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Abstract of Praxis 

Integrating Immature Systems and Program Schedule Growth 

 

Typical defense acquisition programs take nearly eight years to go from 

program start to an initial operating capability.  Such long schedule durations risk 

having a future situation where operational forces are composed largely of aged or 

obsolete systems when not enough new operational systems are available for a mission.  

Defense acquisition program responses include integrating mature and immature new 

technologies into developing and in-service systems to offset future threats and needs.  

Mature technologies may be nearly ready for use; less mature technologies may 

mitigate anticipated threats or create new capabilities but may also take more time to 

develop and integrate into a system.  Defense acquisition programs can grow by over 25 

percent when integrating immature systems.  Integration effectiveness is indirectly 

measured by independent testing near the end of system development using 

operationally realistic scenarios.    

Current military operations use ensembles of discrete systems, which may 

include platforms, sensors, networks, ordnance, and support systems from different 

acquisition programs, and compose short-term systems to accomplish specific missions.  

Operationally realistic testing can assess the effectiveness of these ensembles prior to 

actual use.   

This research identifies and quantifies performance factors related to operational 

testing results from publicly available data.  Regression analysis of these and other 

factors is used to identify statistically significant predictors of system maturity and 
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schedule growth.  Analysis and validation testing of these models show that system 

maturity and schedule growth for complex systems and systems of systems can be 

predicted using combinations of resource, programmatic, system maturity, and 

integration issues identified by operational testing.  Nonparametric analysis of these 

predictors identifies significant factors related to program integration.  The research 

results provide program offices early indications based on relevant critical factors, 

allowing them to adjust acquisition program planning and execution, focus on critical 

areas, and minimize schedule growth.  

 

 



viii 
 

Table of Contents 
 
 
Dedication ......................................................................................................................... iv 

Acknowledgements ........................................................................................................... v 

Abstract of Praxis ............................................................................................................ vi 

Table of Contents ........................................................................................................... viii 

List of Figures ................................................................................................................... xi 

List of Tables ................................................................................................................... xii 

List of Symbols ............................................................................................................... xiv 

List of Acronyms ............................................................................................................ xvi 

Chapter 1—Introduction ..................................................................................................... 1 

1.1 Background ....................................................................................................... 1 

1.2 Research Motivation ......................................................................................... 2 

1.3 Problem Statement ............................................................................................ 3 

1.4 Thesis Statement ............................................................................................... 3 

1.5 Research Objectives .......................................................................................... 4 

1.6 Research Questions and Hypotheses ................................................................ 4 

1.7 Scope of Research ............................................................................................. 5 

1.8 Research Limitations ........................................................................................ 6 

1.9 Organization of Praxis ...................................................................................... 6 

Chapter 2—Literature Review ............................................................................................ 8 

2.1 Introduction ....................................................................................................... 8 

2.2 DoD Acquisition Processes............................................................................... 8 

2.3 System Maturity .............................................................................................. 12 



ix 
 

2.4 Schedule Growth ............................................................................................. 15 

2.5 System Integration .......................................................................................... 16 

2.6 Operational Testing ......................................................................................... 19 

2.7 Similar Prior Research .................................................................................... 20 

2.8 Summary and Conclusion ............................................................................... 24 

Chapter 3—Methodology ................................................................................................. 26 

3.1 Introduction ..................................................................................................... 26 

3.2 Data Sources, Extraction, Cleaning ................................................................ 26 

3.3 Selection of Research Variables ..................................................................... 28 

3.4 System Maturity Regression Methodologies .................................................. 37 

3.5 Schedule Regression Methodologies .............................................................. 39 

3.6 Analysis of Integration .................................................................................... 40 

Chapter 4—Results ........................................................................................................... 42 

4.1 Introduction ..................................................................................................... 42 

4.2 Significant Research Predictor Variable Summary ........................................ 42 

4.3 Technology (System) Maturity ....................................................................... 46 

4.4 Relative Schedule Change (RSC) ................................................................... 53 

4.5 Analysis of Integration of Immature Systems ................................................ 63 

4.6 Conclusions ..................................................................................................... 70 

Chapter 5—Discussion and Conclusions .......................................................................... 71 

5.1 Discussion ....................................................................................................... 71 

5.2 Conclusions ..................................................................................................... 71 

5.3 Contributions to Body of Knowledge ............................................................. 72 



x 
 

5.4 Recommendations for Future Research .......................................................... 73 

References ......................................................................................................................... 74 

Bibliography ......................................................................................................... 74 

Data Sources ......................................................................................................... 85 

Appendix A-1.  Data set additional information ............................................................... 89 

Appendix A-2.  System maturity additional information ................................................. 95 

Appendix A-3.  Relative Schedule Change additional information ................................. 97 

Appendix A-4.  Integration issues additional information ................................................ 99 

 



xi 
 

List of Figures 
 
 
Figure 1-1. Praxis organization. .......................................................................................... 7 

Figure 2-1. Literature Review. ............................................................................................ 8 

Figure 2-2. Defense Acquisition System process. ............................................................ 11 

Figure 3-1. Predictor model construct. ............................................................................. 28 

Figure 4-1. Dependent and tested predictor variables. ..................................................... 42 

Figure 4-2. Technology Maturity regression deviance residual plots. .............................. 48 

Figure 4-3. Residual plots for global dataset (151 observations). .................................... 55 

Figure 4-4. RSC global model prediction accuracy. ......................................................... 55 

Figure 4-5. Commodity Type RSC regression residual plots. .......................................... 57 

Figure 4-6. Breakout of observations by RSC and schedule duration. ............................. 59 

Figure 4-7. Quadrant RSC residual plots. ......................................................................... 62 

Figure 4-8. Variable clustering. ........................................................................................ 64 

Figure A-1-1. Additional tests of independence. .............................................................. 91 

Figure A-2-1. GAO Technology maturity (Tech_m) trained model summary. ............... 95 

Figure A-2-2.  TRLe threshold detection performance. ................................................... 96 

Figure A-3-1. Trained model performance summary ....................................................... 97 



xii 
 

List of Tables 
 
 
Table 2-1. Technology Readiness Levels 5-9. .................................................................. 13 

Table 3-1. Financial resource predictor variables ............................................................. 29 

Table 3-2. Programmatic binary predictor variables. ....................................................... 30 

Table 3-3.  Programmatic variable correlations. ............................................................... 31 

Table 3-4. Program EVENT Summary. ............................................................................ 32 

Table 3-5. Time and duration predictor variables ............................................................. 33 

Table 3-6. Other programmatic categorical variables. ...................................................... 34 

Table 3-7. Research variable summary – operational testing ........................................... 35 

Table 3-8.  Operational testing variable correlations. ....................................................... 36 

Table 4-1. Resource predictor variable significance. ........................................................ 43 

Table 4-2. Schedule predictor variable significance. ........................................................ 44 

Table 4-3. Programmatic predictor variable significance. ................................................ 45 

Table 4-4. Operational testing binary predictor variables. ............................................... 46 

Table 4-5. GAO technology maturity binary logistic regression results. ......................... 47 

Table 4-6. Binary logistic regression OT predictor population proportions. .................... 47 

Table 4-7. Binary logistic regression goodness of fit and association measures. ............. 49 

Table 4-8. Ordinal logistic regression predictor correlations. .......................................... 50 

Table 4-9. SPSS model Test of Parallel Lines results. ..................................................... 50 

Table 4-10. Ordinal logistic regression of technology maturity (TRLs) .......................... 51 

Table 4-11. Ordinal logistic regression fit and association measures. ........................ 51 

Table 4-12. Ordinal logistic regression TRL prediction results. ...................................... 52 

Table 4-13. TRL ordinal regression model system maturity imputations. ....................... 52 



xiii 
 

Table 4-14. Comparison of predictor variables for two global models. ........................... 54 

Table 4-15. MDAP Commodity Type by Component...................................................... 56 

Table 4-16. Summary RSC regression performance by commodity Type. ...................... 57 

Table 4-17. Model accuracy comparisons by commodity Type. ...................................... 58 

Table 4-18. Quadrant populations by commodity Type and Service. .............................. 60 

Table 4-19. Model performance by quadrant. .................................................................. 60 

Table 4-20. Significant factors by quadrant. ..................................................................... 61 

Table 4-21. Significant OT factors by quadrant. .............................................................. 62 

Table 4-22. Predictors by attribute group. ........................................................................ 65 

Table 4-23. Attribute RSC variance contribution by quadrant and Type. ........................ 66 

Table 4-24.  Change in OT issues between FT and IOTE. ............................................... 67 

Table 4-25. Test of Median RSC by OT issue. ................................................................. 68 

Table 4-26. Variance attribute factors when integrating immature systems. ................... 69 

Table 4-27. RSC regression summaries by system maturity. ........................................... 69 

Table A-1-1. Dataset variable dictionary. ......................................................................... 89 

Table A-1-2.  Calculated variables ................................................................................... 91 

Table A-1-3. Sample data set (3 sections). ....................................................................... 92 

Table A-3-1.  Commodity Type linear regression significant predictors. ........................ 98 

Table A-3-2. Test of complex system and SoS integration issues. ................................... 98 

Table A-4-1. Table of OT issues by EVENT. .................................................................. 99 



xiv 
 

List of Symbols 
 
 

α   Significance level, typically equal to 0.05 or 0.1 

act.B  Time (years) between MILESTONE B and actual IOC 

act.yrs  Time (years) between actual IOC and start date 

B.st  Time between MILESTONE B and start date 

C.B  Time between MILESTONE B and MILESTONE C 

C.ev  Time between MILESTONE C and EVENT 

C3I  Testing command, control, communications, intelligence issues 

CC.Sked  PM reported cost changes allocated to schedule, in GAO year 

COML Program uses commercially available system design/product 

complex_sys System is complex 

CONTROL Testing issues with system controllability  

CTES  GAO - number of critical technology elements 

Cycle.Mo  GAO or Program Office reported cycle time estimate (months) 

