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Abstract of Praxis 

Enhancing IT Investment Governance: Forecasting Software Development Cost 

Variances at the Department of Commerce 

In recent years, the Department of Commerce (DOC) has managed more than 335 

software development project activities, incurring actual costs of $604 million. Over one-

third of these investments have experienced cost variances surpassing 30%, highlighting 

persistent difficulties in accurately estimating and overseeing federal software 

investments. 

Unanticipated cost variances can hinder IT portfolio modernization efforts and 

compromise stakeholder objectives. At the root of these challenges are unreliable cost 

and forecasting estimation methodologies, insufficient oversight mechanisms, and 

challenges in adapting to rapidly evolving technological demands. 

To address these concerns, this research aims to improve existing DOC software 

development governance by identifying the most significant predictors of cost overruns 

and cost variances and developing statistical models capable of forecasting these 

overruns in advance. 

Drawing upon project activity data obtained from the IT Dashboard, three 

predictive models were developed: two binary logistic regression models that estimate 

the probability of exceeding 10% and 30% cost variance thresholds, and a multiple linear 

regression model designed to quantify the extent of cost growth.  

The binary logistic regression models demonstrated strong accuracy enabling 

proactive interventions in high-risk initiatives. The proposed binary logistic regression 

model for predicting cost variances ≥ |10%| was the most effective, as demonstrated by 
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the 10-fold cross-validated AUC-ROC of 0.8620.  This was further validated against 

actual project outcomes using a confusion matrix that showed precision, recall, 

specificity, and accuracy all above 80%. 

The proposed binary logistic regression model for predicting cost variances ≥ 

|30%| produced an effective model, as demonstrated by the 10-fold cross-validated AUC-

ROC of 0.8323. However, the resulting accuracy (77.9%), precision (69%), and recall 

(66.7%) reveal a moderate tradeoff between identifying true positive cases and avoiding 

false positive/negative predictions. 

The multiple linear regression model proved less effective when compared to 

logistic regression models but provides insights on the most significant drivers of cost 

growth, pointing to areas in need of further methodological refinement.  The proposed 

multiple linear regression model using the dependent variable cost growth (%) did not 

produce a model that met the target for R2 of 0.8.    

By providing insights into the determinants of cost variances, this research aims 

to equips DOC project managers with the tools to allocate resources more effectively, 

improve cost estimation techniques, and strengthen oversight practices.  
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Chapter 1—Introduction 

1.1 Background 

Between fiscal years 2017 and 2022 the Department of Commerce (DOC) completed 

335 software development project activities with actual total costs of $604 million.  One-

third (113) of these project activities experienced cost variances greater than 30%.  The 

size, cost, and complexity of software development in federal information technology 

(IT) systems continue to increase. Accordingly, the agency must actively manage its IT 

portfolio to address the top management challenges facing the DOC: modernizing 

technology systems, providing core services, and managing spending (DOC, 2023). 

A project’s cost variance can indicate how well a project was planned, how well 

changes to the baseline are being implemented, the degree of planned and unplanned 

scope change since inception, and how well the program is being executed (Government 

Accountability Office (GAO), 2020).  Ineffective oversight and governance of IT projects 

often results in projects that miss their planned schedule and budget targets or fail to 

achieve planned performance objectives (GAO, 2023).   

Investments that deviate from their originally planned baselines will restrict the 

availability of funding that was previously allocated to other IT projects.  This in turn 

reduces an agency’s capacity to modernize legacy systems, make investments in 

emerging technologies, or scale critical infrastructure.  The resulting financial volatility 

can ripple across IT portfolio’s budget, influence organizational decision-making, and 

result in trade-off scenarios that sacrifice future performance (Kerzner, 2022).   

Federal legislation, such as the Federal Information Technology Acquisition Reform 

Act (FITARA) and the Clinger-Cohen Act was introduced by Congress with the goal of 
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enhancing IT governance, accountability, and transparency (Office of Management and 

Budget (OMB), 2015).  While these policies and OMB guidelines were intended to 

address inefficiencies, many IT investments are still experiencing challenges with 

discipline and effective management, leading to projects that fail to achieve their planned 

objectives (GAO, 2023).    

This research compares cost estimating methodologies and predictive models with the 

objective of helping reduce cost variances in software development projects at the DOC.  

The rapid growth of software development in federal IT systems, combined with the 

continuously evolving technology landscape, requires new and more effective project 

management methods and tools (Reese, 2019).   

1.2 Research Motivation 

Reliable cost estimation is an important pillar of effective IT investment governance; 

however, current methodologies often fall short in preventing unplanned cost variances.  

Inaccurate estimates have been shown to increase the risk of overruns and unmet 

performance goals (GAO, 2023). Software development is central to the success of DOC 

IT objectives as it ensures the delivery of reliable, scalable, and mission critical systems.  

Consequences of insufficient management and oversight include the DOC’s failure to 

deliver projects on time, within budget, and with the intended system functionality.  This 

research aims to address these challenges by providing decision makers with the insights 

needed to initiate remediation for projects, perform tradeoff analyses, and reallocate 

funding as necessary to high risk investments, thus preserving limited government 

resources. 

1.3 Problem Statement 



3 

 

The current approach to project planning and program governance of software 

development projects at the Department of Commerce contributes to unreliable cost 

estimates and unplanned cost variances.  

Major ongoing IT modernization programs at the DOC are frequently impacted 

by ineffective oversight and management (DOC, 2024). The DOC Office of Inspector 

General (OIG) reports a need to reengineer business processes in response to challenges 

transitioning to new IT systems (DOC, 2024).  Persistent cost variances and unreliable 

estimates underscore the need for further tools and techniques to estimate and predict 

adherence to planned budgets.   

1.4 Thesis Statement 

A predictive model is required to identify the software development projects with 

the highest likelihood of future cost variances, to enhance decision making and project 

management efficiency. 

Project managers have faced challenges with software development cost estimates 

dating back to the 1960s with both overestimation and underestimation posing issues for 

future software development (Gautam & Singh, 2018).   

Currently project managers rely on several federal policies, cost estimating 

methodologies, and governance frameworks to acquire and manage software 

development projects.  Identifying the significant factors of variation from software 

development projects cost baseline enables proactive mitigation strategies to address risks 

early.  Such insights can empower project managers to make more informed decisions 

about resource allocation while also enhancing the efficiency and sustainability of DOC 

budgets by minimizing waste and reallocating resources effectively. 
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1.5 Research Objectives 

The research objectives in this Praxis are: 

1. Analyze software development and IT projects to determine current 

performance predictors 

2. Measure the effect of each identified predictor on DOC software 

development projects cost variance and cost growth 

3. Develop a model that can be used by project managers to predict the 

likelihood that a software development project will exceed acceptable cost 

variance thresholds. 

4. Develop a model that can be used by project managers to predict the 

degree of cost growth that a software development project experience 

1.6 Research Questions and Hypotheses 

The following research questions and hypotheses are developed to understand the 

factors that contribute to software development projects cost variances and to determine 

the best method for predicting the projects at greatest risk. 

RQ1: What project parameters have the greatest predictive power for cost variance in 

software development projects? 

RQ2: How accurately can a machine learning model predict if a software development 

project will experience a cost variance exceeding 10%? 

RQ3: How accurately can a machine learning model predict if a software development 

project will experience a cost variance exceeding 30%? 
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RQ4: To what extent can a machine learning model estimate the magnitude of future cost 

growth in software development projects? 

Hypothesis: 

H1: Significant project metrics and management methodologies (independent variables) 

will be identified, with a p-value ≤ 0.1 indicating a trend and a p-value ≤ 0.05 indicating 

statistically significant influence. 

H2: A binary logistic regression model will be developed to predict whether a software 

development project will experience a cost variance exceeding 10%, achieving an area 

under the receiver operating characteristic (AUC-ROC) curve of 0.8 or higher. 

H3: A binary logistic regression model will be developed to predict whether a software 

development project will experience a cost variance exceeding 30%, achieving an area 

under the receiver operating characteristic (AUC-ROC) curve of 0.8 or higher. 

H4: A multiple linear regression model will be developed to predict the magnitude of 

future cost growth in software development projects, achieving a coefficient of 

determination (R2) of 0.8 or higher. 

1.7 Scope of Research 

This praxis provides a comprehensive examination of the factors influencing the 

success and failure of federal software development and IT projects.  The research 

introduces models designed to assist project managers in making more informed resource 

allocation decisions prior to project initiation.  The analysis includes a review of 

historical project performance factors impacting success and risk, both within the federal 

government and in broader contexts, to identify relevant patterns and connections to the 
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current research.  Additionally, the study explores methodologies for estimating, 

forecasting, and managing IT projects, alongside an analysis of federal legislation and 

acquisition reforms shaping DOC IT investments.   

1.8 Research Limitations 

The dataset used in this research is sourced from the 2023 Project Activities 

report which contains actuals data for project activities that were completed between 

fiscal year 2017-2022.  The limitation of restricting this research to a specific time period 

means the outcomes might not fully reflect any trends or emerging best practices outside 

this timeframe.  Another limitation is the reliance on publicly available data from the IT 

Dashboard.  Data on the IT Dashboard has been identified in previous years by the GAO 

as containing inaccuracies and inconsistencies. Any unknown data quality issues included 

in this research would compromise the reliability and accuracy of the results. The data 

analysis and predictive models created in this research are focused on the DOC.  The 

DOC’s operational requirements and resource constraints inevitably will differ from 

those of other federal agencies. As a result any insights derived from this research might 

not be immediately generalizable across other federal agencies IT portfolios. 

1.9 Organization of Praxis 

This praxis is organized in 5 chapters and an appendix.   Chapter 1 outlines the 

praxis background, research motivation, problem statement, thesis, research objectives, 

hypothesis, and the scope and limitations of this research.   

Chapter 2 presents a review of the pertinent academic research on DOC software 

development projects.  This section also provides a history of the legislature that shapes 

the acquisition lifecycle for federal IT Investments.   
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Chapter 3 presents the research methodology, data analysis approach, and data 

validation process.   

Chapter 4 covers the results of the data analysis. 

Chapter 5 discusses research conclusions related to the hypotheses and research 

questions.   
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Chapter 2—Literature Review 

 

2.1 Introduction 

This literature review explores the current federal information technology (IT) 

environment in which software acquisition and management are conducted, as well as the 

legislative framework that governs these processes.  A comprehensive examination of 

project success and risk factors influencing software and IT project cost variances is 

crucial to identify potential cost drivers.  To capture the full spectrum of performance 

issues and predictor variables this research adopts a holistic approach by incorporating 

insights from both government and commercial project software development projects. 

Section 2.2 examines the historical challenges within the federal IT landscape. 

Section 2.3 reviews the regulations and policies that guide federal agencies’ IT 

investments today, the key resources guiding IT acquisitions, project management, and 

cost estimation.  Section 2.4 focuses on management methodologies and identifies the 

factors with historical relationships to project success and risk.  Section 2.5 reviews 

previous completed research on predictive models used to forecast IT project outcomes.  

Section 2.6 provides a summary of the findings and synthesizes key insights from this 

literature review. 

2.2 Federal IT Environment 

Technology serves as the foundation for the Federal Government’s ability to deliver 

on its mission (Office of Management and Budget (OMB), 2024).  The executive branch 

has launched several initiatives to improve the management and oversight of the more 

than $100 billion spent annually on IT.  However, federal IT projects frequently fall short 
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of delivering their intended capabilities within projected timelines and budgets. This is 

often attributed to the challenges that arise as a result of ineffective project planning, 

requirements definition, and program governance (Government Accountability Office 

(GAO), 2024). 

The GAO added the management of IT acquisitions to its high-risk list in 2015, 

describing it as a government wide challenge which requires significant attention in order 

to address outstanding issues (GAO, 2015).  While the GAO does acknowledge that some 

progress has been made, the overall status of government wide IT acquisitions remains 

unchanged since 2015.  GAO reports cite a variety of reasons that include a lack of 

standardized performance metrics, an inconsistent approach to deriving cost savings and 

avoidance metrics, underreported risk assessments, outdated and obsolete portfolio 

review guidance, and inaccurate data as contributing to the current governance challenges 

(GAO, 2024). 

2.3 Government Regulations and Policies 

Department of Commerce (DOC) IT investments are subject to federal regulations 

and policies that were designed to ensure strategic alignment and compliance across 

federal IT investments with clear accountability.  The Clinger-Cohen Act and the Federal 

Information Technology Acquisition Reform Act (FITARA) form the backbone of the 

current IT governance frameworks federal agencies rely on today.  These two acts 

provide guidelines to agencies’ Chief Information Officers (CIO) across an IT projects 

lifecycle to include requirements and acquisitions planning as well as the management 

and execution of these IT investments. 
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The Clinger-Cohen Act of 1996 established the foundational principles for modern 

federal IT management and governance.  This act includes the requirement for each 

federal agency to have Chief Information Officers (CIOs) and introduces the Capital 

Planning and Investment Control (CPIC) process used to manage IT investments.   

FITARA builds on the provisions of the Clinger-Cohen Act.  FITARA expands the 

authority of agencies’ CIO’s and the role they have in managing IT resources, budgets, 

personnel, and procurement.  This includes: 

• Increased transparency of reporting for IT investments via the IT Dashboard 

• Requirements for categorizing IT investments according to risk  

• Establishes the IT portfolio review process, where individual investments are 

viewed in the context of the agency’s broader set of projects. (Congressional 

Research Service (CRS), 2023) 

To fulfill FITARA’s reporting requirements the OMB uses the IT Dashboard to 

consolidate and streamline data submissions, creating a modular ecosystem that supports 

partner agencies and OMB with improved data collection. The IT Dashboard enables 

agencies, OMB, Congress, GAO, and the public to understand the value of their federal 

IT portfolios, manage the health of their IT investments, and make better IT planning 

decisions (General Services Administration (GSA), 2025). 

