUC (86%) indicates strong performance in differentiating between the
overruns and non-overruns. The variability in the cross-validation scores ([0.53333333
0.8952381 0.72380952 0.57142857 0.69230769]) indicates that the model performed
better on some subsets than others. The mean CV score (68%) indicates an average
performance split across the data splits, but indicates the need for additional tuning or

more data.
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4.3 Hypothesis 1 Results

H1: The significant factors that contribute to an increased likelihood of cost
overruns in DoD contracts include inaccurate cost estimation, contract type, scope
modifications, inadequate risk assessment, technical issues, and procurement issues.

To satisfy Hypothesis 1, significant factors that contribute to DoD contract cost
overruns were identified through various research methods, data collected and analyzed
via quantitative analysis, and finally summarized for conclusion and recommendations.
The factors used for this study were identified through data collection from government
reports, contract records, and existing literature previously identified in Chapter 2. The
recorded factors were inaccurate cost estimation (ICE), contract type, scope
modifications (SM), inadequate risk assessment (IRA), technical issues (TECH), and
procurement (MAT). Each factor, set an independent variable, was tested against the
dependent variable, ‘Overrun.” Additionally, a comparison was performed against

contracts without overruns.
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Count of Factors in Overrun Records

FACTORS

ICE 110
IRA 57
SM 3
TECH 16
ICE, TECH 13
ICE, IRA 13
MAT 7
5M. IRA 7
ICE, MAT 3
ICE, IRA, SM 2
ICE, SM 1
TECH, SM 1
SM,MAT 1

Mame: count, dtype: int64

S, MAT
TECH, &M
ICE, 5M
ICE, IRA, SM
ICE, MAT
SM.IRA
MAT

FACTORS

ICE, IRA
ICE, TECH
TECH

SH

Percentage of Factors in Overrun Records
ICE: 42.0%

IRA: 21.8%

SM: 11.8%

TECH: 6.1%

ICE, TECH: 5.8%
ICE, IRA: 5.8%
MAT: 2.7%

SM. IRA: 2.7%

ICE, MAT: 1.1%
ICE, IRA, SM: @.8%
ICE, SM: 0.4%
TECH, SM: @.4%
SM,MAT: 0.4%

42.0%

T
B0 80 100

Figure 4-11: Count, Percentage, and Graph of Overrun Factors
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FACTORS Count of Factors in Mon-Owverrun Records

MON 262 facters_comblnation
YES 262 M 168
Mame: count, dbtype: inted o o1
Check for Factors in Mon-Overrun Records TECH 28
FACTORS ICE SM IRA TECH MAT IRA 28

a NON @ 1 @ a @ AT 26
2 NOW @ B @ o B ICE, MAT [
3 NOM a B a a ] 3
8 NOHW @ B @ 1 B ICE, TECH 3
9 NOM a <] a 1 ] ICE, M 2
. o . . MaT, 5M 2
513 O 1 1 ] 2 1 M, TECH 1
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Cownts of Factors Combinations

ICE, Mt 56 1
MAT, TECH 4 1
SM. TECH
MAT, 56
ICE, 5M

ICE. TECH

Factors Combinations

Figure 4-12: Count, Percentage, and Graph of Non-Overrun Factors

Correlation analysis was performed with respect to cost overruns. The analysis
provided valuable insight on how the various factors are associated with cost overruns.
However, correlation does not imply causation. The interpretation of these relationship
between these variables with cost overruns could be influenced by other underlying

factors not available in the data.

79



ICE SM IRA TECH MAT
ICE 1.000680 -0.460259 -0.214982 -9.158947 -0.074942
SM -8.468259 1.000000 -9.285142 -0.289480@ -0.261229
IRA -8.214982 -0.285142 1.000000 -9.131314 -0.138060
TECH -2.158947 -0.25948@ -2.131314 1.8060000 -0.118095
MAT -8.874942 -0.261229 -0.13306@ -9.118695 1.000088

Correlation Matrix

ICE

sM

TECH

MAT

ICE SM IRA TECH MAT

Figure 4-13: Correlation of Factors when Overrun = 0
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ICE SM IRA TECH MAT  OVERRUMN