DEPEND  SYSTEM function Depends on non-Program-Office programs  

Design.m  GAO design maturity indicator 

Eng  PM reported Engineering activity cost changes, GAO year 

Eng.1  PM reported Engineering costs one year prior 

Eng.2  PM reported Engineering costs two years prior 

Fin_Uns  Indications that program is financially unstable  

INTEG  Testing system integration issues  

INTEROP  Testing issues with system interoperability  

Joint  Joint program indicator  



xv 
 

MS B  Program MILESTONE B 

MS C  Program MILESTONE C 

NM  Nunn-McCurdy Breach occurred  

OPER  Testing operator usability issues 

Pd   Probability of detection 

Pfa   Probability of false alarm 

PM.oth  Other Program management issues (political, sponsorship)   

Prod_m  GAO production maturity indicator   

PROP.PW.EN Testing propulsion power or energy issues 

Prototype  Program uses operational prototypes  

Req_Uns  Indications that program requirements are unstable  

Restr  Program is restructured   

RMA  Testing system reliability, maintainability, availability issues 

RSC  Relative schedule change 

R-sq(adj)  Adjusted R-squared 

SEN.W  Testing system payloads issues 

SoS_part  System is required to operate as part of a system-of-systems  

STRUCT  Testing physical structural issues  

SW  Testing system software issues 

SWAP  Testing size, weight, or power issues 

Tech_m  GAO assessment of technology maturity indicator    

TRLe  Estimated program technology readiness level  



xvi 
 

List of Acronyms 

 

AIC  Akaike Information Criterion 

CI  Confidence Interval 

DAG  Defense Acquisition Guidebook 

DAMIR Defense Acquisition Management Information Retrieval system 

DoD  United States Department of Defense 

DOTE  Director, Operational Test and Evaluation (commonly DOT&E) 

EMD  Engineering and Manufacturing Development 

GAO  Government Accountability Office 

GPS  Global Positioning System 

IDA  Institute for Defense Analysis  

INCOSE International Council on Systems Engineering 

IOC  Initial Operating Capability or Initial Operational Capability (equivalent) 

JCIDS  Joint Capabilities Integration and Development System 

LRIP  Low Rate Initial Production 

MDAP  Major Defense Acquisition Program 

NASA  National Aeronautics and Space Administration 

OT  Operational Testing 



xvii 
 

PM  Program Manager 

SAR  Selected Acquisition Report 

SEBOK System Engineering Book of Knowledge 

SoS  System-of-Systems 

TRA  Technology Readiness Assessment 

TRL  Technology Readiness Level 

 U.S.  United States 

VIF  Variance Inflation Factor 



1 
 

Chapter 1—Introduction 

1.1 Background 

The defense acquisition community focuses on improving business processes 

– reducing the cost and time to deliver a system to the Department of Defense (DoD) 

operators (Kendall, 2016).  Program offices are expected to deliver systems meeting 

explicit performance criteria; program cost and schedule performance affect what is 

delivered for operational use. 

Schedules are plans and completion dates are outcomes.  Program schedules 

contain additional time, called float (Thomas et al., 2014), to account for planning 

uncertainties. Actual completion dates can be earlier or later than scheduled; schedule 

growth occurs only after schedule float is exhausted and actual completion occurs later 

than the scheduled completion date. 

Some factors affecting schedule growth are not controlled by the program 

office, such as objective requirements and financial resource stability; others may be 

found during system development and integration as systems are tested in 

increasingly realistic scenarios.  Program offices adjust plans and schedules to 

accommodate these fact-of-life changes with mitigation strategies such as increasing 

program concurrency, using proven or in-service technologies, and negotiating for 

additional resources, modified requirements, or additional time in the schedule.   

As the DoD expands its operational use of systems of systems, system 

development and integration become more complex.  Traditional schedule 

management strategies may treat the symptoms of schedule growth, but may fail to 

address causes related to increasing system complexity and dependence upon 
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systems not under program office control.  This research builds upon prior efforts to 

identify and quantify factors affecting schedule growth by including operational 

testing outcome factors and identifies relationships related to system development 

and integration resulting in program schedule growth.    

1.2 Research Motivation 

DoD acquisition programs develop two broad products: systems that deliver 

operational capabilities and the supporting infrastructure necessary to sustain those 

capabilities.  An acquisition program integrating new capabilities into existing systems 

may find that the system and support infrastructure are affected by new external 

dependencies.  As an example, the DoD developed new operational capabilities by 

integrating Global Positioning System (GPS) into existing systems; a few years later, 

the DoD had to find ways to restore precision navigation and timing to these same 

systems when GPS could be denied by adversaries (Fisher & Raquet, 2011). 

An unclassified summary of the National Defense Strategy briefly discusses a 

changing acquisition strategy, emphasizing speed of delivery, modular upgrades, and 

continuous adaptation to rapidly changing technology and capable, innovative 

adversaries (Mattis, 2018) (italics added).  This emphasis on speed, modularity and 

adaptability suggests a future where programs must be able to develop, integrate, test 

and deliver new capabilities and technologies into existing or developing systems faster 

than an adversary can respond, and that this responsiveness will be critical to 

operational mission success.  Defense acquisition programs are adjusting to this 

direction; this research will help them identify and mitigate issues related to integrating, 

testing and delivering new capabilities to the operating forces. 
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1.3 Problem Statement 

Defense acquisition program schedules can grow by over twenty-five percent 

when integrating immature systems. 

Katz, Mazzuchi, Sarkani and Conrow found the mean relative schedule change 

for the interval between Milestones B and C was 0.47 for a small program sample 

(Katz, Sarkani, Mazzuchi, & Conrow, 2015).  The Government Accountability Office 

reported in 2013 an average schedule delay of 27 months, or 37 percent, for delivering 

an initial capability (Dodaro, 2013).  System integration occurs between the approval 

for Engineering and Manufacturing Development (Milestone B) and approval for 

Production and Deployment (Milestone C) (Kendall, Gilmore, & Halvorsen, 2015).  In 

those intervening years, new adversary systems may be introduced reducing current 

system effectiveness (Alic, 2013), and current systems age and wear, requiring 

maintenance, sustainment, repair and replacement of these systems.  This is long 

enough for rapidly changing technologies such as software or electronics to cease 

production or become obsolete (Roser & Ritchie, 2018), creating additional costs and 

work for programs using these technologies (Kendall et al., 2015). 

1.4 Thesis Statement 

Schedule growth can be predicted using system maturity and integration issues 

identified during system development, providing the program manager preliminary 

indications of sources of schedule growth.    

Cycle time is the duration between program start and Initial Operational 

Capability (IOC) (Tate, 2016).  System maturity is a state when a system satisfies design 

requirements (Tetlay & John, 2009).  Integration is the assembly and functional 
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verification of a system (SEBOK, 2011a).  DoD acquisition program schedule 

uncertainty is greatest during development.  Program schedules at program start reflect 

what a program office believes is needed to deliver a product by a defined future time.  

As program schedule growth occurs a day at a time, paraphrasing Brooks (Brooks, 1995), 

early action upon reliable predictors may help program offices curb schedule growth. 

1.5 Research Objectives 

1. Create a data base including resource, programmatic and operational testing 

variables from publicly released sources for Major Defense Acquisition 

Programs (MDAPs).  

2. Develop a system maturity model that includes programmatic, technology 

maturity and integration issues found during operational testing and estimates 

schedule growth. 

3. Develop a system schedule model using historical program schedule growth 

and programmatic, technology maturity and integration data from the above 

data base and model. 

4. Determine sensitivity of program schedule growth to system integration issues 

and system maturity at time of testing. 

1.6 Research Questions and Hypotheses 

Research Question 1: What types of integration issues have been found during 

testing using operational scenarios? 

Research Question 2: What integration issues are common between development 

prototypes and initial production systems? 
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Research Question 3: Is there a relationship between integration issues and 

schedule growth? 

Research Question 4: Do systems with similar integration issues have similar 

schedule growth? 

Research Question 5: What current techniques are used for integrating immature 

systems? 

Research Question 6: What are the biggest factors leading to schedule growth 

when integrating immature systems? 

Research Hypothesis 1: System maturity is correlated to issues found during 

development and operational testing. 

Research Hypothesis 2: System maturity and integration issues found during 

development and operational testing are predictors for program schedule growth.  

1.7 Scope of Research 

This research uses quantitative methods to identify significant maturity and 

schedule growth factors and relationships for Major Defense Acquisition Programs 

(MDAPs) between 2007 through 2017.  MDAPs are weapon system programs with 

research and development expenditures greater than $300 million or procurement 

expenditures greater than $1.80 billion indexed to fiscal year 1990 constant dollars 

(MDAP, 2007).  The research data is derived from annual reports to Congress issued by 

the Government Accountability Office (GAO), the Director, Operational Test and 

Evaluation (DOTE), and the Department of Defense (DoD).  All reports used in this 

research are publicly released and available online.  
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1.8 Research Limitations 

This research is limited to MDAPs with reports issued by both the GAO and 

DOTE in the same year from 2007 through 2017.  Research findings may not be valid for 

programs not in these reports, such as highly classified programs, defense business 

systems and smaller expenditure acquisition programs.   

Within the research epoch (2007-2017), the Department of Defense conducted 

military operations ranging from training to combat, re-organized, expanded and 

contracted in size, and revised acquisition processes and requirements.  Social, political 

and economic environments that may have effected MDAPs are not characterized in this 

research.  There was no effort or intent to quantify or critique program decisions 

observable within this data.  The recent acquisition reorganization dividing research and 

engineering from acquisition (Mehta, 2017) is outside the research epoch and is not 

captured in the research.   

The research did not use any non-publicly released documents such as 

requirements documentation from the Joint Capabilities Integration and Development 

System (JCIDS) process (Goldfein, 2015).  Publicly released annual budget materials and 

submissions (Norquist, 2018) were also not used for building the dataset. 