In compliance with these two government policies, each agency is also required to 

formulate agency specific internal policies and procedures that align with the outlined 

statements and requirements. 
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The DOC uses the Acquisition Program and Project Management Guidebook to 

establish the standards, processes, artifacts, and milestone reviews required throughout 

the DOC project lifecycle.  This framework stresses the importance of early project 

lifecycle phases, particularly the initiation and planning stages which lay the groundwork 

for successful project outcomes.  Issues that arise during these phases have been linked to 

challenges that manifest later in the project lifecycle. This includes scope changes, budget 

overruns, and poorly defined acquisition strategies, which the guidebook aims to mitigate 

through structured guidance (DOC, 2024).   

The GAO Cost Estimating and Assessment Guide is a vital resource for federal 

agencies, providing stakeholders with a structured framework and techniques to develop 

reliable and defensible cost estimates.  This guide is widely regarded as best practice and 

emphasizes the need for thorough, unbiased cost assessments that are documented and 

tracked throughout a project's lifecycle.  Also addressed are techniques for estimating 

software development costs that are subject to iterative development models, evolving 

requirements, and long-term maintenance.  The guide provides methodologies for 

quantifying uncertainty, executing sensitivity testing, and capturing risk assessments.  

These methodologies are valuable tools for estimating costs in the face of the emerging 

technology landscape and continuously evolving customer requirements.  By 

standardizing cost estimation practices, the GAO guide aims to enable federal agencies to 

estimate costs and manage budgets more effectively thereby reducing the risk of cost 

overruns and delays. 

2.4 Project Success and Risk  
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Effective management cannot guarantee success, but poor management is a near 

certain predictor of failure (Sommerville, 2016).  DOC projects are comprised of discrete 

activities that function as interconnected systems.  These systems in turn are designed to 

produce specific outputs which align with the agencies’ clearly defined project or 

program objectives and support overarching program goals (DOC, 2024). Projects are 

temporary, with finite durations that are marked by defined start and end points. 

Project success and failure has been extensively researched and debated, resulting in a 

broad and varied body of literature on the subject (Serrador & Pinto, 2015).  One recent 

study performed a review of 48 unique sources which revealed nuanced differences in 

how researchers defined project success (Forney, 2019).   Despite these differences most 

converged on the “iron triangle” framework of cost, time, and scope/quality as the core 

success metrics (Sanchez et al., 2017). 

Successful project management entails the systematic application of knowledge, 

skills, tools, and techniques to meet project requirements.  It involves guiding project 

activities toward achieving desired outcomes using methodologies such as predictive, 

hybrid, or adaptive approaches (Project Management Institute (PMI), 2021). 

 Project managers are key to driving successful project outcomes as they are 

responsible for coordinating all available resources and managing potential risks while 

also ensuring the project’s continued alignment with organizational goals.   More 

experienced managers have typically been assumed to positively influence project 

success rates and lower cost variances due to the assumption that their experience will 

translate to future endeavors. While some research has demonstrated a positive 
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correlation between project success and a project manager’s competence (Hosford, 2017), 

the overall findings in the field have been mixed. 

Given that all IT projects are unique in nature and factoring in the rapid pace of 

technological advancements, even the most experienced software development project 

managers will encounter difficulties anticipating project challenges (Sommerville, 2016).  

The methodologies used and insights gained from previous projects may become 

outdated as industry standards evolve thus rendering a manager’s prior experience 

obsolete.  Project managers with a higher number of years of experience have been found 

to have a negative correlation adhering to project schedules (Forney, 2019) indicating 

that more experienced managers may have a greater risk aversion.   

Federal agencies categorize IT project managers using nine levels (OMB, 2020).   

Each level is associated with a specific number of years of experience combined with the 

relevant professional certifications and the recency of those credentials.  A recent study 

of Department of Defense (DOD) IT projects identified a weak positive relationship 

between less experienced managers and project cost variance (Reese, 2019).  While the 

correlation was outside the range of statistical significance the study recommended 

including it in future analysis of cost variances as additional data using a broader 

confidence interval might reveal its significance.  The OMB discontinued the requirement 

to publicly report project manager experience on the IT dashboard in 2023, which 

precluded this factor from the present study. 

2.4.1 Management Methodologies 

Selecting the appropriate project management approach is essential for influencing 

successful software development project outcomes.  A comparison of the two most 
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common methodologies, Agile and Waterfall, indicates that Agile projects are three times 

more likely to achieve success, whereas Waterfall projects are twice as likely to 

experience failure (Standish Group, 2020). 

Federal IT projects have traditionally leaned toward the Waterfall model, a linear, 

sequential approach marked by rigid phases and extensive documentation.  Although this 

model is effective in highly regulated environments requiring strict validation and 

compliance, such as defense and healthcare systems (Pedersen, 2013), the Waterfall 

model has clear limitations.  Specifically, the Waterfall methodology lacks the flexibility 

to incorporate changes during execution as all system requirements are locked at the start 

of the development.  This can result in software releases that are either outdated or 

considered low-value features (DOC, 2024; Kumar & Bhatia, 2014). Previous research 

has also found that the Waterfall methodology can lead to an increase in the likelihood a 

project has significant delays or cost overruns as a result of not discovering critical issues 

until too late in the development lifecycle (Thesing et al., 2021). 

Agile practices are centered on iterative and incremental delivery of software releases 

and prioritize customer value and responsiveness.  This methodology is a customer 

friendly approach because of the ability to respond to changing priorities following initial 

requirements definition.  An increased frequency in software releases also provides the 

opportunity for earlier detection and resolution of bugs which can minimize future 

rework (Saarikallio & Tyrvainen, 2022; Pedersen, 2013). Due to the increased frequency 

of releases and the shorter duration between releases Agile is commonly associated with 

generating value for customers earlier in the development lifecycle when compared to 

Waterfall (Kumar & Bhatia, 2014).  Although there are many positive aspects of Agile 
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development it’s not appropriate for all development efforts.  For example, the principles 

of Agile methodologies conflict with customers that require strict compliance and process 

documentation like federal agencies (Thesing et al., 2021; Yadav et al., 2015). 

Agile Scrum is the most widely adopted Agile practice today.  The DOC Office of 

Acquisition Management recommends Scrum be used by any project managers 

considering a project that requires an Agile development methodology (DOC, 2024). 

Scrum is distinguished by a structured framework that has defined roles and recurring 

touchpoints that center around iterative development sprints.  Disciplined execution 

combined with an active communication and stakeholder engagement are key to 

delivering incremental value to customers while maintaining flexibility.  This practice 

can prove to be challenging for less mature teams and organizations that are less adept at 

embracing a cultural change (Raunak & Binkley, 2017). 

Another Agile practice relevant to this research is DevSecOps which is best 

characterized by its philosophy that prioritizes security from project onset, sometimes 

referred to as shifting left.  By focusing on security early in the development process it 

enables project managers to address security risks more efficiently and avoid expensive 

remediation costs necessary to adjudicate security gaps once the product is complete 

(Anjaria & Kulkarni, 2022). Although DevSecOps contributes to accelerating software 

deployments and strengthens security, it does not eliminate the difficulty that comes with 

addressing emergent risks linked to new features and code modifications. Customers, like 

the federal government, that depend on third-party and vendor-supplied software magnify 

this issue as it introduces supply chain vulnerabilities that could require significant 

investments to work around. 
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In order to implement DevSecOps organizations need to make substantial investments 

upfront for training and tooling.  Justifying this level of investment can be challenging for 

organizations with budget constraints and as one study noted the cost benefit relationship 

of this practice still remains insufficiently understood (Anjaria & Kulkarni, 2022). 

Organizations using DevSecOps also run the risk of a combination of compliance 

requirements and the need to frequently address emerging cyber threats may divert 

developers focus from core project objectives resulting in costly schedule delays. 

Both Waterfall and Agile development methodologies have strengths and limitations 

that federal agencies can better utilize through the adoption of hybrid approaches.  Hybrid 

methodologies can reduce organizational friction and allow for iterative feedback while 

maintaining project and budget oversight (GAO, 2020).  Recent research suggests there is 

a cost advantage for using Agile practices. However, hybrid methodologies have been 

shown to result in similar metrics for budget adherence while also significantly 

outperforming traditional Waterfall approaches in stakeholder satisfaction (Gemino, 

2021). This indicates the potential for hybrid methodologies to deliver an approach that 

balances multiple techniques needed for complex projects.  In the end there is no single 

development methodology that is optimal for all software development projects (Mishra 

and Alzoubi, 2023).  Using an approach that can be tailored to the unique project 

requirements through a hybrid model can offer an alternative to the traditional 

methodologies and increase the likelihood of success (PMI, 2021).    

Data shows the DOC used several different software development methodologies 

between 2017 and 2022.  This includes Agile and Agile practices Scrum and DevSecOps, 

Waterfall, hybrid/mixed, and progressive prototyping.   Alongside methodology data, the 
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dataset also includes information on software release frequencies, measured in weeks, 

months, or days. 

Previous research using DOD software projects identified a significant correlation 

between waterfall methodology and cost variance (Reese, 2019).  At the time of Reese’s 

study, the DOD reported only two development methodologies, iterative (Agile) and 

waterfall.  Reese also investigated the relationship between release frequency and cost 

variance but did not find a significant correlation.  Notably, Reese’s analysis relied on a 

fixed release frequency of six months. This study will extend the analysis by examining a 

range of release frequencies, varying from two weeks to six months.  

2.4.2 Project Complexity 

Modern software development projects can often require the management of 

complex projects that encompass geographically dispersed teams with cultural 

differences and communication barriers (Akbar et al., 2018).  Project complexity is 

considered a critical success factor as the degree of complexity for a given project has a 

direct relationship to the probability of success or failure (Forney, 2019). Complex 

projects frequently experience scope creep as the complete set of requirements is often 

unknown when a project’s baseline is established.  Scope creep refers to unanticipated 

changes to a project’s requirements occur without proper documentation or oversight and 

is considered an expansion of the project baseline. Managing scope creep is paramount to 

any project because inadequately defined and/or undocumented requirements will put 

stress on a project’s finite resources and ultimately diminish the final project outcomes 

(PMI, 2021). Another component of project complexity is any specialized technical 

resources required for project execution.  Any resourcing gaps can exacerbate scope 
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management challenges.  With a limited available talent pool project managers and 

agency CIOs compete with commercial enterprises to recruit and retain resources with 

the expertise required to execute their complex IT systems successfully (GAO, 2024).   

Complex projects often experience schedule variances that hinder their success, 

requiring more resources and delaying functionality (Adoko, 2016; Reese, 2019; 

Stephenson, 2020). As this research attempts to predict cost variances before a project 

begins, it will only focus on schedule variances that occur between a project’s planned 

start date and its projected start date. This approach allows for the inclusion of schedule 

variances as a predictor variable without relying on information unavailable to a project 

manager before project initiation. 

The composition of a project’s stakeholders can add to the complexity of a 

project.  Federal IT projects that are shared services, meaning there are stakeholders 

outside the agency responsible for the investment, have been shown to be at higher risk of 

schedule delays (Stephenson, 2020). Larger team sizes have been shown to negatively 

impact budget success (Forney, 2019).  

This research will explore the relationship between factors such as schedule 

variance, schedule duration, project size, and whether a project is a shared service in 

order to determine the degree to which they influence future variances from planned 

budgets.  

2.4.3 IT Modernization and Cloud Computing 

Many federal IT systems and their supporting infrastructure are decades old and 

have either recently completed modernization, are currently undergoing updates, or are 



19 

 

planning for solutions to replace this outdated technology.  These IT modernization 

efforts are necessary to sunset systems that leverage hardware no longer supported by the 

original manufacturer, run on outdated software code, and are known to be vulnerable to 

cyberattacks (GAO, 2023).  Operating and maintaining legacy systems is expensive and 

costs continue to increase as the systems age, become more vulnerable to security threats, 

and require more upkeep and maintenance. Delaying modernization efforts for legacy IT 

systems increases cybersecurity risks and the likelihood of unplanned cost growth.     

Modern IT systems rely on cloud computing to provide access to shared 

computing resources. This approach allows agencies to avoid large upfront costs for 

hardware refreshes and manage their resources independently (GAO, 2024). If 

responsibly managed customers can consume services more efficiently by scaling their 

compute needs up and down with demand, eliminating underutilized on-premises 

infrastructure. Federal agencies have been slow to adopt cloud computing due in part to 

the absence of a standardized decision framework for determining whether legacy IT 

systems should be migrated (Mink, 2015) along with strict security requirements agencies 

need to meet for enterprise solutions. The GAO reports four challenges facing agencies’ 

adoption of cloud computing: 1. Ensuring Cybersecurity, 2. Procuring Cloud Services, 3. 

Maintaining a Skilled Workforce, and 4. Tracking Costs and Savings (GAO, 2022). 

 This research will examine the relationship between the evaluation of cloud 

computing alternatives and a project's cost variance. The analysis is based on indicators 

that reflect the investment's position within its modernization lifecycle. These indicators 

span a continuum, ranging from investments utilizing cloud computing to those where 

cloud computing is not applicable due to security or other constraints. 
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2.4.4 Cost Variance Thresholds 

Cost variance is a lagging indicator of project performance meaning it captures 

the impact of deliverables or events after they have occurred (PMI, 2021). Cost variance 

is a metric that is commonly used by researchers to explore relationships between a 

project’s outcome and any factors shown to have influenced or can predict these changes 

(PMI, 2021). Projects that experience cost variances should be monitored and reported, 

and corrective actions should be implemented as necessary to address them. Project 

managers should avoid using baseline adjustments as a mechanism to eliminate variances 

unless there is sound justification to do so (Kerzner, 2022). 