ICE 1.800000 -2.465987 -©.198@58 -8.2260%90 -8.127189 0.271391
SH -@.465957 1.000000 -0.245737 -8.176767 -9.134443 -9.285806
TRA -8.198858 -8.245737 1.0020600 -8.18039%7 -8.171876 0.290669
TECH -8.226@%0 -8.176767 -©.180857 1.000000 -8.851850 -0.889363
MAT -8.12718% -0.134443 -0.171076 -0.8581850 1.000000 -0.166967

OVERRUN ©.271391 -©.2858086 ©.290669 -©.089363 -90.166967 1.800000

Correlation Matrix

ICE

SM

TECH

MAT

OVERRUN
'

OVERRUN

Figure 4-14: Correlation of Factors when Overrun = 1

The correlation matrixes used to show the correlation of factors with overruns
displayed moderate negative correlations (ICE and SM (-0.46)), weak negative
correlations (SM with IRA, TECH, and MAT exhibited weak negative correlations
(ranging from -0.26 to -0.29) and ICE with IRA, TECH, and MAT ranging from -0.07 to
-0.21), and very weak negative correlations (IRA and TECH, IRA and MAT, and TECH
and MAT (all below -0.20). The matrix did not show any significant positive correlation
meaning the factors listed do not exhibit strong relationships with each other when it

comes to both increasing or decreasing together. The matrixes support the idea that the
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factors are related to cost overruns, but the relationships are weak which may require
further analysis.
Contract Type

A distinct difference was evident between fixed-price and cost-plus contracts
regarding their vulnerability to overruns. The study revealed that 15% of fixed-price
contracts resulted in a lower occurrence of overruns, compared to 45% of cost-plus
contracts exceeding their contractual budgets. The high average cost overrun
percentages associated with cost-plus contracts support acquisition reformers’ claims that
cost-plus contracts contribute to cost overruns (Hofbauer et al., 2011). Fixed-price
contracts are for the seller to bear the additional costs; therefore, it is usually managed
more cost effectively to reduce the risk of cost overruns, whereas cost-plus contracts may
lead to less rigorous cost management practices. It is often stated that cost
reimbursement contracts place the risk of cost overruns on the government while fixed-
price contracts shift the risk of cost overruns on the contractor (Sherwood & Tabriz,
2024).

In conclusion, the results suggest that acquiring fixed-price contracts where

feasible could reduce the likelihood of cost overruns.
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Figure 4-15: Count of Contract Types in Dataset
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Figure 4-16: Count of Contract Types in Dataset (Overrun and Non-Overrun)
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In the correlation matrixes for various contract types and overrun (Figure 4-
17), several contract types resulted in weak negative correlations (Cost No Fee and
Firm Fixed Price (-0.032448), and Cost Plus Award Fee and Firm Fixed Price (-
0.173400)). The negative correlations suggests that some contracts with certain
structures are less associated with contracts that involve variable cost. This is
anticipated because fixed-price contracts are usually more rigid financially, while cost-
reimbursement contracts tend to have more flexibility in pricing which could
contribute to contract overruns. In summary, the correlation matrixes display that
contract type does have a relationship with cost overruns. Cost-plus contracts appear to
be more closely related to overruns while FFP contracts seem to be less prone to
overruns. The results also indicate that other factors (e.g., inaccurate cost estimation,
scope modifications, technical issues) likely play stronger roles in contributing to cost

overruns than just a contract type alone.
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Correlation Matrix

OVERRUN -0.01 0.11 0.00 0.06 0.00 -0.01 0.04

Contract_Type_Cost No Fee - 0.08

Contract_Type_Cost Plus Award Fee - -0.01

- 0.6
Contract_Type_Cost Plus Fixed Fee - 0.11
- 0.4
Contract_Type_Cost Plus Incentive Fee - 0.00
Contract_Type_Cost plus Award Fee - 0.06
-0z
Contract_Type_Firm Fixed Price -0.15
- 0.0
Contract_Type_Fixed Price Award Fee - 0.00
Contract_Type_Fixed Price Incentive - -0.01 02