Existing commercial (Minitab, Excel, Matlab, SIMCA, and SPSS) and open 

source software tools (R programming language and libraries) were used to create 

quantitative results, graphical and tabular displays from the research dataset.  No new 

algorithms or code libraries were developed by or used in this research.  

1.9 Organization of Praxis 
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This praxis introduces the problem of program schedule growth, provides a 

literature review of key concepts and issues, introduces the data, methodology, and 

results, and provides conclusions. It is organized as shown in Figure 1-1.  

. 

Figure 1-1. Praxis organization. 

Chapter 1 provides research background and motivation.  Chapter 2 summarizes 

relevant literature including a brief overview of the Defense acquisition processes, 

technology and system maturity, operational testing, and prior research on maturity and 

schedule growth, and systems integration.  Chapter 3 summarizes the methodology, and 

results are presented in Chapter 4.  Chapter 5 provides summary findings, conclusions 

and recommendations for future directions.  Appendices with additional details are 

provided at the end of the Praxis.   
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Chapter 2—Literature Review 

2.1 Introduction 

There are three interrelated processes within the DoD acquisition process – 

requirements, resources and acquisition, each with separate but related responsible 

entities, policies and equities (Kendall et al., 2015).  Requirements generally precede 

acquisition and resources.  Resources are allocated so that acquisition programs are 

executable.  During system development, acquisition programs manage technology 

development maturation, system integration, production and testing.  Operational testing 

is an important part of the development process that independently assesses system 

progress, and requires realistic operating conditions to ensure systems will perform as 

expected in combat.  Commercial systems and software development examples are 

provided to highlight maturation and integration issues.  The chapter is summarized in 

Figure 2-1. 

 

Figure 2-1. Literature Review. 

2.2 DoD Acquisition Processes 

2.2.1. DoD Requirements Generation 

Acquisition programs start with a statement of need in terms of capabilities and 

requirements – the why and intended purpose of the effort (Kendall et al., 2015).  Within 
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the DoD, the Joint Chiefs of Staff and the military departments (Components or Services) 

develop, prioritize and issue capability requirements (Goldfein, 2015), but need civilian 

acquisition executive approval to start an acquisition program (Kendall et al., 2015).  

Broad capabilities are analyzed and developed into requirements establishing 

programmatic foundations and objectives.  Some researchers have explored requirements 

change and volatility, with the general consensus being that requirements change is 

healthy, but requirements volatility adds to program scope (Grenn, Sarkani, & Mazzuchi, 

2014).  Others considered the underlying political and social dynamics that result in 

conflicting requirements (Alic, 2013), and specifically requirements-setting processes 

that can result in multiple entities (stakeholders) each establishing their own requirements 

for a program (Pennock, 2015).  

Fernandes, Henriques, Silva and Moss found in a study of a commercial engine 

producer that about 80 percent of requirement changes were driven by capture and 

traceability issues, and about 15 percent were due to customer requested changes 

(Fernandes, Henriques, Silva, & Moss, 2015).  Examples of requirements capture errors 

include missing a requirement (specific cruise speed) or faithfully capturing a source 

document error.  Traceability is linking requirements to source programmatic, technical 

or operational documentation.  Early changes were mostly related to requirements capture 

and traceability, and later changes were driven by customer objective changes (Fernandes 

et al., 2015).  Stuckey, Mazzuchi and Sarkani identified system requirements attributes 

such as design independence and achievability, and showed how additional requirements 

are generated as systems become increasingly complex and functionally dependent on 
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constituent (component) systems to deliver capability (Stuckey, Sarkani, & Mazzuchi, 

2017).  

2.2.2. DoD Resource Allocation Process 

 The DoD allocates financial resources using the Planning, Programming and 

Budgeting Process (Carter, 2017).  All budget documentation derives from long-range 

plans (such as the Defense Planning Guidance and National Military Strategy), and must 

be appropriated and authorized prior to being available for obligation in any fiscal year.  

Budgets are developed between resource sponsors and program offices, and are submitted 

as part of the President’s Budget Estimate Submission to Congress on an annual basis.  

Financial Management Regulations (Norquist, 2017) detail budget formulation, 

presentation, and execution processes and requirements.   

There is a general theme in the literature that resource stability is important to 

controlling schedule growth.  The DoD resource allocation process is calendar driven, 

while DoD acquisition programs are event driven.  Some causes of resource instability 

are caused by this process difference, such as Continuing Resolutions, where Congress 

extends  existing appropriations at current levels in lieu of passing a new budget (Morig, 

2013).  Other causes of resource instability include senior leadership priority changes and 

changing operational and technical requirements within the DoD.  Some resource 

instability is driven by law.  For example, programs must have sufficient authorized and 

appropriated funds available for any planned obligation or expenditure (Anti-Deficiency 

Act, 1982), and lack of sufficient funds will slow or stop work and event execution.   
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2.2.3. DoD System Acquisition Process 

The DoD acquisition process (also called the Defense Acquisition System) is a 

life-cycle process starting with need identification and ending with system disposal 

(Kendall et al., 2015).  Figure 2-2 depicts the current process. 

 

Figure 2-2. Defense Acquisition System process. 

  Derived from (Kendall et al., 2015).  Used with permission. 

The research phase of interest is from Milestone B through Engineering 

Manufacturing and Development until Initial Operational Capability (IOC).  Each phase 

or stage is marked by a decision gate (Milestones, marked as A, B, C in Figure 2-2), with 

specific programmatic and reporting requirements within each phase (Kendall et al., 

2015).  

Acquisition programs use engineered system processes to deliver hardware and 

software products (SEBOK, 2011b).  Programs reside within program offices, and 

program managers are accountable to an acquisition executive for program execution and 

performance.  Acquisition executives are responsible for approving programs passing 

each program milestone, and for Major Defense Acquisition Programs are senior 

department-level civilian executives (Kendall et al., 2015).  An acquisition program 
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baseline is established prior to program start; it is essentially an agreement between a 

program and the responsible acquisition executive on program cost, schedule and 

performance objectives (Kendall et al., 2015).  The acquisition process responds to 

approved requirements and resources, and operates within an intricate system of financial 

and acquisition regulations. As an example, statutory breaches of program baselines, 

called Nunn-McCurdy breaches, (Nunn-McCurdy Act, 2009) occur when program unit 

costs (the calculated cost of a single system unit, such as an aircraft) exceed either the 

original or current baseline.  A program with a Nunn-McCurdy breach receives additional 

Congressional oversight and is restructured or cancelled (Kendall et al., 2015).  Current 

policy allows acquisition executives to modify standard acquisition processes in order to 

deliver urgently needed products (Kendall et al., 2015).   

Most DoD acquisition process research focuses on improving business processes.  

The following sections focus on research related to system maturity, schedule growth, 

integration and operational testing. 

2.3 System Maturity  

System maturity is not cleanly defined.  The general consensus is that system 

maturity is related to how well a system satisfies design requirements.  Three related 

concepts in the literature are technology maturity, product maturity, and product quality.  

Sauser and Ramirez-Marquez describe system maturity in terms of System Readiness 

Levels (Ramirez-Marquez & Sauser, 2009).  Tetlay and John describe system maturity in 

terms of  requirements validation and differentiate system maturity from readiness 

(suitability for use within a specific context) (Tetlay & John, 2009).  Gove and Uzdzinski 

state that functional requirements validation is a major part of system maturity (Gove & 
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Uzdzinski, 2013).  The Government Accountability Office (GAO) does not define system 

maturity but assesses technology maturity, design maturity, and production maturity 

during system development (Dodaro, 2007).  

Technology maturity relates to how well a particular technology is understood.  

Technology Readiness Levels (TRLs) are used by the DoD to indicate where either a 

technology or system lies within a qualitative nine level ordinal scale (Mankins, 2009).  

The five TRLs relevant to this research are in Table 2-1.   

Table 2-1. Technology Readiness Levels 5-9. 

        From (ASD(R&E), 2011). Used with permission.  

 

Technology Readiness Levels do not by themselves characterize risk or difficulty 

of progressing between levels (Conrow, 2011), and do not describe integration readiness 

TRL Definition Description

5

Component and/or 
breadboard validation in 
relevant environment.

Fidelity of breadboard technology increases significantly.  The basic 
technological components are integrated with reasonably realistic 
supporting elements so it can be tested in a simulated environment.  
Examples include “high fidelity” laboratory integration of components.

6

System/subsystem model 
or prototype 
demonstration in a 
relevant environment.

Representative model or prototype system, which is well beyond that of 
TRL 5, is tested in a relevant environment.  Represents a major step up 
in a technology’s demonstrated readiness.  Examples include testing a 
prototype in a high-fidelity laboratory environment or in simulated 
operational environment.

7

System prototype 
demonstration in an 
operational environment.

Prototype near, or at, planned operational system.  Represents a major 
step up from TRL 6, requiring demonstration of an actual system 
prototype in an operational environment such as an aircraft, vehicle, or 
space.  Examples include testing the prototype in a test bed aircraft.

8

Actual system completed 
and qualified through test 
and demonstration.

Technology has been proven to work in its final form and under 
expected conditions.  In almost all cases, this TRL represents the end of 
true system development.  Examples include developmental test and 
evaluation of the system in its intended weapon system to determine if 
it meets design specifications.

9

Actual system proven 
through successful 
mission operations.