Cost variance risk thresholds are used to define the acceptable ranges for any 

deviation from a planned baseline and represent defined tolerance levels that are agreed 

upon by key project stakeholders before project initiation. These thresholds enable a 

principle known as management by exception, which is a managerial principle where 

only significant deviations trigger escalation to project sponsors or governance bodies for 

intervention (PMI, 2020). When a project exceeds these predetermined thresholds it 

signals the needs for escalation and/or corrective action in accordance with the specifics 

determined in advance. 

The DOD considers cost variance thresholds under the Nunn-McCurdy Act: a 

"significant breach" which occurs when cost variance exceeds 15%, while a "critical 

breach" is triggered at 25%. These breaches necessitate mandatory reporting to Congress, 

along with a thorough review to justify whether the program should proceed, be 

restructured, or terminated (Easterling, 2020). Similarly, the DOC Acquisition and 
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Management Guidebook specifies a 20% threshold for traditional program reporting. 

However, it does not provide standardized thresholds for Agile projects (DOC, 2023). 

The OMB evaluates the success of federal IT projects using quantitative metrics, 

including cost variance. Table 2.1 shows how OMB employs a performance framework 

that categorizes cost variances into three risk levels and color scores:  

Table 2.1  

Budget Performance Risk Ratings and Color Scores (GSA, 2025) 

Risk Rating Color Score Budget Performance Variance Threshold 

Low Green On Budget < 10% 

Medium Yellow Not on Budget 10% - 30% 

High Red Not on Budget > 30% 

 

Projects are considered on budget if their absolute cost variance is less than 10%. 

Cost variances that exceed 10% are considered medium or high risk with remediation 

decision left to each agency’s discretion. This framework and these thresholds offer a 

standardized approach for federal agencies to assess the financial performance of their IT 

portfolios. Figure 2.1 provides a visual representation of the risk management framework 

and demonstrates how both positive and negative cost variances are treated the same 

level risk. 

Figure 2.2  

Visualization of Cost Variance Risk Thresholds (GSA, 2025) 
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2.4.5 Earned Value Management 

Earned Value Management (EVM) is a project management methodology that 

combines a project’s scope, schedule, and cost variables to determine current progress 

and forecast future project performance. This combination of variables provides enough 

information for project managers to determine if the project is on track to meet its 

objectives or alternatively estimate the degree to which it’s off track.  EVM uses a 

number of different metrics to include the cost variance, schedule variance, the cost 

performance index (CPI) and schedule performance index (SPI). Although EVM is 

effective at managing deviations during a project’s execution its effectiveness as a 

predictive tool is limited during the early stages of a project. EVM leverages actual 

performance data to establish trends and calculate variances and lacks sufficient inputs 

early in the project lifecycle to provide accurate predictions of cost or schedule deviations 

(Lipke, Zwikael, & Anbari, 2009).  This reliance on historical data makes EVM less 

suitable for forecasting in the initial phases when uncertainty is at its highest. 

2.5 Predictive Models used in analysis of Future Cost Variance 

Section 2.5 reviews predictive models used in the analysis of future cost variances. 

This includes logistic regression, multiple linear regression, decision trees, and ensemble 

methods. This review also focuses on the different methodologies effectiveness in 



23 

 

identifying and evaluating the response variables with the greatest significance and 

predictive power. 

2.5.1 Logistic Regression 

Logistic regression is a methodology that is frequently used by researchers to 

develop predictive models that incorporate critical success factors identified in literature. 

The significance of these variables is quantitively validated through a statistical analysis 

of the collected data (Forney, 2019). Binary logistic regression provides binary outcomes 

such as success (1) versus failure (0) or being over budget (1) versus under budget (0). 

The logistic function is used to model probability that the dependent variable belongs to a 

given category based on the combination of independent variables in the model. The 

output of the logistic function is a probability between 0 and 1 which is then classified, or 

transformed, into the binary outcomes. Typically 0.5 is the inflection point, which 

designates those outcomes with probabilities greater than or equal to 0.5 belonging to the 

positive class 1 and those below 0.5 as 0. Researchers have also used a two-cut decision 

rule that can improve model accuracy and precision by using two cutoff points and 

categorizing those data points that fall in between as too close to call (Adoko, 2016).  

Logistic regression does not require independent variables or the dependent 

variable to follow a normal distribution making it flexible for a wide range of datasets. 

Researchers have used logistic regression in situations where a continuous dependent 

variable lacks a normal distribution making it not well suited for linear regression by 

converting it into binary outcomes (Sipple, 2002; Moore, 2023). Models that incorporate 

too many predictor variables or use a small dataset are sensitive to overfitting. 
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Regularization techniques such as the lasso regression have been used by researchers to 

mitigate these challenges (Guillaume-Joseph & Wasek, 2016).  

Binary logistic regression is a proven technique that has demonstrated it can 

provide both reliable and accurate results when estimating the probability of future cost 

variances (Sipple, 2002; Adoko, 2016). Accordingly, this research plans to utilize binary 

logistic regression assess cost variances in software development projects. 

2.5.2 Multiple Linear Regression 

Multiple linear regression is a proven technique for predicting future outcomes of 

project success, particularly in IT and defense-related projects (Forney, 2019; Easterling, 

2020). An advantage of this approach is that it is a conceptually simple method for 

investigating functional relationships among variables (Chatterjee & Hadi, 2020). 

Multiple linear regression can measure the strength of the relationship between multiple 

independent variables and the dependent variable. The influence of individual variables is 

measured by the coefficient. This granularity can provide valuable insights into which 

independent variables have significant influence on the dependent variable. 

In order to develop a dependable multiple linear regression model there is the 

assumption that a linear relationship exists between the independent variables (predictors) 

and the dependent variable (response). Checking for linearity in multiple regression can 

be challenging due to the number of parameters and high dimensionality of data 

(Chatterjee & Hadi, 2020). Previous research shows that lognormal distributions are 

common in cost growth datasets and can cause deviations from normality in the residuals 

if unaddressed (Reese, 2019; Easterling, 2020, Awolumate, 2021). 
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To address these challenges, data transformation can be an effective method for 

achieving a normal distribution required for linearity. Researchers have shown that a 

natural log transformation is effective when dependent variables have lognormal 

distributions (Easterling, 2020). Additional techniques such as Johnson transformation 

was shown to result in only marginal improvements when compared to a natural log 

transformation (Reese, 2019). Standardization, or Z-transformation, is another common 

technique for achieving normality in a model’s residuals while preserving the original 

data distribution (Awolumate, 2021). This outlines effective techniques for data 

normalization and highlights the frequency to which these techniques are required. 

Research has shown the effectiveness of multiple linear regression to both create 

predictive models as well as identify the parameters with the greatest significance to a 

project’s cost variance. This research intends to leverage multiple linear regression to 

estimate the degree of future cost growth a project will experience. 

2.5.3 Decision Tree and Random Forest 

Decision trees are a machine learning technique used by researchers to develop 

predictive models for target variables. This method can be effective when dealing with  

large and complex datasets with dependent and independent variables that do not meet 

the assumptions of normality or contain missing data points (Song & Lu, 2015; Bock, 

n.d.). Decision trees have shown the ability to provide increased accuracy in predicting 

future software development costs when compared to binary logistic regression models 

(Forney, 2019).  Random Forests are an ensemble method involving multiple random 

decision trees, which has demonstrated effectiveness in both classification and regression 

prediction (Kumari & Pushkar, 2018).  This approach has also shown potential to 



26 

 

increase model accuracy, however they are not as explainable or easy to use as traditional 

decision trees (Forney, 2019).  While these techniques provide alternative methodologies 

to the chosen approach, they are excluded from this research.  

2.6 Summary and Conclusion 

This chapter reviews the current federal IT environment as well as some of the 

government regulations and policies that influence software development projects today. 

Legislative actions such as FITARA and the Clinger-Cohen Act have tried to improve the 

management and oversight of federal IT projects however many challenges still remain.  

A review of the factors that influence project success and risk demonstrates that the 

cost variances are a result of a variety of factors and project management challenges 

which continue to hinder the DOC’s ability to achieve its strategic goals. The DOC 

Office of Inspector General (OIG) identifies three primary challenge areas for the DOC 

in FY 2025: modernizing technology and systems, providing core services and data, and 

managing spending (DOC, 2024).  

As technology continues to evolve so does the field of software development which 

makes project management both more important and more challenging to achieve. 

Decision makers and project managers should carefully select software development 

methodologies that align with their agency’s guidelines and existing skill sets. Although 

Agile methodologies have been shown in previous research to typically result in a more 

cost-effective outcome, recent literature acknowledges a continued need for Waterfall 

and hybrid approaches in certain scenarios. 
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A project’s complexity has a direct relationship to project success and this complexity 

can be magnified when projects experience scope creep. Other factors influencing project 

complexity are the composition of project teams and the availability of skilled subject 

matter experts. As federal IT systems undergo IT modernization and cloud 

transformations the need to continually monitor any duplication of costs, and any security 

risks associated with continuing to maintain the legacy IT system. While cloud 

technology offers the promise of cost reductions through shared resources, federal 

agencies continue to see challenges using the cloud and barriers to adoption. 

Innovative project management techniques is necessary to address the growing 

complexity of federal IT investments. The findings and reports published by the GAO 

and DOC OIG highlight persistent challenges in IT project oversight and execution.  

Through the use of predictive modeling this research aims to explore the effectiveness 

of different techniques that can be used to improve the status quo. This study expands on 

previous research by incorporating new software development management 

methodologies and release frequency intervals. These data points will allow for a more 

detailed examination and provide fresh insights into the factors that contribute to cost 

variances.  
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Chapter 3—Methodology 

3.1 Introduction 

This chapter outlines the research methodology for examining the management 

and governance of software development projects within the Department of Commerce 

(DOC). The objectives of this research are to identify the most significant project 

parameters for predicting cost variances that exceed established risk thresholds. These 

insights will inform the development of three predictive models designed to estimate the 

likelihood that a software development project activity will encounter future cost 

variances.  

This chapter is organized into four primary sections.  Section 3.2 reviews the data 

collection process used in this research. Section 3.3 describes exploratory data analysis, 

data correlation, and statistical significance of independent variables.  Section 3.4 

presents the machine learning (ML) methods used for this research and Section 3.5 

reviews the data validation methods. 

3.2 Data Collection 

The data collected for this research are sourced from publicly available reports 

found on the IT Dashboard (https://www.itdashboard.gov). The IT Dashboard allows 

both government agencies and the general public to understand the value of their federal 

IT portfolios, manage the health of their IT investments, and make better IT planning 

decisions (General Services Administration (GSA), 2025).  

The Office of Management and Budget (OMB) establishes a hierarchical 

relationship that defines how agencies organize and manage their IT portfolios (OMB, 

2023). Under this framework, major IT investments are high-visibility, mission-critical 

https://www.itdashboard.gov/
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IT undertakings that represent significant expenditures or risk to the agency and 

government. Major IT investments consist of multiple IT projects that each have their 

own unique requirements and periods of performance.  

Within those projects, project activities serve as the granular tasks and work 

efforts, such as coding, testing, or requirements analysis, which support the successful 

completion of the project’s objectives. Project activities form the building blocks of 

projects, and projects collectively contribute to the broader goals, performance metrics, 

and strategic outcomes of major IT investments, as guided by the requirements and 

reporting standards articulated by the OMB. 

3.2.1 Projects Activities Dataset 

The primary dataset for this research is the 2023 project activities report. This 

contains both independent variables as well as the data that is used to derive the 

dependent variables. There are 849 unique project activities contained in the raw dataset. 

Each entry includes 25 features, such as government identification numbers, cost and 

schedule data, descriptive details about the activity, and project status information. Not 

all features are relevant to this research, as elements like agency code, agency names, or 

the updated time for the last changes do not add analytical value.  Table 3.1 displays the 

complete list of project features, along with a brief description, for the raw data contained 

in the project activities report.  

Table 3.3  

Project Activities Report 

Column Header Description 

Agency Code Code to Identify Agency 
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Agency Name Agency Name 

Current UII Unique Investment Identifier (UII) for Top Level Investment the Project and 

Project Activities are a part of 

Investment Type Type 01: Major Investment, Type 02: Non-Major Investments, Type 03: Migration 

Investments, Type 04: Funding Transfer Investments, Type 05: Standard 

Investments 

Infrastructure 

Management 

Category 

01: Not Applicable, 02: IT Security and Compliance, 03: IT Management, 04: 

Network, 05: Data Center and Cloud, 06: End User, 07: Output, 08: Application 

Investment Name Name of Top Level Investment the Project and Project Activities are part of 

Project ID Parent Project associated with this Activity 

Agency Activity 

ID 

Unique Code specific to this Activity 

Activity Name Short Description consistent with the critical steps within the agency project 

management methodology 

Activity 

Description 

Description of what work is accomplished by the activity 

Structure ID Structure ID that matches the IT of a parent activity 

Lowest Level Whether activity is considered the lowest level or if activity has child activities 

nested underneath it (True/False) 

Start Date 

Planned 

YYYY-MM-DD 

Start Date 

Projected 

YYYY-MM-DD 

Start Date Actual YYYY-MM-DD 

Completion Date 

Planned 

YYYY-MM-DD 

Completion Date 

Projected 

YYYY-MM-DD 

Completion Date 

Actual 

YYYY-MM-DD 

Total Cost 

Planned 

Financial Total in $millions 

Total Cost 

Projected 

Financial Total in $millions 

Total Cost Actual Financial Total in $millions 
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Schedule 

Duration(days) 

Actual Completion Date - Actual Start Date 

Project Activity 

Status 

Project Status: Complete, In Progress, Future 

Unique Activity 

ID 

Unique Code specific to this Activity 

Updated Time Time Stamp for latest change to Data 

 

Data from other reports on the IT Dashboard provides valuable insight into the 

characteristics of a project activity (Stephenson, 2020). In addition to the project 

activities report, data from the projects report, IT portfolio report, business case report, 

and contracts report. The unique investment identifier (UII) and project ID are common 

codes that when combined enables the linkage across reports of project activities to their 

corresponding projects and major IT investments. This connection allows for the 

inclusion of additional independent variables. This includes the iterative description 

(software development approach), the iteration frequency (frequency of software 

releases), mission support investment category, part of the IT portfolio, planned 

acquisitions, Federal Enterprise Architecture Business Reference Model (FEA BRM) 

services - primary service area, cloud computing alternative, PM qualifications, and 

investment shared service.  