Contract_Type_Fixed Price Incentive -  0.04

OVERRUN -

Contract_Type_Cost No Fee -
Contract_Type_Firm Fixed Price -

Contract_Type_Cost Plus Fixed Fee -

Contract_Type_Cost Plus Award Fee -
Contract_Type_Cost Plus Incentive Fee —
Contract_Type_Cost plus Award Fee - ¢
Contract_Type_Fixed Price Award Fee - 2
Contract_Type_Fixed Price Incentive -
Contract_Type_Fixed Price Incentive

Figure 4-17: Correlation of Contract Types with Overrun

Inaccurate Cost Estimation (ICE)

The analysis performed on the overrun data collected cited that inaccurate cost
estimates were a primary driver of cost overruns recorded during the 2013 — 2023
timeframe. Approximately 42% of the contracts that reported cost overruns with
explanations recorded inaccurate cost estimations, often as a result of underestimating
bids in the effort of winning the contract. Literature reviews noted that many projects
underestimated labor and material costs, causing budget gaps and schedule slips.

Naivety, lack of knowledge and experience, and deception usually lead to optimistic and
inaccurate estimates (Condon & Hartman, 2004).
In conclusion, the results pinpoint the need for more accurate forecasting methods

and thorough cost analysis to counter or amend the cost estimation process.
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Scope Modifications (SM)

The data used for this study showed that scope modifications resulted in
approximately 11.8% of the contract overruns recorded. Additionally, scope
modifications were also critical factors when grouped with other factors like inadequate
risk assessment, inaccurate cost estimation, and procurement (materials), as outlined in
Figure 4-11. Scope modifications often lead to a multitude of unplanned resources,
schedules, and materials. In the 2015 study by Edwards and Kaeding (2015), it was noted
that modifying requirements on active contracts were a main cause of cost overruns.

In conclusion, it is imperative that scope is clearly defined, planned with
purposeful execution, along with implementing a formal change management process to
increase transparency and mitigate the impact of scope modifications to cost overruns.
Inadequate Risk Assessment (IRA)

Inadequate risk assessment was the second leading factor cited in this study,
accounting for 21.8% of the data’s overruns. A key component to the success of any
program is the sufficient mitigation of all identified sources of risk that could possibly be
associated with the program’s execution. The DoD’s risk management directive details
identifying, evaluating, and mitigating risk, but fails to stress the importance of risk
management and contract management collaborating throughout the risk management
process (Bolles, 2003).

Inadequate risk assessment can have a direct correlation on the occurrence of cost
overruns if all risk factors are not considered. Proper risk assessment, along with sound
risk management practices between all parties, can result in a decrease in the likelihood

of cost overruns.
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Technical Issues (TECH)

Numerous contracts noted technical challenges that resulted in increased costs.
Significant technical difficulties can lead to cost overruns if unmanaged and left undone.
The data used for this study revealed that technical issues alone were prevalent in
approximately 6.1% of the contract overruns recorded. The study also revealed that
technical issues combined with other factors equated to approximately 5.4% of the
documented cost overruns (ICE and TECH = 5.0%; TECH and SM = 0.4%). Various
research noted immature technology, extensive complexed technologies, integrating
mature technologies (mainly outdated military code), and the cost and time associated
with developing leading edge technologies.

In conclusion, it is imperative to address technical risks during the planning
phase, invest in thorough testing, and consider other contributing factors that can help
mitigate these issues. For instance, fixed price contracts are considered low risk and
preferred when contracting mature technology in full scale production (Hofbauer et al.,
2011).

Procurement Issues (MAT)

Approximately 2.7% of the data recorded in this study revealed that procurement
delays such as materials and supply chain issues were contributing factors to DoD
contract cost overruns. The data also revealed that procurement issues combined with
other factors (ICE and SM) attributed to 1.5% of the data used in this study. Supply
chain disruptions carry heavy consequences for defense contracts and could hinder
strategic defense objectives and result in casualties (Whittier & Bordelon, 2022).

Unexpected and uncontrolled issues could disrupt the supply chain industry affecting
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material costs, labor, equipment, or other inputs (Edwards & Kaeding, 2015). The timing
of procurement could also be a contributor, aside from global and environmental matters
such as the COVID-19 pandemic, catastrophic landscape changes, wars, and
transportation issues and accidents.