Actual application of the technology in its final form and under mission 
conditions, such as those encountered in operational test and 
evaluation.  Examples include using the system under operational 
mission conditions.
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or risk (Ramirez-Marquez & Sauser, 2009).  Schilling describes technology performance 

improvement as a function of effort, with performance improving with effort as a 

technology is better understood, and performance gain reducing for the same effort as 

inherent limitations are approached (Schilling, 2017).  From Table 2-1, a technology may 

be mature when demonstrated within a system in a relevant (TRL 6) or operational (TRL 

7) environment, but a system is mature when tested in its production version under 

operational conditions (TRL 8) or when used in an actual mission (TRL 9).  Katz, 

Mazzuchi, Sarkani, and Conrow showed that GAO technology maturity occurs for a 

system when the TRLs of all critical technologies were greater than or equal to 7 (Katz et 

al., 2015).  Technology Readiness Assessments (TRAs) are used by the DoD to assess 

system technology maturity, and to satisfy statutory requirements to evaluate system 

technical readiness prior to starting system development (WSARA, 2009).  Bailey, 

Mazzuchi, Sarkani and Rico noted that the TRA process is qualitative and subjective 

(Bailey, Mazzuchi, Sarkani, & Rico, 2014), and Azizian et al. found the underlying 

system engineering activities, not the TRA itself, were statistically significant predictors 

of quality and program performance (Azizian, Mazzuchi, Sarkani, & Rico, 2011).  

Product maturity reflects a product’s market position.  Day describes product 

maturity in terms of customer understanding (learning),  market share (potential) and 

competition (turbulence) (Day, 1981).  Mature products respond more to customer and  

competitive demands (orientations) than to innovation (Wang, Wang, & Zhao, 2015).  

Nolte states that technology maturity is related to how well something is understood, 

while product maturity includes concepts of product obsolescence and competitive 

market share (Nolte, 2008).  In contrast, DoD programs may select less mature 
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technologies to hedge system performance against future threats or to create new 

capabilities,  but use more mature technologies to reduce the likelihood of schedule 

growth (Katz et al., 2015). 

Product quality is a measure of how well a product meets customer requirements 

(Kandt, Pickshaus, Fleischer, & Schmitt, 2016).  Azizian, Mazzuchi and Sarkani 

identified the relationship between system (product) quality as measured by existing 

international standards and technology maturity, and found that system development and 

operational tests, system prototyping, and actual system demonstrations were statistically 

significant predictors of product quality (Azizian et al., 2011).   

  Ramirez-Marquez & Sauser note that the DoD focuses on technology maturity not 

system maturity  (Ramirez-Marquez & Sauser, 2009).  This means the DoD focuses on 

how well a technology is understood (technology maturity) instead of validating if a 

system performs as intended (system maturity).  In the DoD, this validation is done by 

testing systems in scenarios and environments with operationally realistic conditions, 

which is the essence of operational test and evaluation.   

2.4 Schedule Growth 

Kendall said “Especially for major weapons systems acquisitions … uncertainties 

imply cost, schedule, and performance risks relative to early estimates….their realization 

may result in cost and schedule growth….” (Kendall, 2013).  Schedule growth has been 

attributed to several factors, such as funding and requirements stability, schedule 

concurrency, and technology maturity.  The Institute for Defense Analysis (IDA) 

analyzed causes of schedule growth; significant factors include Nunn-McCurdy breaches, 

programmatic issues such as loss of funding, and manufacturing, software or integration 
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problems (Thomas, 2017).  Other researchers identified issues such as technical maturity, 

system complexity, program acquisition strategies, and programmatic issues such as 

competition and contract types as affecting schedule growth (Monaco & White III, 2005).  

Pennock found that acquisition programs are incentivized to add immature capabilities to 

a system to meet more demanding requirements, resulting in schedule growth until the 

delay costs outweigh capability benefits (Pennock, 2015).  Tate argues that if a system is 

“too complex” or its technology immature, the schedule will be longer than a natural 

minimum (Tate, 2016). 

2.5 System Integration 

Madni and Sievers noted that systems integration: “… remains largely an ad hoc 

process that primarily revolves around the needs of the stakeholders, technologies 

involved, and legacy constraints….” (Madni & Sievers, 2014).  Systems are products, 

developed and deployed by DoD acquisition programs to fulfil formal requirements.  

Systems integration is the process of taking components and subsystems and making 

them collectively perform a specific function or achieve a system objective.  Integration 

within DoD acquisition programs typically occurs between two milestones – Milestone B 

(MS B), Engineering and Manufacturing Development (EMD), and Milestone C (MS C), 

Production and Deployment (Kendall et al., 2015).   

The DoD has six basic acquisition program structure models based on the product 

type and urgency of need (Kendall et al., 2015).  Integration generally follows 

development, but programs may use concurrent or incremental integration and testing 

strategies to attempt to shorten program schedule (Whaley & Stewart, 2014).  DoD 

integration is typically a bottoms-up process (DAG, 2017a), preceding from components 
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through subsystems to systems in a build-test-fix-build-test sequence.  Programs may 

include model-based integration processes and incremental testing (build-test-build) at 

various stages in a program plan.  As with all integration processes, concerns include 

sequencing (order of work), testing (verification and validation), configuration, interface 

and information exchange management, and process requirements such as meeting due 

dates (SEBOK, 2011a).  The DoD uses specialized equipment as part of their integration 

processes to conduct stand-alone and in-the-loop testing.  Larger component and system-

level testing may be done in specialized facilities such as environmental or anechoic 

chambers.  These larger facilities are not unique to the DoD and often substitute for 

operational testing during systems integration.  As an example, NASA requires 

completion of launch and space environmental testing for CubeSats prior to acceptance 

for launch (Mitskevich, 2014).  

Houser describes typical DoD integration problems which include unrealistic 

integration processes (“Big Bang” integration, which happens all at once), late integration 

start (due to late components), reducing scheduled test and integration durations to meet 

schedule requirements, testing and integrating a system at the same time, and not 

understanding the system’s intended purpose (Houser, 2011).  Software integration is an 

increasingly important aspect of systems integration (Tate, 2016).  Alexander identifies 

system interdependencies, independent management, technical risk, non-technical risk 

and system-of-systems complexity as software integration challenges (Alexander, 2018).  

Zafar provides a taxonomy of software integration failures (Zafar et al., 2018). 
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2.5.1. Systems of Systems Integration 

The DoD uses ensembles of systems from multiple programs to conduct military 

operations, and defines four types of Systems of Systems (SoS) – virtual, collaborative, 

acknowledged and directed (Baldwin, 2008).  These SoS include delivery platforms, 

sensors, data links, networks, navigation, ordnance, planning tools and logistic support 

systems, not all of which are under the control of or responsive to an acquisition program. 

Advocates often claim SoS performance is better than the un-integrated constituent 

systems alone, which if true can result in finding that fewer systems are needed to meet 

requirements (Lombardi & Rudd, 2013).  Collins identifies Objective, Governance and 

Interrelationships to distinguish SoS types, where Objective is the intent (requirement) of 

the SoS, Governance is the program manager’s authority over the dependent systems and 

their integration within the complex system, and Interrelationships represents the 

interdependencies of the various systems (Collins, 2018).   

These additional interdependencies mean that SoS have additional integration and 

interoperability testing needs.  Researchers have identified  challenges such as definitions 

of and adherence to functional and physical boundaries (interfaces) (Jovel & Jain, 2009), 

and program management issues such as certification and accreditation (Madni & 

Sievers, 2014).  Some researchers have developed descriptive taxonomies and 

architectural frameworks for SoS integration using surveys and expert judgment to 

identify key attributes (Eder, Mazzuchi, & Sarkani, 2017), and architectural integration 

methodologies based on modeling and simulation to identify and manage interoperability 

issues during SoS integration (Garrett, Anderson, Baron, & Moreland, 2011).  Finally, 

while some researchers have proposed “integration readiness levels,”  abstracting 
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integration status to events within systems development (Sauser, Long, Forbes, & 

McGrory, 2009), others asserted that given SoS complexities, proof of integration may 

only be possible during use (Madni & Sievers, 2014).  

2.6 Operational Testing 

An operational test is “…the field test, under realistic combat conditions, of any 

item of (or key component of) weapons, equipment, or munitions for use in combat by 

typical military users….” (DOT&E, 1982).  DoD acquisition program performance is 

indirectly measured by DOTE when systems are independently tested and evaluated for 

effectiveness – how well a system performs its mission with representative operators 

under realistic operating conditions (including threats), and suitability – how well it may 

be operated and supported under these conditions (DAG, 2017b).   

There is general acceptance of a relationship between technology maturity and 

operational testing effectiveness and suitability measures.  Proof of technology maturity 

(how well a technology is understood) is similar to development testing (DT).  Within the 

DoD, development testing (DT) is used to measure program progress and compliance 

with technical requirements (contract specifications) (Kendall et al., 2015).  Operational 

testing (OT) is used to test system effectiveness and suitability under realistic conditions 

(Sullivan, 2015).   

Operational testing provides understanding system combat performance without 

being in combat.  By testing within a system-of-systems (SoS) in a realistic operating 

environment (combat conditions), OT exposes SoS attributes which may not otherwise be 

observed, such as resilience (performance impact of adversary attack) and resonance 

(interdependence) (Rohret, Kraft, & Vella, 2013).  Live, virtual and constructive 
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simulations are being used in both DT and OT (Hodson & Hill, 2014).  Examples of such 

simulations include hardware in the loop simulation testing of systems in a land-based 

facility and using synthetic supporting and opposing forces during testing. 

2.7 Similar Prior Research  

Within the DoD, program schedule modeling and prediction is a standard program 

management practice.  Program offices use internal program information such as project 

plans embedded in work breakdown structures and cost reports to develop cost and 

schedule models and estimates.  Commercially available software packages such as 

Palisade Corporation’s @RISK, and Oracle’s Crystal Ball (Thomas et al., 2014) are used 

to predict schedule duration and growth based on estimates of task duration, duration 

uncertainty, duration distributions, and task sequencing (precedence).  Earned value 

management methods are used to estimate schedule growth using the budgeted cost of 

work scheduled, budgeted cost of work performed and actual cost of work performed 

(Wei, Bao, Yao, & Wang, 2016).  These tools are generally uninformed by testing and 

integration issues unless otherwise included as either budgeted tasks or float (Thomas et 

al., 2014).  