This data was consolidated with the project activity dataset and formatting was 

completed to standardize the categories for some variables (see Section 3.2.2.1). 

Exploratory data analysis in Section 3.3 describes the additional steps taken to transition 

the raw dataset to the final validated datasets used in the regression analysis. 

3.2.2 Variable Identification 
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3.2.2.1 Independent Variables 

The independent variables included in this research were sourced or derived from 

the IT Dashboard reports. Prior studies on software development and IT project cost and 

schedule variances establish expectations about which predictor variables will have the 

strongest correlation to future cost variances (Reese, 2019, Stephenson, 2020). Despite 

these expectations all independent variables with a plausible relationship to the dependent 

variable are included in the initial analysis of the data. By including all plausible options 

it provides an opportunity to ensure variables that previously failed to demonstrate 

significance in similar studies are explored potentially discovering new insights into the 

drivers of cost variances. 

Categorical variables are transformed into separate features and encoded using a 

binary value with 1 indicating the data point belongs to that category and 0 if it does not. 

This transformation removes any artificial ordinal relationships and allows the variables 

to be analyzed individually while also greatly increasing the total number of features in 

the dataset (Muller, 2023). 

3.2.2.2 Project Activity Duration and Schedule Variance 

The planned start date, planned completion date, and planned duration (days) 

establish the schedule baseline the activity is measured against (General Services 

Administration (GSA), 2025).  The projected start date and projected completion date are 

a more recent schedule estimate based on impacts to the project that have occurred after 

the initial baseline but before the project’s actual start date.   

Measuring the difference between the projected duration and planned duration 

provides a metric for schedule variance, measured in days.  This measurement is not 
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valuable because it does not explain the relationship between the size of the schedule 

variance and the impact on the schedule baseline (Stephenson, 2020).  Instead, the 

schedule variance (%) is used to normalize the variance relative to the planned baseline, 

making it easier to compare projects of different durations.  This is calculated using 

Equation 3.1. 

𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (%) =
𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑒𝑑 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛−𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛
  (3.1)  

Because this research is focused on creating a predictive model of future cost 

variances, it does not use the actual start date or actual completion date in any statistical 

analysis or regression modeling.  This research relies on data available to analysts prior to 

a project activity start to ensure the model is valid as a predictive tool. 

3.2.2.3 Iterative Description 

The iterative description, previously titled software development lifecycle 

methodology (SDLC), provides a description of the software development methodology 

used for the project. When this data was consolidated with the project activity dataset, 

formatting was required to standardize the information (Stephenson, 2020). Table 3.2 

provides the mapping of the iterative description from the original data to the 

standardized description used in this analysis. 

Table 3.2 

Iterative Description Formatting 

Iterative Description Standardized Description 

Agile Agile 

Agile methodology Agile 

Agile with six week release cycles Agile 
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Agile with two week release cycles Agile 

Agile DevSecOps Agile-DevSecOps 

Agile methodology / Dev Sec Ops Agile-DevSecOps 

Agile methodology and DevSecOps Agile-DevSecOps 

Agile Methodology/ Dev Sec Ops Agile-DevSecOps 

Agile Methodology/Dev Sec Ops Agile-DevSecOps 

Agile methodology/DevSecOps Agile-DevSecOps 

Agile scrum Agile-Scrum 

Agile (8 week Program Increments with 4 2-week 

sprints each) 

Agile-Scrum 

Scrum Agile-Scrum 

Hybrid (Agile, waterfall) Hybrid/Mixed 

Mixed Hybrid/Mixed 

Waterfall Waterfall 

The CLASS Program delivers incremental releases 

within waterfall project management 

methodology. 

Waterfall 

The iterative development methodology being 

used is progressive prototyping. 

Progressive Prototyping 

 

The resulting list of variables are transformed as shown below: 

• Agile: If the development methodology used was Agile 1 = yes, 0 = no. 

• Agile-Scrum: If the development methodology used was Agile-Scrum 1 = yes, 0 

= no. 

• Agile-DevSecOps: If the development methodology used was Agile-DevSecOps 

1 = yes, 0 = no. 

• Hybrid/Mixed: If the development methodology used was Hybrid/Mixed 1 = yes, 

0 = no. 

• Waterfall: If the development methodology used was Waterfall 1 = yes, 0 = no. 
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• Progressive Prototyping: If the development methodology used was Progressive 

Prototyping 1 = yes, 0 = no. 

3.2.2.4 Iteration Metrics: Frequency, Duration, Count, and Cost 

The iteration frequency refers to the planned length for each software release in a 

development project. Days per iteration are derived from the iteration frequency amount 

and iteration frequency units found in the project report on the IT Dashboard. The 

conversion was standardized using seven days per week and thirty days per month. Table 

3.3 provides a list of the iteration frequencies from the dataset and the days per iteration 

for each. 

Table 3.3 

Iteration Frequency Conversion 

Iteration Frequency Amount Iteration Frequency Units Days per Iteration  

2 Weeks 14 

3 Weeks 21 

4 Weeks 28 

1 Months 30 

40 Days 40 

6 Weeks 42 

8 Weeks 56 

2 Months 60 

3 Months 90 

6 Months 180 

 

The days per iteration is included in this research as a continuous independent 

variable. Two additional continuous independent variables, the number of iterations and 

Cost per Iteration, are derived from the days per iteration.  
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The number of iterations refers to the number of software releases planned to 

occur during a project activity’s period of performance. This is calculated by dividing the 

planned duration by the days per iteration as shown in Equation 3.2.   

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 =
𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 (𝐷𝑎𝑦𝑠)

𝐷𝑎𝑦𝑠 𝑝𝑒𝑟 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
    (3.2) 

Cost per iteration refers to a project activity’s average planned cost for a software 

release. This is calculated by dividing the planned cost for the project activity by the 

number of iterations planned as shown in Equation 3.3. 

𝐶𝑜𝑠𝑡 𝑝𝑒𝑟 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ($) =
𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝐶𝑜𝑠𝑡 ($)

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠
    (3.3) 

3.2.2.5 Program and Project Manager Qualifications 

The qualification and experience level of the PM are separated into nine levels 

using the Federal Acquisition Certification for Program and Project Managers (FAC-

P/PM) and the Defense Acquisition Workforce Improvement Act (DAWIA) frameworks 

(OMB, 2022). Table 3.4 below provides the mapping of the PM Level to the associated 

definition. 

Table 3.4 

Program and Project Manager Levels 

PM Level Definition 

1 FAC-P/PM(DAWIA-3) – Senior 

2 FAC-P/PM(DAWIA-2) – Mid-Level 

3 FAC-P/PM(DAWIA-1) – Entry Level 

4 Other certification with 4 or more years of PM experience (within the last five years) 

5 Other certification with between 2 and 4 years of PM experience (within the last five years) 

6 Other certification with less than two years of PM experience (within the last five years) 
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7 No certification, but with 4 or more years of PM experience (within the last five years) 

8 No certification, but with between 2 and 4 years of PM experience (within the last five years) 

9 No certification, but with 2 or less years of PM experience (within the last five years 

 

The resulting list of variables are transformed as shown below: 

• PM Level 1: 1 = yes, 0 = no. 

• PM Level 2: 1 = yes, 0 = no. 

• PM Level 3: 1 = yes, 0 = no. 

• PM Level 4: 1 = yes, 0 = no. 

• PM Level 5: 1 = yes, 0 = no. 

• PM Level 6: 1 = yes, 0 = no. 

• PM Level 7: 1 = yes, 0 = no. 

• PM Level 8: 1 = yes, 0 = no. 

• PM Level 9: 1 = yes, 0 = no. 

3.2.2.6 Investment Shared Service or Planned Shared Service 

The Investment Shared Service category is sourced from the Business Case data from 

the IT Dashboard. An investment is a shared service if it currently includes an intra- or 

inter-Agency shared service (common, shared, or centralized solution) (OMB, 2022).  A 

Planned Shared Service is an investment that plans for this relationship in the future. The 

resulting variables are shown below: 

• Investment Shared Service: 1 = yes, 0 = no. 

• Planned Shared Service: 1 = yes, 0 = no. 

3.2.2.7 Cloud Computing Alternatives Evaluation 
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The Cloud Computing Alternative Evaluation is sourced from the IT Portfolio dataset 

from the IT Dashboard. This field indicates if, at the date of submission, the investment 

or a part of it is using, considering, migrating to, or being considered for cloud computing 

(OMB, 2022). While there is some logical progression to the categories the overall 

structure lacks a clear increasing or decreasing trend, indicating it would be more 

appropriate to treat as nominal rather than ordinal. The binary variables and their 

definitions are: 

• Cloud Alternatives 1: This investment or a portion of this Investment is 

leveraging cloud computing.  1 = yes, 0 = no. 

• Cloud Alternatives 2: This investment is migrating to the cloud.  1 = yes, 0 = no. 

• Cloud Alternatives 3: This investment is considering the use of cloud computing.  

1 = yes, 0 = no. 

• Cloud Alternatives 4: Cloud computing has not been considered.  1 = yes, 0 = no. 

• Cloud Alternatives 5: Cloud computing is not applicable for any portion of this 

investment.  1 = yes, 0 = no. 

• Cloud Alternatives 6: Cloud computing has been considered and was not selected.  

1 = yes, 0 = no. 

3.2.2.8 Federal Enterprise Architecture Business Reference Model 

The Federal Enterprise Architecture (FEA) Business Reference Model (BRM) 

Primary Service Area framework standardizes government functions and services across 

agencies (OMB, 2022). Investments are assigned a primary service area code that 

represents their core function within the BRM framework. The service areas included in 

this analysis are: 
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• 012- Intellectual Property Protection: 1 = yes, 0 = no. 

• 023- Environmental Monitoring and Forecasting: 1 = yes, 0 = no. 

• 043 - Global Trade: 1 = yes, 0 = no. 

• 070- General Purpose Data and Statistics: 1 = yes, 0 = no. 

• 124- Accounting: 1 = yes, 0 = no. 

• 139- Provide and Maintain IT Infrastructure: 1 = yes, 0 = no. 

3.2.2.9 Mission Support Services Investment Category 

Mission Support Services Categories are common across all agencies and are part of 

the Federal Integrated Business Framework (FIBF) Service Area(s). Investments may 

select more than one code where applicable. The categories included in this dataset are:   

• 1-Non-Mission Support: Investment category was not a mission support service 

investment 1 = yes, 0 = no. 

• 2-Financial Management: Investment category was Financial Management 1 = 

yes, 0 = no. 

• 2-3-7-Financial Management, Human Resources, Other: Investment category 

used multiple codes for Financial Management, Human Resources, and Other 1 = 

yes, 0 = no. 

3.2.2.10 Part of IT Portfolio Summary 

The Part of the Agency IT Portfolio Summary is sourced from the IT Portfolio report 

(from the IT Dashboard) and categories are included in this research as binary. The three 

categories are as follows: 

• 1-Mission Delivery: Part of IT Portfolio is Mission Delivery 1 = yes, 0 = no. 



40 

 

• 2-Administrative Support Services: Part of IT Portfolio is Administrative Support 

Services 1 = yes, 0 = no. 

• 3- IT Infrastructure, IT Security, and IT Management: Part of IT Portfolio is IT 

Infrastructure, IT Security, and IT Management 1 = yes, 0 = no. 

3.2.2.11 Planned Acquisitions 

The Planned Acquisitions category is sourced from the IT portfolio dataset from the 

IT Dashboard. This classification identifies investments that are planning to award a 

contract in the next 12 months which includes new contract and renewing existing 

contracts but does not include the exercising an option year (OMB, 2022). 

• Planned Acquisitions: 1 = yes, 0 = no. 

3.2.2.12 Dependent Variables 

This praxis examines three dependent variables that are aligned with the study’s 

objectives. Each dependent variable is derived from the project activities report and 

analyzed using its own regression model. The primary variable of interest is cost variance 

(%), which is calculated using the formula presented in Equation 3.4 below. 

𝐶𝑜𝑠𝑡 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 (%) =  
𝐴𝑐𝑡𝑢𝑎𝑙 𝐶𝑜𝑠𝑡−𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝐶𝑜𝑠𝑡

𝑃𝑙𝑎𝑛𝑛𝑒𝑑 𝐶𝑜𝑠𝑡
    (3.4) 

To predict cost variances that exceed predefined risk thresholds two binary 

response variables were created:  

1. If cost variance (%) is equal to, or greater than, the absolute value of 10%, 1 = 

yes, 0 = no. 
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2. If cost variance (%) is equal to, or greater than, the absolute value of 30%, 1 = 

yes, 0 = no. 