In conclusion, streamlining procurement processes and enhancing supplier
management are critical steps to eliminating DoD contract cost overruns that result from
procurement issues. Consideration must be given to improvements to supply chain
productivity, location of materials, and regulations surrounding sourcing and
procurement.

The factors were also placed into the Minitab for additional verification. The odds

ratio for continuous predictors indicated similar odds for the factors used in the study.

Odds Ratios for Continuous Predictors

Odds Ratio 90% Cl

ICE 53108 (2.7139, 10.3926)
M 09245 (0.4586, 1.8639)
IRA 8.2560 (4.0037, 17.0247)
TECH 1.3396 (0.5888, 3.0480)
MAT 09635 (0.4393, 2.1134)

Figure 4-18: Minitab Odds Ratio (Linear Regression)

Overall for H1, the analyses performed in this study outline how the independent
variables weigh heavily against the dependent variable of cost overruns, which
underscores the complexity of managing budgets in DoD contracts. When left
unmanaged, without pivoting and improving the efforts, the costs and schedules will
continue to rise in the wrong direction, increasing the likelihood of DoD contract cost
overruns. The likelihood of cost overruns can be minimized in future contracts by shifting
the focus to accurate cost estimation, contract type selection, effective scope

88



management, rigorous risk assessment practices, addressing technical challenges, and
optimizing procurement processes.
4.4 Hypothesis 2 Results

H2: A random forest model can achieve at least 80% accuracy in performing
diagnostics to determine the likelihood of a cost overrun occurring on DoD contracts
based on contributing factors.

To satisfy Hypothesis 2, multiple classification ML diagnostic models were
examined to determine the best method to achieve the best accuracy.

e Models Evaluated: Logistic Regression, Gradient Boosting, Support Vector
Machine (SVM) and Random Forest (The gradient boosting model was evaluated
against a decision tree model by extracting feature importance from the gradient
boosting model to assess performance through cross-validation.)

e Data Features: Factors (ICE, SM, IRA, TECH, and MAT), Contract Type, Year
Signed, Contracting Agency, and PSC Type

e Performance Metrics: accuracy, precision, recall, F1 score, ROC AUC, CV score,

mean CV score

The collected data included contributing factors and additional features such as
contract type, year signed, contracting agency, and Product or Service Code (PSC) type.
Each model was trained and evaluated using the metrics as described in Chapter 3. The
results are summarized below in Table 4. Results from the decision tree runs are located

in Appendix C.
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Model Performance Summary
Measurement it ;
Logistic Gradient
Regression Boosting SVM Random Forest

Accuracy 0.7143 0.7238 0.7333 0.8000
Precision 0.6441 0.6552 0.6557 0.7500
Recall 0.8085 0.8085 0.8511 0.8298
F1 Score 0.7170 0.7238 0.7407 0.7879
ROC AUC 0.7707 0.7707 0.8575 0.8601

0.523809552 0.52380952 0.56190476 0.53333333

0.92380952 0.92380952 0.91428571 0.8952381
CV Score 0.81904762 0.81904762 0.74285714 0.72380952

0.63809524 0.63809524 0.6 0.57142857

0.7692377 0.76923077 0.69230769 0.69230769
Mean CV Score | 0.7348 0.7348 0.7023 0.6832

Table 4: Model Training Summary

After a series of testing and training, it was evident that the random forest model

performed the best overall. Random forest had the highest accuracy (80%), precision

(75%), F1 score (79%), and ROC AUC (86%). SVM had the highest recall (85%). No

model in this study achieved an accuracy of 1.0 (100%); however, random forest

achieved an 80% accuracy as assumed in Hypothesis 2. Logistic regression, gradient

boosting, and SVM provided competitive results. The feature importance scores reflect a

significant contribution and impact from Contract Type Fixed Price Incentive with little

to minimum impact from the other contract types. The results allude to the model

potentially relying on that single predictor, which may have affected its robustness and

generalizability.
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Logistic Regression Best Hyperparameters: {'C': ©.23357214698901212, 'max_iter': 108, 'penalty': '11'}
Best Cross-Validation Score for Logistic Regression: @.7042124542124543