External program information provides a different view of maturity and schedule 

growth.  Prior research efforts emphasized factors and determining predictive 

relationships; for example, Piesen and Schultz developed empirical estimating 

relationships of technology maturity as measured by TRL to reported durations for 

moving between TRLs (Peisen & Schulz, 1999).  Drezner and Smith found that funding 

adequacy, external events, external guidance, and technical difficulty were major factors 

affected schedule growth (Drezner & Smith, 1990).   



21 
 

Regression models have been used for both technology maturity and schedule 

growth estimation.  El-Khoury and Kenley developed a TRL model taxonomy and 

exponential regressions relating cost and schedule to TRLs (El-Khoury & Kenley, 2014).  

Tun developed regression models to predict cost and schedule performance for DoD 

systems based on quantitative program cost and schedule data, with significant factors 

including research and development (RDT&E) costs, concurrency, and development and 

Initial Operational Test and Evaluation (IOT&E) planned schedules (Tun, 2015).  

Jimenez, White, Brown, Ritschel, Lucas, and Seibel also used a multiple regression 

model to estimate program cycle times from a similar set of predictive variables (Jimenez 

et al., 2016).  Peters, Doskey and Moreland used regression analysis to establish 

confidence intervals for technology maturity assessments at a preliminary design review 

(Peters, Doskey, & Moreland, 2017).   

This research effort differs from the prior referenced research using regression 

analysis to predict schedule growth by creating and including categorical variables 

descriptive of common operational testing outcomes.  It uses data from publicly released 

reports to Congress.  Annual Selected Acquisition Reports (SARs) are commonly used as 

primary data sources, but publicly released SARs may be redacted.  Using publicly 

released reports to Congress allows research to be based on what has been told to 

decision-makers.  This also results in consistent data preparation and vetting.  Finally, by 

using publicly released documents, other researchers may follow the same process and 

conduct independent testing and analysis on the same or similar data. 

2.7.1. Technology Maturity Predictors 

Several predictor variables used by Monaco and White, such as system mission, 
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prototyping, program funding, technology maturity (Monaco & White III, 2005), and 

Drezner and Smith’s programmatic structural and external factors (Drezner & Smith, 

1990), are broadly within the GAO Annual Assessments and usable for research.  

Additional information, such as budget values and procurement quantity changes more 

than ten percent year to year indicated funding and requirements instability is also within 

the research data sources.  Some studies used information such as Low Rate Initial 

Production (LRIP) quantities and contract type to develop useful predictor variables 

(Monaco & White III, 2005); while available within SARs and annual budget 

documentation, such information is not within the sources used for this research, and was 

not used.   

Research by Azizian, Mazzuchi, Sarkani, and Rico identified critical 

technologies, analyses of alternatives, operational tests, certification and accreditation, 

and system engineering plans (all processes supporting technology readiness 

assessments) as important predictors affecting technology maturity and program 

performance (Azizian et al., 2011).  Of these, critical technologies and operational testing 

are within the research data sources.  Copeland, Holzer, Eveleigh and Sarkani discovered 

programs using prototypes prior to starting development were almost 2 years quicker to 

deployment than programs that did not use such prototypes (Copeland, Holzer, Eveleigh, 

& Sarkani, 2015).  Programs using system prototypes achieve more technology readiness 

level events prior to starting development, resulting in a more mature system at the start 

of development.  Pre-development use of prototypes is generally outside the research data 

sources and not included.  Katz, Mazzuchi, Sarkani, and Conrow studied the relationship 

of technology maturity to cost and schedule change. While not the sole cause of schedule 
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growth, higher maturity is likely to result in lower program schedule growth.  They 

showed that technology maturity at start of development is significant (at the 99% level) 

of being able to maintain schedule growth to within 10% of planned schedule at 

development start (Katz et al., 2015).  This indicator is available in the data sources for 

MDAPs with Milestone B after 2008 (WSARA, 2009).  

2.7.2. Program Schedule Predictors 

An often-unappreciated factor affecting schedule performance is worker 

competence.  The government’s Joint Cost Schedule Risk and Uncertainty Handbook 

identified individual task technical difficulty, worker skill (qualifications) and adequate 

resources as schedule growth factors (Thomas et al., 2014).  A literature review by 

Riposo, McKernan, and Duran found three broad causes of schedule growth: technical 

risk management difficulty, unrealistic initial assumptions and unstable funding (Riposo, 

McKernan, & Duran, 2014).   

Tate analyzed defense acquisition program durations from start to deployment 

(“cycle times”) for the past 30 years and showed that the median cycle time was “roughly 

eight years” and relatively constant over the examined programs, but that higher cost 

program cycle times were increasing (Tate, 2016).  He found that schedule growth may 

be affected by optimistic initial schedule estimates and increasing program complexity, 

and used a software cost model to estimate system complexity and a lower bound on 

schedule length (Tate, 2016).  Bearden identified programmatic (unusual development or 

production requirements), technical (design uncertainties, use of immature technology, 

technical complexity), resources (budget and schedules), test and integration issues, and 

unforeseen events as factors affecting cost and schedule growth relating space systems 
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technology maturity, complexity and schedule (Bearden, 1999).  Bearden and others at 

Aerospace Corporation are relating cycle times to an a priori estimate of complexity (a 

“complexity index”) for space systems (Tate, 2016).  

2.7.3 Operational Testing 

 A number of researchers explored methods to improve operational testing 

performance; for example, using model-based system engineering and Monte Carlo 

simulations to improve test planning and performance (Bjorkman, Sarkani, & Mazzuchi, 

2013), managing and improving stakeholder relationships (Watts, 2015), and statistical 

test designs to improve system performance characterization (Pechkis, Pacheco, & 

Botting, 2016). 

Eder, Mazzuchi and Sarkani performed a multi-year quantitative analysis using 

DOT&E reports to identify space system integration issues for six specific systems (Eder 

et al., 2017).  The research provides a framework for assessing and planning SoS 

integration.  For this research, the framework developed by Eder et al provided a starting 

method for relating operational testing and systems integration. 

2.8 Summary and Conclusion 

Pennock remarked: “…capability requirements determine the maturity of the 

required technologies which, in turn, determines how long it takes to deliver the 

capabilities….” (Pennock, 2015).  Additional issues such as urgency of need, incentives 

to deliver product on time, acquisition process complexity and competing stakeholder 

objectives affect the ability to deliver a capability on schedule.  The literature highlights 

the importance of external factors such as requirements and resources to schedule 

performance.  The acquisition process until recently emphasized managing cost growth 
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and system technical performance.  Schedule growth modeling tools have improved and 

policy changes are providing additional emphasis to managing schedule growth.  There is 

a growing body of work on software systems integration relevant to and supportive of 

DoD system of systems development and integration.   

Significant challenges remain.  As systems mature, they are tested under 

conditions which more closely approximate the intended operational scenario; however, 

unanticipated delays may occur as issues are discovered during testing and corrected.  

Schedule growth occurs when actual program IOC is later than planned.  Complexity is a 

recognized factor in schedule growth.  Systems integration still requires disciplined 

processes and unique skills and resources.  As systems become more complex and the 

DoD moves to SoS, integration becomes more challenging and operational testing may 

be the most effective method of demonstrating successful integration.   
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Chapter 3—Methodology 

3.1 Introduction 

This chapter describes database creation from historical data, modeling and 

analysis.  Ordinal and linear regression models developed in Minitab 18, R and SPSS 

were used to identify statistically significant factors related to technology maturity, 

program schedule growth and systems integration.   

The dataset was developed under the following assumptions: 

 All data is from publicly released reports.    

 Each data set (observation) is independent.   

 Program start points are either the Milestone B approval month and year or the 

reported program start date used by GAO.   

 Program equivalents to IOC such as Full Deployment Decisions may be used to 

define the schedule endpoint. 

 Programs develop their schedule estimates from internal documentation such as 

contractor work breakdown schedules that are not publicly available.   

 Program schedules contain planned float, and this data is not publicly available. 

3.2 Data Sources, Extraction, Cleaning 

The research data is from publicly released sources listed in the Data Sources 

section of the Praxis References.  These reports include: 

 GAO annual reports from 2007-2017 titled “Assessments of Selected Weapon 

System Programs”. 

 DOT&E annual reports to Congress from 2007-2017.  These reports are 

published in December and report on operational test and evaluation activities 
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conducted by the DoD during the prior year.  

 DoD Annual Summary Tables, which document changes to program cost, 

schedule and performance. 

Program data were selected for inclusion in the dataset if a program was assessed 

in both the GAO and DOT&E annual reports in a given report year.  The GAO and 

DOT&E do not issue publicly available reports on all MDAPs each year, resulting in 

relatively few programs being reported by both agencies.  While this selection criteria 

eliminated about 90 percent of the MDAPs reported in any given year, it provides a set of 

reports with concurrent programmatic and operational testing information from two 

independent agencies.  The dataset was filtered to eliminate cancelled programs and 

programs without a published schedule estimate or with missing data elements, and 

recorded in comma separated variable files.  This resulted in 154 observations of 48 

programs from the 2007 through 2017 reports.  No programs had observations in all 

years, but three programs had more than 6 observations (JSF, CVN-78 and WIN-T).  

Additional tests for observation independence were performed on these observations and 

the complete dataset and no observations were deleted, and are summarized in Appendix 

A-1.  Three observations (C-130J in 2008, JLTV in 2011, and MQ-9 in 2014) were 

outside the research program window from approval to start Engineering and 

Manufacturing Development (Milestone B) to declaration of Initial Operational 

Capability (IOC).  These 3 observations were eliminated from the analytical database, 

leaving 151 observations in the database, also called the global dataset.  A subset of the 

research data set is provided in Appendix A-1.  The full dataset is available from the 

author and is posted with the Praxis. 
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3.3 Selection of Research Variables  

The literature review provided an initial set of variables which were useful in 

prior modeling efforts.  The predictors and responses to be tried are shown in Figure 3-1. 