The specific cost variance thresholds of 10% and 30% were selected because they are 

aligned with medium risk and high risk cost variance thresholds the OMB uses to 

evaluate projects on the IT Dashboard (GSA, 2025). This methodology uses the absolute 

value of a project’s cost variance which can provide important insights about predicting 

project success and failure. Projects that experience cost overruns are highly relevant as 

they provide insights into potential factors that result in inefficiencies, inaccurate cost 

estimated and misaligned budgeting, or scope creep which can result in resource 

constraints and project delays (Government Accountability Office (GAO), 2024). Project 

activities with significant negative cost variances can be indicative of cost underruns as a 

result of underutilized project resources or scope reductions that could compromise the 

broader project and investment’s objectives.  

The third response variable is continuous and is used in this research for a more 

focused analysis on insights into the independent variables with the strongest correlation 

to cost overruns. This is accomplished by using a subset of the complete dataset that 

removes project activities with cost variances less than or equal to zero. Cost overruns are 

measured using the approach shown in Equation 3.4 above. 

3. Cost growth (%): (calculated from the subset of Project Activities dataset that 

contains just those projects that experience actual cost growth) 

3.3 Exploratory Data Analysis 
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Exploratory data analysis was used in this research to assess the reliability and 

accuracy of the datasets. Microsoft Excel was used for initial data collection and 

consolidation of the independent variables. Descriptive statistics such as the measures of 

central tendency and dispersion were calculated using Minitab (Minitab LLC, 2025). This 

research also relied on visualization techniques such as box plots and scatter plots to 

identify extreme values for potential removal. To determine if the datasets met the 

necessary criteria for linear regression an Anderson-Darling normality test was 

completed, and a natural log transformation was attempted; however this approach was 

only used in the final modeling for the cost growth dataset. 

Sections 3.2 and Section 3.3 provide details about the initial data analysis and 

preprocessing steps during the data collection and variable identification process. These 

included transforming variables through formatting techniques, encoding categorical data 

using dummy variables, and deriving new variables from the datasets. Further refinement 

is required to produce the final validated dataset for analysis. 

This section describes the steps taken to further refine the raw dataset to exclude 

project activities that did not meet the criteria necessary for this research. To qualify as a 

valid data point a project activity must have a status of "Complete.” Activities with a 

status of "Future" or "In Progress" were excluded because they lacked actual cost data, 

which is essential for calculating the actual cost variance from the planned baseline 

(Stephenson, 2020). This refinement process disqualified 114 future activities, 154 

activities in progress, and eleven activities that did not report any actual costs. 

Further review identified the category “Lowest Level” which included project 

activities that used hierarchical relationships. The parent and child activities both shared 
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the same predictor variables, creating data duplication that could skew the statistical 

analysis. The lowest level child project activities were retained as part of the dataset. 

However, the 35 parent project activities were removed. 

As this research is focused on software development project activities the need to 

remove IT projects that did not qualify from the data. A total of 190 project activities 

were removed at this stage. Included in this total were two investments that identified as a 

software development project activity but did not contain a development methodology. 

Ten additional activities were incorrectly labeled as software development but listed their 

development as “Not Applicable” or were missing other key information. 

The refined dataset contains 335 unique project activities with completion dates 

between fiscal years 2017-2022. This dataset is referred to as the “complete” dataset for 

the purposes of this research. The duration of the project activities ranged from 20-364 

days while total costs ranged from $1,000 up to $21.8 million. This dataset includes 36 

unique independent variables and serves as the foundation for developing and analyzing 

the two binary logistic regression models defined in Section 3.4.1. 

A second dataset was created using the subset of project activities from the complete 

dataset that experienced actual cost growth. This dataset is referred to as the “cost 

growth” dataset for the purposes of this research and is used to perform a narrower 

analysis of the factors most influential to cost growth. The dataset contains 102 project 

activities with completion dates between 2017-2022. The duration of the project activities 

ranged from 20-297 days while total costs ranged from $18,000 up to $11.7 million. This 

dataset includes 27 unique independent variables. 
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3.3.1 Statistical Significance 

The objectives of this research are to identify what independent variables satisfy the 

criteria for statistical significance for use in the development of predictive models. To 

achieve this objective statistical analysis using the Pearson correlation coefficient and 

associated p-value was conducted. 

The significance level, commonly denoted as alpha (α), used in this research is set at 

0.1 as opposed to 0.05. An alpha of 0.1 allows a larger margin for error to identify those 

underexplored predictor variables that might otherwise be overlooked. This approach is 

consistent with the objectives of exploratory analysis where identifying patterns in the 

data is a priority (Knapp, 2005).  A p-value > 0.1 indicates the sample observed is not 

statistically significant at the chosen alpha while a p-value < 0.1 indicates the sample 

observed has a statistically significant relationship to the dependent variable. 

In consideration of Research Question 1 the p-value and correlation will be analyzed 

in relation to the three dependent variables defined in Section 3.2.2.12. For this study, 

independent variables with a p-value between 0.1 and 0.05 are considered marginally 

significant, indicating weak evidence or a possible trend. P-values < 0.05 are regarded as 

moderate to strong evidence of statistical significance (Fisher, 1973). 

3.3.2 Pearson Correlation Coefficient 

This research uses a Pearson correlation to measure the relationship between two 

variables of interest. The outcome of this statistical analysis is a value between -1 and 1, 

where a coefficient approaching 1 means there is evidence of a strong positive 

correlation, while a value near -1 signifies a strong negative correlation. A coefficient 

around 0 suggests no linear relationship. This metric is useful in assessing how key 



45 

 

project parameters influence cost variances, helping to identify the most significant 

predictors for inclusion in the predictive model.   

3.4 Analysis Methods 

This research uses both binary and linear regression techniques to analyze and 

report on the dataset collected from the IT Dashboard. The study is divided into three 

models: 

1. A binary logistic regression model using the complete dataset, all predictor 

variables (36), and the binary response variable: If cost variance (%) is equal to, 

or greater than, the absolute value of 10%, 1 = yes, 0 = no. 

2. A binary logistic regression model using the complete dataset, all predictor 

variables (36), and the binary response variable: If cost variance (%) is equal to, 

or greater than, the absolute value of 30%, 1 = yes, 0 = no. 

3. A multiple linear regression model using data from the cost growth dataset, all 27 

independent variables available in the cost growth dataset, and the continuous 

response variable: cost growth (%). 

This approach allows for targeted predictions of the dependent variables, 

optimizing the accuracy for investments most at risk of substantial cost variances.  In 

addition to the alpha and p-values defined in Section 3.3.1 the following procedures are 

used to test the hypothesis and evaluate the models.   

A 90% confidence interval for a coefficient is used in this research. This represents 

the range within which the true effect of the predictor on the log-odds of the outcome is 

expected to fall 90% of the time, given repeated sampling. If the confidence interval for 
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the exponentiated coefficient excludes 1, the predictor is likely statistically significant, 

whereas if it includes 1, the predictor may not have a meaningful effect on the outcome. 

The Variance Inflation Factor (VIF) threshold of 5 was used in this study to analyze 

multicollinearity between independent variables. A VIF below 5 indicates 

multicollinearity is not a primary concern and the independent variables are contributing 

unique information to the model. Any VIF greater than 5 requires the variable be 

removed from the model or transformed. 

Backward stepwise regression was employed to identify the most predictive 

variables among the available independent variables. This method iteratively tests all 

candidate variables and removes the least significant variable one step at a time based on 

the predefined alpha of 0.1. 

3.4.1 Logistic Regression 

Binary logistic regression is used in this research to predict the likelihood that a 

software development project activity will experience future cost variance that exceeds 

the thresholds for medium and high risk. Logistic regression uses the logistic function 

which estimates the probability of an outcome between 0 and 1. This is expressed in 

Equation 3.5 and Equation 3.6 as: 

𝑃(1) =
exp (𝑌′)

1+exp (𝑌′)
        (3.5) 

where  

P(1) is the probability of dependent variable outcome being 1 

Y′ is the linear combination of predictor variables: 
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𝑌′ = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛     (3.6) 

where 

𝛽0 is the intercept 

𝛽1, 𝛽2, …, 𝛽𝑛 are the regression coefficients 

𝑋1, 𝑋2, …, 𝑋𝑛 are the predictor variables 

 

This equation for logistic regression is used in this research to estimate the 

likelihood that a software development project activity will experience cost growth that 

exceeds the thresholds defined by the two binary dependent variables used in this 

research. Each independent variables coefficient represents sheds light on its contribution 

relative to the overall outcome. Variables with positive coefficients indicate increases in 

the probability the project activity experiences future cost variance in excess of the 

threshold set by the dependent variable.  Alternatively a negative coefficient represents a 

decrease in the probability of the project activity exceeds the cost variance threshold. 

The development of logistic regression models leverages the Pearson correlation 

results by selecting variables with the highest correlations and incrementally adding them 

to the regression model.  Variables are added in small batches and a backward stepwise 

regression approach is used to refine the model, systematically removing variables that 

exceed the significance threshold of 0.1.   

The Area Under the Receiver Operating Characteristic Curve (AUC-ROC) 

establishes how well the model can distinguish between software development projects 

that exceed the cost variance threshold and those that don’t. Multicollinearity is 
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monitored using the Variance Inflation Factor (VIF). Following every iteration these are 

evaluated to determine if any of the recently introduced variables are significant and any 

associated impact to the performance metrics.  Any variable that decreases the AUC-

ROC score or results in a model where any variable which exceeds a VIF score of 5 are 

eliminated from the analysis. This process is repeated until the model can no longer be 

improved. 

The Wald statistic is also monitored during this process as the results of this test 

provide insights into the significance of each coefficient that’s included in the regression 

models. Large Wald statistics are associated with small p-values with the larger the 

statistic the more significant that variables contribution.  This Wald statistic follows a 

chi-square (probability) distribution that is commonly used by researchers to test their 

hypothesis. The chi-square probability distribution is skewed right and does not allow for 

negative values. The degrees of freedom are tied to the number of independent variables 

used in the model and influenced the chi-square test. Independent variables with large 

Wald statistics are unlikely to have occurred by chance.  

AUC-ROC is the primary metric used to evaluate the performance of a logistic 

regression model in binary classification while the ROC curve plots the true positive rate 

(sensitivity) against the false positive rate (1-specificity) at various classification 

thresholds. The AUC represents the probability that the model correctly ranks a randomly 

chosen positive instance higher than a randomly chosen negative instance. An AUC of 

0.5 indicates no predictive ability (the equivalent of random guessing), whereas an AUC 

of 1.0 signifies perfect classification.  
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This research targets an AUC-ROC of at least 80% as this threshold has been 

demonstrated in similar studies to provide predictive accuracy and practical utility. Prior 

research on cost growth prediction models in IT investments and project management has 

shown that models achieving an AUC-ROC between 60% and 80% offer sufficient 

reliability for decision-making (Reese, 2019; Adoko, 2016).  

The logistic regression model predicted outcomes for each of the 335 software 

development project activities are further validated by comparing them to the actual 

outcomes for those activities in a confusion matrix.  This matrix is commonly used for 

binary logistic regression model validation because it offers a comprehensive breakdown 

of the model’s classification performance. It consists of four key components: 

• True positives (TP): Cases correctly predicted as positive. 

• True negatives (TN): Cases correctly predicted as negative. 

• False positives (FP): Cases incorrectly predicted as positive. 

• False negatives (FN): Cases incorrectly predicted as negative. 

From these values, several important performance metrics can be derived: 

Accuracy measures the overall correctness shown in Equation 3.7: 

(𝑇𝑃+𝑇𝑁)

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                          (3.7) 

Precision measures the proportion of predicted positives that are actual positives 

show in equation 3.8: 

𝑇𝑃

𝑇𝑃+𝐹𝑃
                              (3.8) 

Recall measures the ability to identify actual positives shown in Equation 3.9: 
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𝑇𝑃

𝑇𝑃+𝐹𝑁
                                               (3.9) 

Specificity measures the ability to identify actual negatives shown in Equation 3.10: 

𝑇𝑁

𝑇𝑁+𝐹𝑃
                                    (3.10) 

A strong model performance can be validated by a confusion matrix that contains 

balanced results against real world data. By analyzing the confusion matrix this research 

will assess the reliability of the logistic regression model and make recommendations as 

necessary. 

3.4.2 Multiple Linear Regression 

Multiple linear regression is used in this research as a technique to provide a more 

focused analysis of software development project activities that experienced cost 

overruns along with the factors that contributed to these overruns. The primary output 

from this linear regression model are a prediction of the amount of future cost growth a 

specific project activity is estimated to experience based on the linear combination of 

predictor variables shown below in Equation 3.11: 

𝑌′ = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 + 𝜖      (3.11) 

where 

Y′ is the predicted continuous value of Y 

𝛽0 is the intercept 

𝛽1, 𝛽2, …, 𝛽𝑛 is the regression coefficients 

𝑋1, 𝑋2, …, 𝑋𝑛 is the predictor variables 

𝜖 is the regression error 
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The coefficient 𝛽 for the independent variables represents the strength of each 

variable’s relationship to cost growth (percentage). Variables with positive coefficients 

indicate a correlation to increased future cost variances (percentage) whereas a negative 

coefficient represents a correlation to decreases in cost growth (percentage). The 

development of this multiple linear regression model was based on the cost growth 

dataset which contains 102 unique project activities and 27 available independent 

variables.  

These independent variables were prioritized based on the strength of their 

correlations to the dependent variable and p-values from the Pearson analysis of the cost 

growth dataset. An iterative approach was employed which included a manual process for 

progressively adding variables to the model and assessing their impact through a 

backward stepwise regression to measure progress against the research objectives and 

validity of the model.  

 R2  is the primary metric used to determine how well the model can predict future 

outcomes for cost variance (percentage) on software development project activities. This 

research establishes a target R2 of 0.8 which would demonstrate an estimated 80% of the 

variance for the dependent variable can be explained by the variables included in the 

model. An analysis of previous studies on multiple linear regression models attempting to 

predict cost growth demonstrated R2  between 50% and 80% provide sufficient reliability 

for informed decision-making (Hill, 2024; Reese, 2020). 