Gradient Boosting Best Hyperparameters: {'learning_rate’: .01, 'max_depth': 3, 'min_samples_split': 2, 'n_estimators': 189}
Best Cross-Validation Score for Gradient Boosting: @.6813553113553115

SVM Best Hyperparameters: {'C': 8.1, 'gamma': 'scale’, ‘kernel': 'linear'}
Best Cross-Validation Score for SWM: @.7042124542124543

Random Forest Best Hyperparameters: {'max_depth': 18, 'max_features': None, 'min_samples_split': 1@, 'n_estimators': 100}
Best Cross-Validation Score for Random Forest: 8.6851648351648352

Figure 4-19: Hyperparameter Results

In conclusion, Hypothesis 2 was achieved. The random forest model
outperformed the other models and with an accuracy of 80%.
4.5 Hypothesis 3 Results

H3: The most effective machine learning model for diagnosing the occurrence of
DoD contract cost overruns based on contributing factors is a random forest model.

Hypothesis 3 was proven as the random forest model performed the best overall
amongst the models in diagnosing and predicting the occurrence of DoD contract cost
overruns based on the contributing factors presented. Based on the results summarized in
Table 4, the hypothesis was proven.
4.6 Results Analysis Summary

The results of this study underscore the complex interaction of factors
contributing to cost overruns on DoD contracts. The assessment of diagnostic analysis
models provided results that would be useful in the program and project management
decision making process. The results align with the interconnected nature of project
management, where each factor influences and is influenced by others (Irfan, 2023).

Random forest proved to have the best overall performance for this study

achieving exactly 80% accuracy.. The models’ results highlight the importance of
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selecting the best models with suitable capabilities for diagnostic analysis and predicting

the likelihood of DoD contract cost overruns.
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Chapter 5—Discussion and Conclusions

5.1 Discussion

Three research questions and complimentary hypotheses were posed as the
backbone of this study. This research explored potential strategies to reduce budgetary
challenges on Department of Defense (DoD) contracts by examining those research
questions and hypotheses:

Research question 1 (RQ1) investigated which factors bore a significant
contribution to the likelihood of cost overruns in DoD contracts. Hypothesis 1 (H1) was
confirmed through research of DoD contract data records, previous peer reviewed
literature, and numerous articles and writings that cited inaccurate cost estimation,
contract type, scope modifications, inadequate risk assessment, technical issues, and
procurement issues as significant factors that help drive and amplify the likelihood of
cost overruns in DoD contracts. The results of the study supported H1 as displayed by the
correlation coefficients and feature results in Chapter 4; therefore, we fail to reject the
null hypothesis.

Research question 2 (RQ2) investigated if machine learning (ML) could
effectively perform diagnostics on the identified factors to determine the likelihood of a
cost overrun occurring on DoD contracts. Hypothesis 2 (H2) proposed that a random
forest model could achieve at least 80% accuracy in performing diagnostics to determine
the likelihood of a cost overrun occurring on DoD contracts based on contributing
factors. The results of the study supported H2; therefore, we fail to reject the null

hypothesis.
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Research question 3 (RQ3) investigated which model proved to be the most
effective ML model for diagnosing the occurrence of a DoD contract cost overrun.
Hypothesis 3 (H3) proposed that the most effective ML model for diagnosing the
occurrence of DoD contract cost overruns based on contributing factors is a random
forest model. The study's results supported H3 as the random forest model proved to be
the most effective; therefore, we fail to reject the null hypothesis.

There are numerous favorable strategies to reduce budgetary challenges that result
from the contributing factors addressed in this study. Efficient program and project
management are key to effectively managing the required scope of work, resources,
schedule, and cost of any project. Contract budgets should be meticulously managed and
monitored. Programs must employ transparent communication with all pertinent internal
and external stakeholders during the duration of the contract. Implementing improved
management techniques such as data driven decision making, addressing challenges
through training and development, and focusing on requirements and realistic timelines
can improve contract deliverable outcomes and reduce the likelihood of DoD contract
cost overruns.