 

Figure 3-1. Predictor model construct. 

There are 3 dependent variables used in the regression analyses.  GAO 

Technology maturity (Tech_m) is the dependent (response) variable for the binary 

logistic regression and TRL (TRLe) is the response variable for the ordinal logistic 

regression.  The linear regression analysis uses Relative Schedule Change (RSC) as the 

dependent (response) variable.  As noted in the following tables, RSC is tested as an 

independent (predictor) variable for Tech_m and TRLe logistic regression analyses, and 

Tech_m and TRLe are tested as predictor variables for the RSC linear regression 
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analysis.  The following tables summarize independent variables, explanations and 

sources.  A data dictionary of research dataset variables is in Appendix A-1.   

Financial resource variables are directly from either the GAO report or from the 

DoD SAR Summary reports and are summarized in Table 3-1. 

Table 3-1. Financial resource predictor variables 

 

This research uses the research and development and procurement funds reported 

in the GAO annual reports as the budget authority for a specific MDAP (Norquist, 2017).  

Fiscal deflators for the research epoch were approximately 86% for both procurement 

(P.M) and research and development (RD.M) funds resulting in an effective deflator of 

1.4 percent per year from 2017 to 2007 (OSD Comptroller, 2016).  GAO reported values 

are not adjusted to a common fiscal year.  The data are not compared with Selected 

Acquisition Report (SAR) or President’s Budget Estimate values.  Both RD.M and P.M 

were transformed using a natural log function  (The Pennsylvania State University, 2018) 

which reduced their variance inflation factors.  

Descriptive Name Symbol Explanation/ Description Source

Cost change assigned to 
Engineering - current year Eng PM reported cost changes allocated to Engineering in the GAO 

year, $ millions
SAR 
Summary

Cost change assigned to 
Engineering - one year prior Eng.1 PM reported cost changes allocated to Engineering ONE YEAR 

PRIOR to the GAO year, $ millions
SAR 
Summary

Cost change assigned to 
Engineering - two years prior Eng.2 PM reported cost changes allocated to Engineering TWO YEARS 

PRIOR to the GAO year, $ millions
SAR 
Summary

procurement funding P.M GAO or Program Office reported procurement funding, $ 
Millions (GAO value) (natural log of P.M is LN.P.M) GAO

research and development 
funding RD.M GAO or PM reported total research and development funding, $ 

Millions (GAO value) (natural log of RD.M is LN.RD.M) GAO

procurement quantities P_no Planned procurement quantities GAO

External Program cycle.moencies Cycle.Mo GAO or Program Office reported Program Office cycle time 
estimate, months GAO
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Programmatic categorical variables represent several predictors used in previous 

regression analyses.  They are descriptive of program attributes and equal 0 (FALSE) if 

the condition does not exist, and 1 (TRUE) if the condition exists.   Programmatic 

predictor variables are summarized in Table 3-2. 

Table 3-2. Programmatic binary predictor variables. 

 

Complex systems in this research are large integrated systems (such as CVN-78) 

where a program office controls the selection and integration of systems and subsystems, 

per Stuckey et al’s definition of a complex system (Stuckey et al., 2017).  Systems 

identified as SoS participants (SoS_part) are equivalent to Stuckey’s unconstrained 

systems (Stuckey et al., 2017), and require other systems to accomplish their designed 

mission.  For example, CVN-78 is part of an SoS as it requires aircraft to accomplish its 

mission.   

Programmatic factors are weakly correlated in general.  The moderate correlations 

Descriptive Name Symbol Explanation/ Description Source

Commercial basis COML Program procures Commercially available system 
design/product (i.e. a helicopter or ship) GAO

Complex system complex_sys System is complex GAO

External program dependencies DEPEND SYSTEM function depends on other programs not controlled by 
Program Office GAO

Unstable funding Fin_Uns Indications that program is financially unstable (i.e. funding 
change > 10% in a year) GAO

Joint program Joint Joint Program indicator GAO

Nunn-McCurdy Breach NM Nunn-McCurdy Breach occurred GAO

External program issues PM.oth other Program management issues (political direction or 
sponsorship) GAO

System prototypes Prototype Program uses prototypes representative of objective system, 
capable of operating in realistic environments GAO

Unstable requirements Req_Uns Program requirements are unstable (i.e. >10% change in 
procurement; identified requirement changes) GAO

Restructured program Restr Program is restructured GAO

Part of a System of Systems SoS_Part System is required to operate as part of a system-of-systems GAO
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of financial and requirements instability and restructuring to Nunn-McCurdy breaches are 

expected (e.g., not all restructurings are due to Nunn-McCurdy breach).  Complex 

systems (complex_sys) and systems part of a system of systems (SoS_part) have an 

expected moderate negative correlation (not all MDAPs identified as SoS_part are also 

categorized as complex_sys).  These predictors are not strongly related as shown by the 

Spearman’s correlations (α = 0.05) between programmatic variables in Table 3-3. 

Table 3-3.  Programmatic variable correlations. 

  

The program events are found in both the GAO and DOTE report occurring in the 

same report year.  These include both formal operational testing and programmatic events 

(such as design reviews and land-based testing).  The operational definitions of events are 

provided by DoD documentation.  Flight tests are developmental testing events unless 

otherwise specified within the reporting, but are in a relevant environment and have 

aspects of operational testing.  The dataset contains a single first sea trials event marked 

Programmatic Variable Correlations
Joint Fin_Uns Req_Uns Restr PM.oth DEPEND COML

Financially Unstable -0.063
(Fin_Uns) 0.439

Cell Contents
Requirements Unstable 0.021 0.554       Spearman rho
(Req_Uns) 0.801 0.000       P-Value

Program Restructured 0.131 0.475 0.607
(Restr) 0.109 0.000 0.000

External program issues -0.017 0.397 0.274 0.272
(PM.oth) 0.835 0.000 0.001 0.001

Dependencies on other MDAPs 0.105 0.11 0.2 0.203 0.172
(DEPEND) 0.201 0.18 0.014 0.012 0.035

Uses commercial design/tech 0.004 0.219 0.123 0.073 -0.096 -0.264
(COML) 0.96 0.007 0.132 0.374 0.241 0.001

Uses System Prototype in EMD 0.312 0.237 0.239 0.352 0.133 -0.068 0.37
0.000 0.003 0.003 0.000 0.103 0.408 0.000
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as a flight test, as it has both developmental and operational testing features.   

The nearest prior event was used if no testing event during that year.  EVENT 

factors are summarized in Table 3-4. 

Table 3-4. Program EVENT Summary. 

 

The EVENT categorical variable was assigned from the GAO report with a 

related date variable (event_dt) as reported in the GAO report for consistency.  The TRLe 

related to the EVENT is subjective and required reading the test event summary in the 

Descriptive Name Symbol Explanation/ Description Source

Crtical Design Review CDR Critical Design Review (TRL=6 after completion) GAO/DOTE

Design Review DR Design review (unspecified) (TRL at least 5, value dependent on 
description) GAO/DOTE

Development testing DT Development testing (unspecified) (TRL test dependent) GAO/DOTE

Early Fielding EFR Early Fielding Report – following directed deployment (TRL =9) GAO/DOTE

Force Deployment 
Evaluation FDE Force Deployment Evaluation GAO/DOTE

Follow-on Test FOTE Follow On Test and Evaluation – testing following IOC (TRL=9) GAO/DOTE

Flight Test FT Flight Test (or first Sea Test) (unspecified) (TRL at least 6, value 
dependent on test description) GAO/DOTE

Initial Operational Test IOTE
Initial Operational Test and Evaluation – uses a production 
representative system (TRL>7, value dependent on test 
description)

GAO/DOTE

Land Based Test LBT Land Based Test (of any type) (TRL at least 5, value dependent on 
test description) GAO/DOTE

Live Fire Test LFTE
Live Fire Test and Evaluation – survivability testing of 
components or system (TRL >6, value dependent on test 
description)

GAO/DOTE

Limited User Test LUT
Limited User Test – a subset of OT – for example a subset of 
effectiveness testing (TRL> 6, value dependent on test 
description)

GAO/DOTE

Milestone B MSB Milestone B (not a test event) (statutory TRL=6 after 2008) GAO/DOTE

Milestone C MSC Milestone C (not a test event) (TRL=8) GAO/DOTE

Operational 
Assessment OA Operational Assessment – a subset of operational test (specific 

objective) (TRL at least 6, value dependent on test description) GAO/DOTE

Operational Test OT Operational Test (unspecified) (TRL at least 7, value dependent 
on test description) GAO/DOTE

Quick Reaction 
Assessment QRA Quick Reaction Assessment – for a specific end use (TRL =8) GAO/DOTE
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DOTE report to understand the testing, test environment and nature and types of issues 

uncovered during the EVENT.  A reported EVENT is completed when stated in the 

DOTE report, and not used if DOTE reports the EVENT failed.  There are no criteria 

used to declare an EVENT incomplete.  If the EVENT continued past the reporting year, 

it was reported as occurring in December of the reporting year.   

All date variable information is extracted or derived from GAO annual reports.  

Key dates are recorded as character variables in year-month format (for example 2018-

08).  Intervals between dates are calculated in R and stored as a decimal number (years to 

nearest month).  Significant time and duration research variables are summarized in 

Table 3-5. 

Table 3-5. Time and duration predictor variables 

 

Calculation of B.st and C.ev are simple differences and detailed in Appendix A-1.  