3.5 Data Validation 
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The approach to data validation used in this research for both the binary logistic and 

multiple linear regression models was a K-fold cross-validation with 10 folds. This is a 

commonly used technique that was implemented using Minitab and has been shown to 

reduce the risk of overfitting. K-fold cross validation uses a process that splits the data 

into 10 equally sized groups and uses one subset as the validation set while using the 

other nine as the training set. This process is completed ten times, allowing for each 

subset to be used as the test set. Performance results from each fold are averaged to 

produce an assessment of the model’s predictive accuracy that represents the generalized 

performance of the model.  These results are then compared to the baseline AUC-ROC 

and R2 to ensure there are no significant deviations that warrant further investigation. 
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Chapter 4—Results 

4.1 Introduction 

This chapter presents a summary of the results of the data analysis that was 

completed in accordance with the methodology outlined in Chapter 3. Chapter 4 has five 

primary sections. Section 4.2 provides an initial assessment of the datasets. Section 4.3 

provides the Pearson correlation results for the three dependent variables. Sections 4.4 

and 4.5 focus on the development and evaluation of binary logistic regression models. 

Section 4.6 presents a multiple linear regression model which focuses on the factors 

influencing the magnitude of cost growth. A discussion and conclusions on the results of 

the data analysis can be found in Chapter 5. 

4.2 Data Analysis 

4.2.1 Complete Dataset 

The complete dataset contains 335 unique project activities with completion dates 

between fiscal years 2017-2022.  The duration of the project activities ranged from 20-

364 days while total costs ranged from $1,000 up to $21.8 million.  Section 3.2.2.1 

provides additional information about the independent variables and any formulas used to 

create the derived independent variables. This dataset contains 36 independent variables 

and is the source for the two binary dependent variables included in this research: 

1. If cost variance (%) is equal to, or greater than, the absolute value of 10%, 1 = 

yes, 0 = no. 

2. If cost variance (%) is equal to, or greater than, the absolute value of 30%, 1 = 

yes, 0 = no. 
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A preliminary analysis was performed on the cost variance percentage derived from 

the complete dataset.  An Anderson-Darling (AD) test of normality was completed to 

determine if the data followed a normal distribution. Results of the AD test showed an 

AD statistic of 41.318 and a p-value < 0.005 which indicates a significant deviation from 

normality.  The results of this test against the 90% confidence interval (CI) are presented 

in Appendix A, Table A-1. 

An attempt to transform the non-normal distribution for cost variance percentage 

using the natural logarithm transformation. This approach required shifting the values by 

adding a constant of 1 before the transformation to ensure all values were positive. 

The transformation improved the data slightly but the AD statistic of 19.551 and a p-

value <0.005 indicate the distribution of the data was still significantly non-normal.  The 

revised distribution and it’s fit within the 90% CI are illustrated in Appendix A, Table A-

2.  To accommodate the data alternative strategies were considered that would allow for 

the appropriate analysis between cost variance and the independent variables. At this 

stage binary response variables were introduced to the dataset enabling analysis 

techniques that are robust to datasets with deviations from normality.   

4.2.2 Cost Growth Dataset 

The cost growth dataset is a subset of the complete dataset that contains the 102 

project activities that experienced actual cost growth.  The duration of the project 

activities ranged from 20-297 days while total costs ranged from $18,000 up to $11.7 

million. Section 3.2.2.1 provides additional information about the independent variables 

and any formulas used to create the derived independent variables. The cost growth 

dataset includes 27 unique independent variables.  
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The normality of the dependent variable cost growth (percentage) was analyzed to 

determine its viability for establishing linear relationships using an AD test. The results 

yielded an AD statistic of 13.462 and a p-value < 0.005 demonstrating a significant 

deviation from a normal distribution.  

Figure 4.1 below shows a graphical representation of the distribution and the lack of 

fit to a normal distribution overlaid against the 90% CI. 

Figure 4.1 

Cost Growth Dataset Anderson Darling Graph 

 

A natural log transformation was applied which resulted in a distribution consistent 

with normality, producing an AD statistic of 0.437 and a p-value of 0.291, indicating no 

significant deviation from normality.  The transformed dataset meets the assumptions 
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necessary for statistical methods relating to linear relationships, such as Pearson 

correlation and multiple linear regression.  

As shown in Figure 4.2 below, the transformed cost growth data follows a normal 

distribution within the 90% CI. 

Figure 4.2 

Natural Log Transformed Cost Growth Anderson Darling Graph 

 

4.3 Hypothesis 1 and Results 

H1: Significant project metrics and management methodologies (independent 

variables) will be identified, with a p-value ≤ 0.1 indicating a trend and a p-value ≤ 0.05 

indicating statistically significant influence. 
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Statistical significance and correlation between independent and dependent variables 

were evaluated using Pearson correlations and p-values.  Both provide valuable insights 

into the strength and nature of the relationships between variables. 

The results of the Pearson correlation analysis for the dependent variable, cost 

variance ≥ |10%| are presented in Table 4.1 below. 

Table 4.1 

Cost Variance ≥ |10%| Pearson Correlation Results 

Independent Variable Dependent Variable N 90% CI Correlation P-Value 

Total Cost Planned Binary +/- >10% CV 335 (-0.007, 

0.171) 

0.083 0.131 

Planned Duration (Days) Binary +/- >10% CV 335 (-0.140, 

0.040) 

-0.051 0.356 

Schedule Variance (%) Binary +/- >10% CV 335 (-0.030, 

0.149) 

0.06 0.273 

Agile Binary +/- >10% CV 335 (-0.288, 

-0.115) 

-0.203 0 

Agile-Scrum Binary +/- >10% CV 335 (-0.274, 

-0.100) 

-0.188 0.001 

Agile-DevSecOps Binary +/- >10% CV 335 (0.372, 

0.516) 

0.447 0 

Hybrid/Mixed Binary +/- >10% CV 335 (-0.177, 

0.002) 

-0.088 0.107 

Waterfall Binary +/- >10% CV 335 (0.046, 

0.223) 

0.135 0.013 

Progressive Prototyping Binary +/- >10% CV 335 (-0.350, 

-0.183) 

-0.268 0 

Days per Iteration (software 

releases) 

Binary +/- >10% CV 335 (-0.255, 

-0.081) 

-0.169 0.002 

1-PMQ-FAC-

P/PM(DAWIA-3) – Senior 

Binary +/- >10% CV 335 (0.083, 

0.257) 

0.171 0.002 
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2-PMQ-FAC-

P/PM(DAWIA-2) – Mid-

Level 

Binary +/- >10% CV 335 (-0.481, 

-0.331) 

-0.409 0 

4-PMQ-Other certification 

with 4 or more years of PM 

experience (within the last 

five years) 

Binary +/- >10% CV 335 (0.084, 

0.259) 

0.173 0.001 

7-PMQ- No certification, but 

with 4 or more years of PM 

experience (within the last 

five years) 

Binary +/- >10% CV 335 (-0.025, 

0.154) 

0.065 0.237 

8-PMQ-No certification, but 

with between 2 and 4 years 

of PM experience (within the 

last five years) 

Binary +/- >10% CV 335 (-0.017, 

0.162) 

0.073 0.184 

Investment Shared Service Binary +/- >10% CV 335 (0.092, 

0.266) 

0.18 0.001 

Planned Shared Service Binary +/- >10% CV 335 (-0.151, 

0.028) 

-0.062 0.258 

Cloud Computing 

Alternatives 1 – Using Cloud 

Binary +/- >10% CV 335 (0.339, 

0.488) 

0.416 0 

Cloud Computing 

Alternatives 3 – Considering 

using Cloud in future 

Binary +/- >10% CV 335 (-0.132, 

0.048) 

-0.042 0.442 

Cloud Computing 

Alternatives 4 – Cloud has 

not been considered 

Binary +/- >10% CV 335 (0.049, 

0.226) 

0.139 0.011 

Cloud Computing 

Alternatives 5 – Cloud is not 

applicable  

Binary +/- >10% CV 335 (-0.583, 

-0.452) 

-0.521 0 

070 - General Purpose Data 

and Statistics 

Binary +/- >10% CV 335 (-0.291, 

-0.118) 

-0.206 0 

023 - Environmental 

Monitoring and Forecasting 

Binary +/- >10% CV 335 (-0.119, 

0.061) 

-0.029 0.598 

139 - Provide and Maintain 

IT Infrastructure 

Binary +/- >10% CV 335 (-0.339, 

-0.171) 

-0.257 0 
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124 - Accounting Binary +/- >10% CV 335 (-0.066, 

0.114) 

0.024 0.658 

012 - Intellectual Property 

Protection 

Binary +/- >10% CV 335 (0.484, 

0.609) 

0.55 0 

043 - Global Trade Binary +/- >10% CV 335 (-0.386, 

-0.222) 

-0.306 0 

01 - Non-Mission Support Binary +/- >10% CV 335 (-0.388, 

-0.225) 

-0.309 0 

02 - Financial Management Binary +/- >10% CV 335 (-0.066, 

0.114) 

0.024 0.658 

02 - 07 Financial 

Management | 07 - Other | 03 

- Human Resources 

Binary +/- >10% CV 335 (0.258, 

0.418) 

0.341 0 

01 - Mission Delivery Binary +/- >10% CV 335 (-0.364, 

-0.198) 

-0.283 0 

02 - Administrative Services 

and Support Systems 

Binary +/- >10% CV 335 (0.225, 

0.388) 

0.309 0 

03 - IT Infrastructure, IT 

Security, and IT Management 

Binary +/- >10% CV 335 (-0.190, 

-0.011) 

-0.101 0.064 

Planned Acquisitions Binary +/- >10% CV 335 (0.358, 

0.505) 

0.434 0 

Number of Iterations 

(software releases) 

Binary +/- >10% CV 335 (0.228, 

0.391) 

0.312 0 

Cost per Iteration (software 

releases) 

Binary +/- >10% CV 335 (0.105, 

0.279) 

0.194 0 

 

 The results of the Pearson correlation analysis for the dependent variable, cost 

variance ≥ |30%|, are presented in Table 4.2 below.   

Table 4.2 

Cost Variance ≥ |30%| Pearson Correlation Results 

Independent Variable Dependent Variable N 90% CI Correlation P-Value 
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Total Cost Planned Binary +/- >30% CV 335 (-0.154, 

0.025) 

-0.065 0.233 

Planned Duration (Days) Binary +/- >30% CV 335 (-0.194, 

-0.016) 

-0.106 0.053 

Schedule Variance (%) Binary +/- >30% CV 335 (-0.015, 

0.164) 

0.075 0.168 

Agile Binary +/- >30% CV 335 (-0.320, 

-0.150) 

-0.237 0 

Agile-Scrum Binary +/- >30% CV 335 (-0.204, 

-0.027) 

-0.117 0.033 

Agile-DevSecOps Binary +/- >30% CV 335 (0.329, 

0.480) 

0.407 0 

Hybrid/Mixed Binary +/- >30% CV 335 (-0.200, 

-0.022) 

-0.112 0.041 

Waterfall Binary +/- >30% CV 335 (0.004, 

0.182) 

0.094 0.086 

Progressive Prototyping Binary +/- >30% CV 335 (-0.266, 

-0.091) 

-0.18 0.001 

Days per Iteration (software 

releases) 

Binary +/- >30% CV 335 (-0.255, 

-0.080) 

-0.168 0.002 

1-PMQ-FAC-

P/PM(DAWIA-3) – Senior 

Binary +/- >30% CV 335 (0.118, 

0.290) 

0.206 0 

2-PMQ-FAC-

P/PM(DAWIA-2) – Mid-

Level 

Binary +/- >30% CV 335 (-0.355, 

-0.188) 

-0.274 0 

4-PMQ-Other certification 

with 4 or more years of PM 

experience (within the last 

five years) 

Binary +/- >30% CV 335 (0.005, 

0.184) 

0.095 0.081 

7-PMQ- No certification, but 

with 4 or more years of PM 

experience (within the last 

five years) 

Binary +/- >30% CV 335 (-0.167, 

0.012) 

-0.078 0.154 

8-PMQ-No certification, but 

with between 2 and 4 years 

of PM experience (within the 

last five years) 

Binary +/- >30% CV 335 (-0.145, 

0.035) 

-0.055 0.313 
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Investment Shared Service Binary +/- >30% CV 335 (0.045, 

0.222) 

0.135 0.014 

Planned Shared Service Binary +/- >30% CV 335 (-0.167, 

0.012) 

-0.078 0.152 

Cloud Computing 

Alternatives 1 – Using Cloud 

Binary +/- >30% CV 335 (0.340, 

0.488) 

0.417 0 

Cloud Computing 

Alternatives 3 – Considering 

using Cloud in future 

Binary +/- >30% CV 335 (-0.218, 

-0.041) 

-0.13 0.017 

Cloud Computing 

Alternatives 4 – Cloud has 

not been considered 

Binary +/- >30% CV 335 (-0.017, 

0.162) 

0.073 0.182 

Cloud Computing 

Alternatives 5 – Cloud is not 

applicable  

Binary +/- >30% CV 335 (-0.505, 

-0.359) 

-0.435 0 

070 - General Purpose Data 

and Statistics 

Binary +/- >30% CV 335 (-0.300, 

-0.128) 

-0.215 0 

023 - Environmental 

Monitoring and Forecasting 

Binary +/- >30% CV 335 (-0.206, 

-0.029) 

-0.119 0.03 

139 - Provide and Maintain 

IT Infrastructure 

Binary +/- >30% CV 335 (-0.265, 

-0.090) 

-0.179 0.001 

124 - Accounting Binary +/- >30% CV 335 (-0.077, 

0.103) 

0.013 0.817 

012 - Intellectual Property 

Protection 

Binary +/- >30% CV 335 (0.419, 

0.556) 

0.49 0 

043 - Global Trade Binary +/- >30% CV 335 (-0.330, 

-0.161) 

-0.247 0 

01 - Non-Mission Support Binary +/- >30% CV 335 (-0.394, 

-0.232) 

-0.316 0 

02 - Financial Management Binary +/- >30% CV 335 (-0.077, 

0.103) 

0.013 0.817 

02 - 07 Financial 

Management | 07 - Other | 03 

- Human Resources 

Binary +/- >30% CV 335 (0.276, 

0.433) 

0.357 0 

01 - Mission Delivery Binary +/- >30% CV 335 (-0.377, 

-0.213) 

-0.297 0 
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02 - Administrative Services 

and Support Systems 

Binary +/- >30% CV 335 (0.232, 

0.394) 

0.316 0 

03 - IT Infrastructure, IT 

Security, and IT Management 

Binary +/- >30% CV 335 (-0.157, 

0.022) 

-0.068 0.216 

Planned Acquisitions Binary +/- >30% CV 335 (0.243, 

0.404) 

0.326 0 

Number of Iterations 

(software releases) 

Binary +/- >30% CV 335 (0.225, 

0.388) 

0.309 0 

Cost per Iteration (software 

releases) 

Binary +/- >30% CV 335 (0.030, 

0.207) 

0.119 0.029 

 

A third Pearson correlation analysis was performed to examine the continuous 

dependent variable, cost variance (%), derived from the cost growth dataset. The results 

of this analysis are presented in Table 4.3 below. 