Overall, the accuracy of the models were positive and a result of the effects of
uncontrolled and unmanaged factors that can occur during any contract. Contract
overruns are usually the direct result of mismanaged variables. Unmanaged factors, large
and small, have the potential to accumulate and worsen over time, resulting in long-term
effects on the contractor, the customer, and the end-user. Accountability must be

prevalent; effective management and transparency are key contributors to success.
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5.2 Conclusions

An analysis of Department of Defense (DoD) historical contracts from 2013 —
2023 was completed to provide detailed data regarding DoD contract overruns and the
factors that contributed to those overruns. As a result, this study concludes that

e The data analytics provided a clearer quantitative visualization of how the
contributing factors affected DoD contract cost overruns.

e Uncontrolled and unresolved contributing factors played a greater role in the
DoD contracts with overruns versus the non-overrun contracts.

e The study examined multiple ML diagnostic methods to determine the best
model and methodologies to use for this study and concluded that the random
forest model was the most effective.

Multiple levels of comparison were used to determine which model resulted in the
best accuracy using the ingested historical data. This study determined that random forest
method provided the best metrics.

5.3 Challenges

There were several challenges during this study concerning DoD contracts. The
first challenge was the uncertainty of securing adequate DoD contract data due to security
protocols
and data governance. Registering classified contracts in the SAM database could
jeopardize the protection of classified information or national security (FPDS.gov).
Distinct direction is outlined on each database’s site that prohibits entering or uploading

classified information. The exact number or percentage of classified contracts is not
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publicly disclosed. Additionally, a contract or company’s full disclosure of management
practices can be seemingly limited for business purposes.

The second challenge was the level of detail available for contract modifications.
There are multiple required fields in the contract systems. However, the Description of
Requirements field is a free text field that requests “concise details regarding the
purchase; a high level of the items or services bought in plain English,” (FPDS.gov). The
combination of free text and lack of defined text requirement that can be input by the
registered user is often vague. As a result, it was extremely challenging to identify
contributing factors for a large set of records resulting in lesser data records with
available information needed for analyzation methods.

The third challenge was the accuracy of the details recorded. Inconsistencies and
errors including data entry mistakes (human error), variations in reporting standards, and
differences in interpretation of data, inputted from various sources are possible.
Inaccurate data can lead to misleading conclusions in data validation.

The fourth challenge was defining the approach used for this study. Choosing the
appropriate ML diagnostic models required a lot of trial and error along with careful
consideration. The amount of final data used for the study was a critical factor in
choosing a model as some models require a large dataset for effective performance. Other
critical additives during this study included choosing the features to include in the models
and selecting the appropriate metrics for evaluation.

5.4 Contributions to Body of Knowledge

This study contributes to the body of knowledge in the subsequent manner:
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1. The models used in this study are most relevant for diagnostics to determine
the likelihood of a cost overrun with a yes or no as a result of uncontrolled or
unaddressed contributing factors. Focusing on these factors through ML
diagnostics provides information that can be used to effectively guide
decisions and mitigate risks in contract management.

2. This study supports implementation of more effective risk management by
identifying significant factors that contribute to the likelihood of DoD contract
overruns, which could result in efficiency and improved program outcomes.

3. The results of this study highlight the need for accurate and detailed DoD
contract data which was critical in identifying the significant factors that
contribute to DoD contract cost overruns. The quality of data was crucial
during the data identification process.

Although intended for DoD contracts, the insight from this study could be
applicable to other industries where cost overruns are a concern such as construction or
public infrastructure projects.

5.4 Recommendations for Future Research

Although the models performed during this research provided promising results,
additional efforts for research expansion are encouraged. Future recommendations for
research may include:

¢ Integrating these ML diagnostic models into practical applications to enhance
contract management.

e Investigating alternative models and methods for accuracy.
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Exploring hybrid model techniques that combine the strengths of the methods to
leverage the advantages.

Performing additional testing with more diverse datasets to confirm the model’s
performance and validate its performance.

Researching external hinderances (outbreaks, political infractions, supply chain

incidents, and human factors) that are critical hinders to factors identified in this

study that contributed to DoD contract cost overruns.
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Figure B-1: Comparison of Major Contract Types
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Contract Type

Overrun Summary

Firm-Fixed Price (FFP)

Least likely to have an overrun, usually a scope change is necessary to change price

Fixed-Price Economic Price Adjustment
(FPEPA)

Least likely to have an overrun, usually a scope change or agreed to trigger is necessary to
change price.