Relative Schedule Change (RSC) is calculated as follows: 

 

𝑅𝑆𝐶 ൌ
𝑎𝑐𝑡𝑢𝑎𝑙 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 ∗ 12 െ 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
 

 

Descriptive Name Symbol Explanation/ Description Source

Time from program 
start to Milestone B B.st time between MILESTONE B and Program start date, years Calculated

Time from Milestone C 
to EVENT C.ev time between MILESTONE C and EVENT, years Calculated

Estimated cycle time Cycle.Mo GAO or Program Office reported Program Office cycle time 
estimate, months GAO

Time from program 
start to EVENT ev.st time between EVENT and program start date, years Calculated

Relative Schedule 
Change RSC Relative Schedule Change (RSC) - H2 DEPENDENT VARIABLE Calculated

Equation 
3-1 
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where actual schedule duration = act.yrs (within data set, but used only for RSC 

calculation) and estimated schedule duration = Cycle.Mo.  A change in the estimated 

schedule duration (as programs revise estimates) or the IOC date affects the calculated 

RSC in the year of report. 

Schedule is defined for this research as the schedule duration in years (to the 

nearest month) from program start to when the system is first declared operational - 

Initial Operational Capability (IOC) or its program equivalent.  Declaration of IOC can 

be adjusted by the Milestone Decision Authority, who may announce a new system as 

Operational, even if it is missing a major sensor or is specific to a system variant.  The 

earliest reported or most recent projected system IOC is used as the IOC date, and 

required on-line search to validate dates as needed.  Schedule growth is relative to the 

latest reported cycle time as programs may adjust their planned schedule duration, and as 

the GAO reports revised program cycle times (from start to IOC) in its annual 

assessments.  Additional categorical variables for programmatic attributes (SVC), 

maturity assessments (TRLe and Tech_m) and program events (EVENT) were derived 

from the GAO report.  EVENT categories (summarized in Table 3-3) were used with the 

DOTE reporting of test environment and issues to standardize TRL (TRLe) estimates.  

Commodity Types are derived from Tate (Tate, 2016).  These are shown in Table 3-6. 

Table 3-6. Other programmatic categorical variables. 
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Operational testing categorical variables were created from DOTE annual reports.  

The names are descriptive of the nature of the issues and are summarized in Table 3-7. 

Table 3-7. Research variable summary – operational testing 

 

The variables were derived from reading the annual DOTE reports and grouping 

them into representative categories.  The number of categories tried varied from 5 to 15 

as data collection proceeded.  Word frequency count software was used to help identify 

common issue category words from DT and OT reports.  Initially OT variables were 

created as continuous variables, and frequency counts were kept of OT issues by test 

event.  Most tallies were less than 2, with higher counts representing multiple faults.  The 

variables were not useful or significant in initial regression trials.  If there was more than 

one report for the MDAP, it was difficult to determine if the issue was new or from prior 

testing.  Reporting of prior issue correction was confusing – with an uncertainty as to 

Descriptive Name Symbol Explanation/ Description Source

System command and 
control issues C3I

Testing issues with command, control, communications, 
intelligence (i.e. communications range and data rate) (0=FALSE, 
1=TRUE)

DOTE

System control and 
controllability issues CONTROL Testing issues with system controllability (i.e. precision, 

maneuverability) (0=FALSE, 1=TRUE) DOTE

System integration 
issues INTEG Testing system integration issues (i.e. fit, quality, non-compliance 

with requirements) (0=FALSE, 1=TRUE) DOTE

Interoperability  issues 
with other systems INTEROP Testing issues with system interoperability (i.e. can't exchange 

data with other systems, crypto) (0=FALSE, 1=TRUE) DOTE
System reliablity, 
maintainability, 
availability  issues

RMA Testing issues with system reliability, maintainability, availability 
(i.e. mean time between failures) (0=FALSE, 1=TRUE) DOTE

System operator 
usability  issues OPER Testing issues with operator usability (i.e. safety, tactics, doctrine, 

procedures, training, cybersecurity) (0=FALSE, 1=TRUE) DOTE

System propulsion  
issues PROP.PW.EN Testing issues with propulsion power or energy (i.e. 

underpowered, prime mover issues) (0=FALSE, 1=TRUE) DOTE

System payloads  
issues SEN.W Testing issues with system payloads (i.e. sensors or weapons) 

(0=FALSE, 1=TRUE) DOTE

System structural 
issues STRUCT Testing physical structural issues (i.e. cracking, vibration, loading) 

(0=FALSE, 1=TRUE) DOTE

System size, weight, or 
power  issues SWAP Testing issues with size, weight, or power (i.e. overweight) 

(0=FALSE, 1=TRUE) DOTE

System software 
performance  issues SW Testing issues with system software (i.e. logic errors, production, 

vulnerabilities) (0=FALSE, 1=TRUE) DOTE
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how to characterize the issue.  Further, a mature system in test should exhibit relatively 

few OT issues, and this was difficult to consistently estimate with nominal variables and 

compare between programs.  Changing the OT variables to categorical variables 

simplified data reduction, reduced transcription error rates and simplified analysis and 

comparisons between programs.  Variables were re-evaluated and adjusted after shifting 

to categorical variables.  A Spearman correlation test found there are no strong 

relationships between the final research OT variables (α= 0.05) as shown in Table 3-8. 

Table 3-8.  Operational testing variable correlations. 

  

Systems with weight margin issues were assigned to a variable for system size, 

weight and power (SWAP), and structural issues to the STRUCT variable (for example a 

report of frame cracking or excessive wing flutter).  Issues related to logistics 

Operational Testing variable correlations
SWAP STRUCT ROP.PW.E SEN.W SW CONTROL OPER C3I INTEROP INTEG

Structural issues 0.33
(STRUCT) 0.000

Cell Contents
Propulsion issues 0.366 0.416       Spearman rho
(PROP.PW.EN) 0.000 0.000       P-Value

Senors/ Warheads issues -0.03 0.158 -0.096
(SEN.W) 0.715 0.053 0.240

Software issues -0.086 -0.105 -0.015 0.168
(SW) 0.296 0.198 0.855 0.039

Controllability issues 0.148 0.274 0.236 0.045 0.355
(CONTROL) 0.069 0.001 0.004 0.582 0.000

Operability issues 0.058 0.349 0.23 0.215 0.171 0.143
(OPER) 0.479 0.000 0.004 0.008 0.036 0.079

Command, Control, 0.139 0.093 0.091 0.163 0.132 0.021 0.132
Communications issues (C3I) 0.088 0.258 0.269 0.046 0.106 0.797 0.106

Interoperability issues 0.035 0.027 -0.13 0.274 0.122 0.058 0.139 0.387
(INTEROP) 0.668 0.745 0.111 0.001 0.134 0.480 0.088 0.000

Integration issues 0.067 0.299 0.164 0.112 0.232 0.254 0.14 0.143 0.295
(INTEG) 0.414 0.000 0.044 0.172 0.004 0.002 0.087 0.080 0.000

Reliability, Maintainability, -0.028 0.047 0.113 0.124 0.283 0.283 0.167 0.178 0.082 0.137
Availability issues (RMA) 0.734 0.566 0.168 0.129 0.000 0.000 0.041 0.028 0.318 0.094

SWAP = Size, Weight and Power issues
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engineering, such as reliability, maintainability, availability were grouped under RMA.  

Some issues appear ambiguous absent report details.  Power-related issues may include 

either insufficient motive power (PROP.PW.EN), or insufficient or faulty support 

systems power (SWAP).   

Cryptographic issues were assigned to interoperability (INTEROP) and 

cybersecurity issues to operator (OPER) to distinguish between causes (system design or 

human error), and assigned to SW if unique to the system under test.  Distinctions were 

also made between payload issues such as warhead and sensor performance (SEN.W) and 

system integration (INTEG), and were only assigned to INTEG if clearly understood as a 

system integration issue (marked as an INTEG issue if the issue was weapons placement, 

but as a SEN.W issue if the issue was weapon lethality).  Control issues (CONTROL) 

were associated with system maneuverability or controllability.  For remotely piloted 

systems, lack of platform controllability due to connectivity was assigned to system 

command and control issues (C3I).  

3.4 System Maturity Regression Methodologies 

Technology maturity is indicated by the estimated TRL (TRLe), which is the TRL 

based on EVENT completion, and the GAO technology maturity assessment (Tech_m), 

which is TRUE (1) when the GAO considers the technology mature.  Technology 

readiness levels (TRL, and represented by the variable TRLe within the dataset) are an 

ordinal scale used by the DoD to describe system technology maturity (Persons & 

Sullivan, 2016).  TRLs are set by completion of discrete events, and there are tools such 

as TRL calculators (Nolte, 2008) to assist in consistently assigning a TRL.  The TRLe to 

EVENT mapping in Table 3-4 is a method of consistently assigning TRLs and assumes 
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successful EVENT completion.  However, no clear standards were found for assigning a 

post-test TRL that considered the number and kinds of deficiencies found during testing. 

3.4.1 Binary Logistic Regression and Validation  

A binary logistic regression with GAO technology maturity (Tech_m) as the 

dependent variable was performed using Minitab 18 and R.  Predictor variables tried are 

summarized in Tables 3-1 to 3-4, 3-6 and 3-7.  The model was run on the global (151 

observation) dataset.  Minitab was used for Praxis analysis because of its simple interface 

and consistent output formatting.  Minitab’s stepwise backwards elimination option was 

used to automatically remove predictors with p-values greater than α = 0.05.  Residuals 

were inspected to ensure regression assumptions were satisfied, and model goodness of 

fit and accuracy were evaluated. 

3.4.2 Ordinal Logistic Regression and Validation 

Ordinal logistic regression analyses to predict TRLe using predictor variables as 

summarized in Tables 3-1 to 3-4, 3-6 and 3-7.  The analyses were run on the global 

dataset using Minitab 18, SPSS and R.  Again, Minitab was used for analysis and output 

formatting.  Backwards elimination is not available for this method, so the regression was 

reduced one variable at a time until only predictors with p-values less than 0.05 remained.  