Table 4.3 

Cost Growth (%) Pearson Correlation Results 

Independent Variable Dependent Variable N 90% CI 

for ρ 

Correlation P-Value 

Total Cost Planned Binary +/- >30% CV 102 (-0.170, 

0.158) 

-0.006 0.952 

Planned Duration (Days) Binary +/- >30% CV 102 (-0.364, 

-0.051) 

-0.213 0.032 

Schedule Variance (%) Binary +/- >30% CV 102 (-0.039, 

0.283) 

0.125 0.21 

Agile Binary +/- >30% CV 102 (-0.388, 

-0.079) 

-0.24 0.015 

Agile-Scrum Binary +/- >30% CV 102 (-0.229, 

0.098) 

-0.067 0.502 

Agile-DevSecOps Binary +/- >30% CV 102 (0.204, 

0.491) 

0.356 0 
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Waterfall Binary +/- >30% CV 102 (-0.121, 

0.206) 

0.044 0.66 

Progressive Prototyping Binary +/- >30% CV 102 (-0.412, 

-0.107) 

-0.266 0.007 

Days per Iteration (software 

releases) 

Binary +/- >30% CV 102 (-0.176, 

0.152) 

-0.012 0.901 

1-PMQ-FAC-

P/PM(DAWIA-3) – Senior 

Binary +/- >30% CV 102 (-0.263, 

0.062) 

-0.103 0.301 

4-PMQ-Other certification 

with 4 or more years of PM 

experience (within the last 

five years) 

Binary +/- >30% CV 102 (-0.082, 

0.243) 

0.083 0.408 

Investment Shared Service Binary +/- >30% CV 102 (-0.095, 

0.231) 

0.07 0.483 

Cloud Computing 

Alternatives 1 – Using Cloud 

Binary +/- >30% CV 102 (-0.037, 

0.286) 

0.128 0.2 

Cloud Computing 

Alternatives 4 – Cloud has 

not been considered 

Binary +/- >30% CV 102 (-0.082, 

0.243) 

0.083 0.408 

Cloud Computing 

Alternatives 5 – Cloud is not 

applicable 

Binary +/- >30% CV 102 (-0.389, 

-0.080) 

-0.241 0.015 

070 - General Purpose Data 

and Statistics 

Binary +/- >30% CV 102 (-0.474, 

-0.182) 

-0.336 0.001 

139 - Provide and Maintain 

IT Infrastructure 

Binary +/- >30% CV 102 (-0.283, 

0.039) 

-0.125 0.209 

124 - Accounting Binary +/- >30% CV 102 (-0.077, 

0.248) 

0.088 0.378 

012 - Intellectual Property 

Protection 

Binary +/- >30% CV 102 (0.237, 

0.517) 

0.386 0 

01 - Non-Mission Support Binary +/- >30% CV 102 (-0.353, 

-0.038) 

-0.201 0.043 

02 - Financial Management Binary +/- >30% CV 102 (-0.077, 

0.248) 

0.088 0.378 

02 - 07 Financial 

Management | 07 - Other | 03 

- Human Resources 

Binary +/- >30% CV 102 (0.007, 

0.325) 

0.17 0.087 
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01 - Mission Delivery Binary +/- >30% CV 102 (-0.353, 

-0.038) 

-0.201 0.043 

02 - Administrative Services 

and Support Systems 

Binary +/- >30% CV 102 (0.038, 

0.353) 

0.201 0.043 

Planned Acquisitions Binary +/- >30% CV 102 (0.012, 

0.330) 

0.175 0.078 

Number of Iterations 

(software releases) 

Binary +/- >30% CV 102 (-0.036, 

0.286) 

0.129 0.198 

Cost per Iteration (software 

releases) 

Binary +/- >30% CV 102 (-0.072, 

0.253) 

0.093 0.352 

 

4.4 Hypothesis 2 and Results 

H2: A binary logistic regression model will be developed to predict whether a 

software development project will experience a cost variance exceeding 10%, achieving 

an area under the receiver operating characteristic (AUC-ROC) curve of 0.8 or higher. 

Table 4.4 shows the performance results to include the coefficient, standard error of 

the coefficient, 90% CI, Z-Value (or Wald statistic), Chi-Square, p-value, and the 

Variance Inflation Factor (VIF).  The constant signifies the metrics for the overall model 

while the rows below detail the independent variables that are used. Section 3.2.2.2 

elaborates on the sources and computation methods employed for the independent 

variables utilized in this study. 

Table 4.4 

Binary Logistic Model Coefficients Cost Variance ≥ |10%| 

Coefficients Coef SE 

Coef 

90% CI Z-Value Chi-Square P-Value VIF 

Constant 1.156 0.555 (0.244, 2.068) 2.08 103.82 0.037   
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Number of Iterations 

(software releases) 

-

0.632 

0.148 (-0.876, -0.389) -4.27 18.24 0 4.8 

Cloud Computing 

Alternatives 5 – 

Cloud is not 

applicable 

-

1.603 

0.574 (-2.547, -0.659) -2.79 7.81 0.005 3.29 

Cloud Computing 

Alternatives 1 – 

Using Cloud 

1.192 0.411 (0.516, 1.868) 2.9 8.42 0.004 2.02 

01 - Non-Mission 

Support 

-

0.935 

0.392 (-1.579, -0.290) -2.39 5.69 0.017 1.24 

012 - Intellectual 

Property Protection 

3.842 0.595 (2.864, 4.821) 6.46 41.7 0 3.99 

043 - Global Trade 1.288 0.753 (0.049, 2.527) 1.71 2.93 0.087 2.14 

070 - General 

Purpose Data and 

Statistics 

1.39 0.565 (0.461, 2.319) 2.46 6.06 0.014 2.39 

 

The final regression equation is shown in Equation 4.1 below: 

 

𝑌′ = 1.156 − 0.632𝑋1 + 1.192𝑋2 − 1.603𝑋3 + 3.482𝑋4 − 0.935𝑋5 + 1.288𝑋6 +

1.39𝑋7  (4.1) 

where 

𝑌′ is the linear combination of predictor variables 

𝛽0 is the intercept 

𝑋1 Number of Iterations  

𝑋2 Cloud Computing Alternatives 1 – Using Cloud 

𝑋3 Cloud Computing Alternatives 5 – Cloud is not applicable 

𝑋4 Intellectual Property Protection 
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𝑋5 Non-Mission Support 

𝑋6 Global Trade 

𝑋7 General Purpose Data and Statistics 

 

Table 4.5 provides the performance metrics measured by the AUC-ROC and the 

K-fold cross validated 10-fold AUC-ROC. 

Table 4.5 

AUC-ROC Cost Variance ≥ |10%| 

AUC-ROC 10-fold AUC-ROC 

0.8818 0.8620 

 

Table 4.6 provides key metrics from the confusion matrix which compares the 

model predictions to outcomes of actual project activities.  This includes True positive, 

False Positive, True Negative, and False Negatives.  Additionally, the measures of 

Precision, Recall, Specificity, and Accuracy are included in this table. 

Table 4.6 

Confusion Matrix Cost Variance ≥ |10%| 

True 

Positive 

False 

Positive 

True 

Negative 

False 

Negative 

Precision Recall Specificity Accuracy 

147 31 125 32 82.6% 82.1% 80.1% 81.2% 

 

4.5 Hypothesis 3 and Results 



67 

 

H3: A binary logistic regression model will be developed to predict whether a 

software development project will experience a cost variance exceeding 30%, achieving 

an area under the receiver operating characteristic (AUC-ROC) curve of 0.8 or higher. 

Table 4.7 shows performance results to include the coefficient, standard error of the 

coefficient, 90% CI, Z-Value (or Wald statistic), Chi-Square, p-value, and the VIF.  The 

constant row signifies the metrics for the overall model while the rows below are the 

independent variables that are used. 

Table 4.7 

Binary Logistic Model Coefficients for Cost Variance ≥ |30%| 

Coefficients Coef SE Coef 90% CI Z-

Value 

Chi-Square P-Value VIF 

Constant -1.988 0.333 (-2.536,  

-1.440) 

-5.97 80.47 0   

Number of Iterations 

(software releases) 

-0.355 0.125 (-0.561,  

-0.150) 

-2.84 8.09 0.004 3.57 

Cost per Iteration (software 

releases) 

-2.89 1.12 (-4.73,    

-1.05) 

-2.58 6.67 0.01 1.3 

012 - Intellectual Property 

Protection 

3.283 0.517 (2.433, 

4.134) 

6.35 40.34 0 3.09 

Cloud Computing 

Alternatives 1 – Using 

Cloud 

2.118 0.349 (1.543, 

2.692) 

6.06 36.72 0 1.35 

 

The final regression equation is shown in Equation 4.2 below: 

 

𝑌′ = −1.988 − 0.355𝑋1 − 2.89𝑋2 + 3.283𝑋3 + 2.118𝑋4    (4.2) 

where 
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𝑌′ is the linear combination of predictor variables 

𝛽0 is the intercept 

𝑋1 Number of Iterations  

𝑋2 Cost per Iteration ($) 

𝑋3 Intellectual Property Protection 

𝑋4 Cloud Computing Alternatives 1 – Using Cloud 

 

Table 4.8 provides the performance metrics measured by the AUC-ROC and the 

K-fold cross validated 10-fold AUC-ROC. 

Table 4.8 

AUC-ROC Cost Variance ≥ |30%| 

AUC-ROC 10-fold AUC-ROC 

0.8468 0.8323 

 

Table 4.9 provides key metrics from the confusion matrix which compares the 

model predictions to outcomes of actual project activities.   

Table 4.9 

Confusion Matrix Results Cost Variance ≥ |30%| 

True 

Positive 

False 

Positive 

True 

Negative 

False 

Negative 

Precision Recall Specificity Accuracy 

78 35 183 39 69.0% 66.7% 83.9% 77.9% 

 

4.6 Hypothesis 4 and Results 
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H4: A multiple linear regression model will be developed to predict the magnitude 

of future cost growth in software development projects, achieving a coefficient of 

determination (R2) of 0.8 or higher. 

A multiple linear regression model was constructed to predict a point estimate for 

the dependent variable by selecting the most relevant independent variables. The initial 

regression modeling demonstrated adjusted R2 values well below the desired thresholds 

and produced residuals and outliers that required addressing.  To improve the model 

quality, the outliers and residuals were removed and the process for model development 

was started over.  This process was repeated until the model no longer improved as the 

outliers and residuals were removed.   

Table 4.10 below provides details about the composition of each model as well as 

the performance. 

Table 4.10 

Performance Cost Growth (%) 

Iteration 

Number 

Project 

Activities 

Number of 

Independent 

Variables 

P-

Value 

R-Sq R-sq 

Adj 

10-Fold 

R-SQ 

Residuals 

Removed 

Outliers 

Removed 

1 102 5 0.00 48.7% 46.0% 39.9% 4 1 

2 97 7 0.00 63.5% 60.7% 58.2% 3 3 

3 91 4 0.00 60.7% 58.8% 56.2% 
  

 

Table 4.11 shows performance results for the final iteration number 3.  Coefficient 

tables for Iterations 1 and 2 can be found in the Appendix, Table A-3 and Table A-4. 

Table 4.11 
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Iteration 3 Coefficients Cost growth (%) 

Coefficients Coef SE Coef 90% CI T-Value P-Value VIF 

Constant -1.048 0.220 (-1.414, -0.683) -4.77 0.000   

Total Cost Planned -0.1381 0.0575 (-0.2336, -0.0426) -2.40 0.018 1.15 

Agile-DevSecOps 0.688 0.249 (0.275, 1.102) 2.77 0.007 1.45 

Cloud 5 – Cloud is not 

applicable 

-1.932 0.356 (-2.524, -1.340) -5.43 0.000 1.36 

Progressive Prototyping -3.301 0.426 (-4.009, -2.593) -7.75 0.000 1.21 
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Chapter 5—Discussion and Conclusions 

5.1 Discussion 

This research investigates the factors that contribute to cost variances and cost 

growth of software development project activities at the Department of Commerce 

(DOC). Following the identification of these factors this research sought to develop 

predictive models to improve cost forecasting and reduce future cost variances. Previous 

researchers have explored the challenges facing project managers when estimating and 

managing costs of IT projects, but the current models are not reliable. Traditional cost 

estimation methods and earned value techniques often fail to capture the complexity of 

evolving IT projects, leading to persistent budget variances (GAO, 2024; GAO, 2020). 