Fixed-Price Incentive Firm Target (FPIF)

Least likely to have an overrun, usually a scope change, meeting or not meeting agreed to
incentives is necessary to change price.

Fixed-Price Award Fee (FPAF)

Least likely to have an overrun, usually a scope change or meeting or not meeting agreed
to criteria is necessary to change price.

Fixed-Price Prospective Price
Redetermination (FP3R)

Least likely to have an overrun, usually a scope change or some agreed to trigger is
necessary to change price.

Cost-Plus-Incentive-Fee (CPIF)

Likely to Result in a Cost overrun, USG on the hook for additional costs if they want the
work completed. Contractor can stop work if USG does not increase cost. Only real remedy
is not to grant additional fee if overrun is not due to a change in scope, Contractor gets
lower fee for missing incentive events, etc. Missing schedule/cost could hurt Contractor
relative to incentive fee so the contractor will try hard to not overrun.

Cost-Plus-Award-Fee (CPAF)

Cost or Cost-Sharing (C or CS)

Likely to Result in a Cost overrun, USG on the hook for additional costs if they want the
work completed. Contractor can stop work if USG does not increase cost. Only real remedy
is not to grant additional fee if overrun is not due to a change in scope, Contractor loses
out on award fee for missing criteria, etc. Missing schedule/cost could hurt Contractor
relative to incentive fee so the contractor will try hard to not overrun.

When combined with a Cost contract the USG pays incurred costs up to the authorized
ceiling. Contractor can stop when ceiling is reached. They don’t earn any fee so there is no
incentive nor deterent either way. Cost Sharing could deter overruns if this means the
Contractor has to share in it.

Figure B-2: Major Contract Type Overrun Summary
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Appendix C

Logistic Regression Results (All Features)

Training Count: 419

Test Count: 18%

Logistic Regression Results

Accuracy: @.7310

Precision: @.73088

Recall: @.8@85

F1 Score: @.7677

ROC AUC: @.8472

Cross-Validation Scores: [@.52380952 @.92388952 ©.81984762 0.63889524 B.76923877)
Mean CV Score: ©.7348

Logistic Regression Accuracy: B8.75238895238089524

Confusion Matrix:

Predicted 1 Predicted @
Actual 1 44 14
Actual @ = 38

Classification Report:

precision recall fl-score  support

a 2.85 a.87 a.75 58

1 8.68 8.85 a.75 47
accuracy @.75 1a5
macro avg 2.76 a.76 a.75 1a5
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True label

True Positive Rate

Confusion Matrix

- 20
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Predicted label

Receiver Operating Characteristic

1.0 +

— ROC curve (area = 0.85)
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False Positive Rate
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Gradient Boosting Results (All Features)

Gradient Boosting Accuracy: @.8377862595419847
Confusion Matrix:

[[218 52]

[ 33 229]]

Classification Report:

precision recall fl-score support
a B.86 9.30 a.383 262
1 @.81 .87 8.84 262
accuracy a.84 524
mMacro avg B.84 8.84 a.84 524
weighted avg 2.84 2.84 B.84 524

Gradient Boosting Cross-Validation Scores: [@.50847619 @.8 @.58@95238 @.64761905 @.66346154]
Gradient Boosting Mean CV Score: ©.6565@18315018315

Gradient Boosting Tree Visualization

Year Signed <= 0.53
friedman_mse = 0.25
samples = 524
value = 0.0

True False

IRA <= 0.645
friedman_mse = 0.24
samples = 359

SM <= 0.499
friedman_mse = 0.204
samples = 165

value = 0.099

ICE <= 0.178 ICE <=0.178 Year Signed <= 1.166
friedman_mse = 0.25 friedman_mse = 0.098 friedman_mse = 0.238
samples = 268 samples = 91 samples = 90
value = 0.0 value = 0.39 value = -0.111

value = -0.215

IRA <= 0.645
friedman_mse = 0.134
samples = 75
value = -0.34

Irledmnn mse = 0.22
samples = 141
value = 0.695

friedman_mse = 0 213
sample:
value = -0. 772

friedman_mse = 0.249)
samples = 41
value = 0.146

friedman_mse = 0.195
samples = 49
value = -0.939

friedman_mse = 0.109
samples = 72
value = -1.5
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Decision Tree Results (Factors)