This research aimed to fill this gap by creating a predictive model for federal IT 

investments that can estimate future cost variances by incorporating the predictor 

variables with the greatest significance.  

Sections 5.1.1 through 5.1.4 discuss the findings related to each research question 

and hypothesis. Section 5.2 presents key conclusions and lessons learned. Section 5.3 

details the contributions to the body of knowledge. Section 5.4 contains 

recommendations for future research. 

5.1.1 Hypothesis 1 Discussion 

H1: Significant project metrics and management methodologies (independent 

variables) will be identified, with a p-value ≤ 0.1 indicating a trend and a p-value ≤ 0.05 

indicating statistically significant influence. 
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 Hypothesis 1 was tested against three dependent variables across two datasets. 

The findings below provide a summary of the results of the significance tests completed 

in Section 4.2:  

1. Binary dependent variable: if cost variance ≥ |10%| (1 = yes, 0 = no)  

o 25 of the 36 independent variables had a p-value  ≤ 0.05 indicating the 

sample observed is statistically significant 

o 1 of the 36 independent variables had a p-value ≤ 0.1 but > 0.05 

considered marginally significant indicating a possible trend 

o 10 of the 36 independent variables had a p-value > 0.1 indicating the 

sample observed is not statistically significant 

2. Binary dependent variable: if cost variance ≥ |30%| (1 = yes, 0 = no) 

o 24 of the 36 independent variables had a p-value  ≤ 0.05 indicating the 

sample observed is statistically significant 

o 3 of the 36 independent variables had a p-value ≤ 0.1 but > 0.05 

considered marginally significant indicating a possible trend 

o 9 of the 36 independent variables had a p-value > 0.1 indicating the 

sample observed is not statistically significant 

3. Continuous dependent variable: cost growth (%) 

o 10 of the 27 independent variables had a p-value  ≤ 0.05 indicating the 

sample observed is statistically significant 

o 2 of the 27 independent variables had a p-value ≤ 0.1 but > 0.05 

considered marginally significant indicating a possible trend 



73 

 

o 15 of the 27 independent variables had a p-value > 0.1 indicating the 

sample observed is not statistically significant 

Findings confirm the existence of independent variables, both categorical and 

continuous, that have p-values which meet the criteria set for this research indicating a 

trend or statistically significant influence on the dependent variable.  These factors are 

subsequently explored through regression analyses that project future cost variances and 

cost growth, with the goal of identifying the combination that yields the most robust 

predictive model. A comparative assessment across the three dependent variables 

identifies ten variables that consistently emerge as significant in all three analyses. These 

variables are shown in Table 5.1 below. 

Table 5.1 

Significant Independent Variables for all Three Dependent Variables 

Category Independent Variable 

Iterative Description Agile-DevSecOps 

Iterative Description Progressive Prototyping 

Cloud Computing Alternatives Cloud Computing Alternatives 5 – Cloud is not 

applicable  

Federal Enterprise Architecture Business 

Reference Model (FEA BRM) 

070 - General Purpose Data and Statistics 

Federal Enterprise Architecture Business 

Reference Model (FEA BRM) 

012 - Intellectual Property Protection 

Mission Support Services Investment Category 01 - Non-Mission Support 

Mission Support Services Investment Category 02 - 07 Financial Management | 07 - Other | 03 - 

Human Resources 

Part of IT Portfolio Summary 01 - Mission Delivery 

Part of IT Portfolio Summary 02 - Administrative Services and Support Systems 

Planned Acquisition Planned Acquisitions 
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Result: Hypothesis confirmed. 

5.1.2 Hypothesis 2 Discussion 

H2: A binary logistic regression model will be developed to predict whether a 

software development project will experience a cost variance exceeding 10%, achieving 

an area under the receiver operating characteristic (AUC-ROC) curve of 0.8 or higher. 

Hypothesis 2 was tested against the 36 available independent variables using a 

binary logistic regression model.  Results in Tables 4.4-4.6 indicate the binary logistic 

regression model developed can accurately predict the likelihood of a software 

development project activity experiencing future cost variance ≥ |10%|. The logistic 

regression model achieved  AUC-ROC of 0.8818 which surpassed the 0.8 threshold 

specified in the hypothesis.  The results of the K-fold cross-validation with 10 folds was 

an average AUC-ROC of 0.8620 confirming the model reliability.   

The model uses seven independent variables that meet the significance level of p-

value < 0.1. Four variables have positive coefficients signaling increases in these 

predictors are associated with higher likelihoods of cost variance. Specifically, three are 

FEA BRM primary service areas: 012-Intellectual Property Protection (3.842), 043-

Global Trade (1.288), and 070-General Purpose Data and Statistics (1.39).  The fourth is 

Cloud Computing Alternatives 1-Using Cloud (1.191). Three variables exhibit negative 

coefficients: Number of Iterations (software releases) (-0.632), Cloud Computing 

Alternatives 5 (Cloud Is Not Applicable) (-1.603), and Non-Mission Support (-0.935).  

The variance inflation factors (VIF) for each independent variable in the model is 

below 5. This confirms multicollinearity is not a concern among predictors used in the 
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model and ensures that coefficient estimates remain stable and interpretable.  Results 

demonstrate the creation of a robust logistic regression model with meaningful predictors 

and reliable statistical validity.   

The model was also validated against real-world project activities by comparing its 

predictions to actual project outcomes in a confusion matrix. Key metrics showed  

accuracy of 81.2%, precision 82.6%, and recall 82.1%. These results indicate that the 

model is capable of effectively distinguishing between projects that exceed the 10% cost 

variance threshold and those that do not, supporting the validity of the Hypothesis 2. 

Result: Hypothesis confirmed. 

5.1.3 Hypothesis 3 Discussion 

H3: A binary logistic regression model will be developed to predict whether a 

software development project will experience a cost variance exceeding 30%, achieving 

an area under the receiver operating characteristic (AUC-ROC) curve of 0.8 or higher. 

A binary logistic regression model was created to test Hypothesis 3 against 36 

independent variables.  Results in Tables 4.7-4.9 indicate the binary logistic regression 

model produced in this research can accurately predict the likelihood of a software 

development project activity experiencing future cost variances greater than or equal to 

30%. The logistic regression model achieved an AUC-ROC of 0.8468 with a 10-fold 

cross-validation yielded an average AUC-ROC of 0.8323.  Both results exceed the 0.8 

threshold specified in the hypothesis.   

The model uses four independent variables, with the overall model achieving a p-

value of 0.000. FEA BRM primary service areas 012-Intellectual Property Protection 
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(3.283) and Cloud Computing Alternatives 1 – Using Cloud (2.118) have positive 

coefficients indicating a positive relationship with the dependent variable.  The other two 

variables used in the model, Number of Iterations (software releases) (-0.355) and Cost 

per Iteration (software releases) (-2.89), have negative coefficients. 

All independent variables have p-values < 0.1, indicating statistical significance at 

the 90% confidence level.  Additionally, the VIFs for all predictors are below 5, 

suggesting no concerning multicollinearity and ensuring stable and interpretable 

coefficient estimates.  

The model meets its main AUC-ROC target of 0.8 by achieving 0.8328, 

indicating strong discriminative performance. However, the resulting accuracy (77.9%), 

precision (69%), and recall (66.7%) reveal a moderate tradeoff between identifying true 

positive cases and avoiding false positives/negative predictions . The specificity (83.9%) 

demonstrates the model’s ability to predict those project activities that would not 

experience a cost variance ≥ |30%|. 

Result: Hypothesis confirmed.  

5.1.4 Hypothesis 4 Discussion 

H4: A multiple linear regression model will be developed to predict the magnitude 

of future cost growth in software development projects, achieving a coefficient of 

determination (R2) of 0.8 or higher. 

A multiple linear regression model was created to test Hypothesis 4 against 27 

independent variables available in the cost growth dataset.  Results in Tables 4.10-4.11 
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indicate the multiple linear regression model produced in this research did not satisfy the 

R2 threshold established in this hypothesis. 

Attempts to improve the model’s accuracy by removing significant outliers and 

software development project activities with high residuals were completed.  While the 

overall model accuracy improved slightly the results began to degrade as too many 

outcomes were removed.  The most effective model produced a R2 of 63.5% which fails 

to achieve the 0.8 target set for this hypothesis. 

The model uses four independent variables, with the overall model achieving a p-

value of 0.000. FEA BRM primary service areas 012-Intellectual Property Protection and 

Cloud Computing Alternatives 1 – Using Cloud has positive coefficients indicating a 

positive relationship with the dependent variable.  The other two variables used in the 

model, Number of Iterations (software releases) and Cost per Iteration (software 

releases), have negative coefficients. 

 

Result: Hypothesis not confirmed. 

5.2 Conclusions 

This praxis identified four research questions in Chapter 1 to address the problem 

statement: 

RQ1: What project parameters have the greatest predictive power for cost variance 

in software development projects? 
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RQ2: How accurately can a machine learning model predict if a software 

development project will experience a cost variance exceeding 10%? 

RQ3: How accurately can a machine learning model predict if a software 

development project will experience a cost variance exceeding 30%? 

RQ4: To what extent can a machine learning model estimate the magnitude of 

future cost growth in software development projects? 

• The significant project parameters, identified in Tables 4.1-4.3, contribute to 

software development project activities cost variances. 

• The proposed binary logistic regression model for predicting cost variances ≥ 

|10%| was the most effective, as demonstrated by the 10-fold cross-validated 

AUC-ROC of 0.8620. This was further validated against actual project outcomes 

using a confusion matrix that showed precision, recall, specificity, and accuracy 

all above 80%. 

• The proposed binary logistic regression model for predicting cost variances ≥ 

|30%| produced an effective model, as demonstrated by the 10-fold cross-

validated AUC-ROC of 0.8323, but when evaluated against actual project 

outcomes showed precision (69%) and recall (66.7%) that raise concerns about its 

effectiveness.   

• The proposed multiple linear regression model with the dependent variable cost 

growth (%) did not produce a model that met Hypothesis 4 target for R2 of 0.8. 

The available dataset for this analysis was 102 unique instances which could have 

impacted the outcome. 



79 

 

• Independent variable categories of software development type, cloud computing 

alternatives, and FEA BRM primary service area were significant drivers of the 

regression models 

• Software development type and iteration (release) metrics were significant drivers 

of cost variances.  Agile-DevSecOps was found to have the second highest 

correlation to cost variance among all variables.  Federal agencies are increasingly 

moving from Waterfall to Agile methodologies, yet Agile can be challenging in 

hierarchical, compliance-heavy environments that require substantial 

documentation and strict reporting (Thesing et al., 2021; Yadav et al., 2015). 

When the projects in this research were completed the DOC had not yet issued 

formal guidance on applying Agile within its acquisitions (DOC, 2024).  Decision 

makers should take care when selecting development approach aligns with the 

project’s objectives and resource capacities, rather than implementing a method 

incompatible with the existing organizational culture and processes. 

• Cloud Computing Alternatives findings suggest that projects using cloud 

solutions are more prone to higher cost variances. Cost estimates for cloud 

solutions might be understated due to a lack of understanding of cloud-related 

complexities. Cloud modernization projects are often intended to replace legacy 

systems and end up requiring additional funding to support those systems beyond 

their useful life (GAO, 2023). Alternatively, projects for which cloud solutions 

are deemed not applicable tend to experience lower cost variances indicating 

more reliable estimation and less complexity. 
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• FEA BRM primary service area provides insights into the types of projects that 

have historically resulted in cost variances.  The FEA BRM service area 012-

Intellectual Property Protection displayed a particularly strong relationship with 

cost variance. This variable also has a significant correlation of 0.855 with 

software development type Agile-DevSecOps.  As decision makers select the 

software development type, they should be mindful of what combinations of FEA 

BRM/software development types have produced high variances in the past. 

5.2.1 Lessons Learned 

Some key experiences learned analyzing results that should be incorporated into 

future analysis: 

• These Praxis results rely on data drawn from numerous reports generated 

across multiple government fiscal years. Inconsistencies in data reporting and 

frequent omissions complicated efforts to expand the dataset by aggregating 

multiple years of project activity. Implementing a standardized framework 

that accommodates changes in data fields across fiscal years, coupled with 

appropriate oversight to ensure completion of required data fields, is 

important for advancing research in this area. 

5.3 Contributions to Body of Knowledge 

This research contributes to the field of IT investment governance by developing 

predictive models that enhance decision making regarding cost variances in federal 

software development projects. By identifying key performance indicators significantly 

correlated with cost overruns, this study provides empirical evidence supporting the need 

for improved project planning and governance structures. The findings offer a data-driven 
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approach for policymakers and project managers to allocate resources more efficiently, 

mitigating financial risks in federal IT investments. 

5.4 Recommendations for Future Research 

Recommendations for future research includes investigating the applicability of the 

binary logistic regression models created in this research to other federal agencies 

software development projects. Validation of the models using a range of external 

agencies data is a natural next step to determine if the model is generalizable or limited to 

specific use cases. Another opportunity for future research is to extend this research 

through the use of machine learning techniques, such as random forests and neural 

networks, which could produce more accurate models.  
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Appendix A 

Table A-1 

Dataset 1 Anderson Darling Graph 
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Table A-2 

Natural Log Transformed Dataset 1 Anderson Darling Graph 
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