Decision Tree Results

Accuracy: 8.7238

Precision: @.6552

Recall: B.8@85

F1 Score: @.7238

ROC AUC: &.7787

Cross-Walidation Scores: [@.5238@952 9.923808952 @.81904762 0.63809524 8.76923877]
Mean OV Score: @.7348

Decision Tree Accuracy: @.7238895238@95238
Confusion Matrix:
[[38 28]

[ @ 38]]

Classification Report:

precision recall fl-score  support
@ a.81 a.656 a.72 58
1 @.66 a.81 @.72 47
accuracy @.72 1a5
macro avg a.73 a.73 a.72 185
weighted avg e.74 8.72 8.72 1a5

Decision Tree Cross-Validation Scores: [8.64761%@5 @.7247619 @.72382952 0.61984762 0.71153846]
Decision Tree Mean CV Score: @.6813553113553115

Correlation with Overrun:

ICE @.271391
5M -@.285806
IRA @.290669
TECH -8.889363
MAT -8.166967

OVERRUN 1.88000a
dtype: floated

Decision Tree Visualization

SM<=0519

sampl
value = [204, 215]

class = Overrun
false

= Overrun

value = [93, 174]
lass = Overrun

ICE <= 0192

value = (22, 14] i e vcun

class = No Overrun

icE o152 B o gi=om
e i .:nm:u samples = 33 samples = 3
Ty el 125, 68)| | value=120.131 value = (2, 1)

- . class = No Overrun|  |class = No Overrun|

gini = 0447

samples = 74
value = [25, 49) value = [76, 22
class = Overrun’ class = No Overrun|

gni=05 gini = 0,444
samples = 4 samples = 3
value = 2. 2] value = [2, 1)

class = o overrun class = No Overrun)

gini = 0.444

samples =
value = 2, 1]
class = No Overrun|

class = Overrun|
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Decision Tree Results (All Features)

Decision Tree Accuracy: @.9045801526717557
Confusion Matrix:

[[238 24]

[ 26 236]]

Classification Report:

precision recall fl-score  support

=] a.98 2.91 @.9a 262

1 8.91 .98 @.9a 262

accuracy @.9a 524
macro avg 8.98 2.90 a.9a 524
weighted avg 2.9@ .90 @.98 524

Decision Tree Cross-Validation Scores: [0.41904762 @.66666667 ©.6857142%9 0.638@89524 @.56730769]
Decision Tree Mean CV Score: @.5953663883663083

Correlation with Overrun:
Year Signed  -8.3@7383

ICE @.271391
SM -@.285806
IRA 8.290669
TECH -8.989363
MAT -@.166967
OVERRUN 1.00e288

dtype: floatsd

Decision Tree Visualization

o
-
P
~a
::>ﬂ:::i
i
2
=
.

B

i}
—a
—
4

5
—3

]
::>gzz=ﬂ
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SVM and Random Forests Results (All Features)

SVM Cross-Validation Scores: [8.59@47619 @.9619@476 @.78895238 8.6

Mean OV Score: @.7367

a.75

Random Forest Cross-Validation Scores: [@.55238095 @.94285714 ©.76199476 ©.55238@95 @.59615385]

Mean CV Score: @.6811
SVM Metrics:
Accuracy: @.5524
Precision: 1.8080
Recall: B8.2600

Fl Score: @.80088

ROC AUC: @.5208
Random Forest Metrics:
Accuracy: @.742%9
Precision: ©.6923
Recall: 8.7668

Fl Score: @.7273

ROC AUC: ©.8328

SVM Confusion Matrix

True label

Predicted label

Random Forest Confusion Matrix

30

True label

20

Predicted label

Receiver Operating Characteristic

1.0 4 —
- I
—
0.8 1
.—/.

] -
2 0.6
o
2
=
A
o
o
o
£ 04

0.2 1

| —— SVM ROC curve (area = 0.50)
— Random Forest ROC curve (area = 0.83)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8

False Positive Rate
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