Results were inspected to assess goodness of fit, accuracy, and if regression assumptions 

were met.   Minitab predicts a probability for each response level for a given observation, 

and declares the level with the highest probability as the fitted response.  Minitab 

assumes a proportional odds logistic model, while SPPS tests the proportional odds 

assumption.  SPSS was used to create an independent model and confirm the proportional 

odds assumption was met. 



39 
 

3.4.3 Hypothesis 1 Testing 

Hypothesis 1 is system maturity is correlated to issues found during development 

and operational testing.  The above binary and logistic regression analysis results were 

used to provide evidence of statistically significant relationships between between 

programmatic (Table 3-2) and  operational testing (Table 3-7) predictors and response 

variables GAO Technology maturity (Tech_m) and TRL (TRLe).  Table 2-1 shows that  

systems with a TRL of 8 or 9 are mature.  This definition allows technology maturity to 

represent system maturity during the Engineering Manufacturing and Development 

phase. 

3.5 Schedule Regression Methodologies 

3.5.1 Linear Regression Testing 

 Linear regression models were run on the global dataset to identify significant 

predictors and relationships.  Stepwise regression was used until all factors had variance 

inflation factors (VIFs) of less than 10, and then backwards elimination was applied to 

reduce p-values to less than or equal to 0.05 and VIFs less than 5.  No weights were 

applied to the model.  The models were evaluated, and factors with p-values less than 0.1 

but greater than 0.05 and VIFs slightly greater than 5 were considered for addition back 

to the regression model.   

3.5.2 Model Assumption Validation 

Linear regression model residuals were plotted using Minitab.  Anderson-Darling 

tests were run to confirm residuals had normal probability distributions.  Linearity, 

independence, error normality and homoscedasticity were qualitatively assessed from 

residual plots.  Observations were considered for removal when they appeared to 
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qualitatively distort the residual normality plot and had deleted studentized residuals 

much greater than 2 (Minitab, 2018).  Regressions were run with and without potential 

outliers to assess the effect of removal on model performance.  

3.5.3 Data Partitioning to Explore the Data 

The global dataset was partitioned to explore different aspects of schedule change. 

The dataset was divided into quadrants by RSC and actual schedule duration (act.yrs)  to 

explore differences between quadrants.  The global dataset was also divided into five 

commodity Type groups to examine programmatic differences between commodity 

types.  Finally, the global dataset was divided into complex systems (complex_sys) and 

part of a System of Systems (SoS_part) to assess if any differences between these groups 

are observable in the dataset.. 

3.5.4 Hypothesis 2 Testing 

Hypothesis 2 is system maturity and integration issues found during development 

and operational testing are predictors for program schedule growth.  The above linear 

regression analyses were used to provide evidence of statistically significant relationships 

between programmatic (Table 3-2) and  operational testing (Table 3-7) predictors and 

schedule change as measured by RSC. 

3.6 Analysis of Integration  

 Nonparametric statistical tests and regression analyses were performed to find 

statistically significant differences and predictors of integration effectiveness and 

maturity.  There were no direct measures of integration within the dataset sources.  

Indirect integration measures include time from MS B to IOC (act.B) and an unweighted 

count of how many OT variables are set.   
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Eder, Sarkani and Mazzuchi’s integration architectural framework was used to 

analyze system integration performance and place results in a useful context (Eder et al., 

2017).  Mapping the research variables to their seven attributes was not intuitive.  The 

predictor variables were assigned to one of four groups consistent with Eder’s 

framework.  Resource variables are allocated or intended quantities such as procurement 

budgets (P.M), and are grouped as Resources (similar to Eder’s Resources).  Program 

predictors are related to program decisions such as use of prototypes (Prototype) (similar 

to Processes, Availability, and Management).  Operational testing or OT (similar to 

Complexity and Interoperability) are operational testing related predictors such as 

Software (SW).  Finally, Schedule (similar to Schedule) includes durations between 

events and milestones such as time from Milestone B to C (C.B).   
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Chapter 4—Results 

4.1 Introduction 

This chapter presents research results in 4 sections: 1) predictor variables 

summary, 2) Technology (system maturity) logistic regression results and support for 

Research Hypothesis 1, 3) Relative Schedule Change (RSC) Linear regression results and 

support for Research Hypothesis 2, and 4) Integration findings using non-parametric 

method results, regression results, and research question answers.  Each section will 

provide results, analysis and a summary.   

4.2 Significant Research Predictor Variable Summary 

Figure 4-1 duplicates Figure 3-1 with highlighting indicating the significant 

research predictor variables. 

 

Figure 4-1. Dependent and tested predictor variables. 
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 The following tables provide synoptic views of the various predictors on GAO 

technology maturity (Tech_m), Technology Readiness Levels (TRLe) and Relative 

Schedule Change (RSC) regressions.  Tables 4-1 to 4-4 are the p-values for the predictor 

(row) - analysis (column) combinations.  A blank entry means that the variable was not 

significant to the analysis.  H1 refers to the first research hypothesis. The symbol BLR is 

the Tech_m binary logistic regression for and OLR is the TRLe ordinal logistic 

regression.  H2 refers to linear regression analyses performed for the second research 

hypothesis.  Global represents the test dataset and the remaining symbols represent 

different views of the dataset, with Q1 through Q4 being results by program schedule 

performance quadrants, and AIR, C3I, GND, SEA, and MSL& SPACE being results by 

IDA commodity Type.  Rows are ordered from most common to least common predictor. 

Resource predictor variables included allocated budgets, estimated schedule 

durations, procurement quantities and budget changes.  RSC regressions have more 

significant resource predictors, suggesting RSC is more affected by resource issues than 

Tech_m or TRLe.  Table 4-1 summarizes predictor significance by p-values. 

Table 4-1. Resource predictor variable significance.  

 

RESOURCES
BLR OLR global Q1 Q2 Q3 Q4 AIR C3I GND SEA M&S

Estimated Schedule Duration   0.000 0.000 0.002 0.000 0.000 0.000 0.000

Research and Development funds 0.000 0.000   0.000 0.000 0.001

Procurement funds 0.000 0.000 0.026 0.000 0.000

number of systems to be procured 0.002 0.000

Cost change assigned to 

Engineering ‐ two years prior
0.071

Cost change assigned to Schedule

Cost change assigned to 

Engineering

Cost change assigned to 

Engineering ‐ one year prior

p‐values of significant predictor variables

Descriptive name
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 Schedule related predictors may be interpreted as mimicking the program office 

view of progressing between events. More schedule predictors are in the Technology 

Readiness Level (TRLe) ordinal logistic regression (OLR), suggesting the TRLe OLR is 

more affected by schedule than the other regressions.  Interestingly, RSC affected the 

TRLe OLR but was not significant for the GAO Technology Maturity (Tech_m) binary 

logistic regression (BLR).  Schedule predictor significance is shown in Table 4-2.  

Table 4-2. Schedule predictor variable significance. 

  

 Programmatic predictors reflect both programmatic strategies and external 

factors.  The Tech_m BLR and the RSC regressions have a number of common 

significant predictors.  The TRLe OLR has one significant programmatic predictor – use 

of commercial technology (COML).  External factors such as external program issues 

(PM.oth), restructuring (Restr) and Nunn-McCurdy breaches (NM) affected only RSC 

regressions.  A program strategy to develop a complex system (complex_sys) - a large 

integrated systems with control of the selection and integration of systems and 

subsystems - was not significant for either the Tech_m BLR or TRLe OLR, but was 

significant for some RSC regressions.  Programmatic predictor significance is shown in 

Table 4-3. 

Schedule

BLR OLR global Q1 Q2 Q3 Q4 AIR C3I GND SEA M&S

Time from program start to 

Milestone B
  0.000 0.000 0.000 0.000   0.000

Time from Milestone C to EVENT  0.000   0.002 0.000

Time from program start to EVENT   0.000 0.008

Time from Milestone B to 

Milestone C 
  0.010  

Relative Schedule Change    0.001 NA NA NA NA NA NA NA NA NA NA

p‐values of significant predictor variables

Descriptive name
H1 H2
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Table 4-3. Programmatic predictor variable significance. 

 

 Operational testing (OT) binary predictor variables represent system issues found 

during OT events.  These events are used to evaluate system effectiveness and suitability. 

Integration (INTEG), software (SW), system size, weight and power (SWAP), payload 

(SEN.W) and system command and control (C3I) predictors were common to both 

maturity and schedule regressions.  All OT predictors affected one or more RSC 

regressions.  Within commodities, sea systems (SEA) had the most OT predictors (6), 

followed by air systems (AIR).  Command, Control, Communications and Intelligence 

(C3I) systems had the fewest OT predictors (2), suggesting that such systems may have 

issues not captured by these predictor variables, and may require different predictors.  

Table 4-4 summarizes OT binary predictor variable significance.   

PROGRAMMATIC

BLR OLR global Q1 Q2 Q3 Q4 AIR C3I GND SEA M&S

System prototypes 0.006 0.003 0.048 0.000 0.000 0.008

External program issues 0.000 0.048 0.000 0.000 0.003

Commercial basis 0.031 0.038 0.038 0.000

External program dependencies 0.079 0.000 0.035 0.001

Joint program 0.008 0.002 0.001 0.000

Restructured program 0.014 0.001 0.000 0.051

Nunn‐McCurdy Breach 0.088 0.078 0.000

Unstable requirements 0.006 0.000 0.003

Part of a System of Systems 0.079 0.000 0.000

Complex system 0.001 0.000

GAO technology maturity NA
 

0.000

Crtical Technology Elements  

GAO‐design maturity 

Unstable funding

GAO‐production maturity 

Descriptive name

p‐values of significant predictor variables
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Table 4-4. Operational testing binary predictor variables. 

  

4.3 Technology (System) Maturity 

There are two explicit technology maturity variables in the dataset.  GAO’s 

technology maturity assessment (Tech_m) is an independent check that TRLe is 

representative of technology maturity (construct validation), as it is consistently reported 

and is related to DoD TRLs greater than or equal to 7 (Katz et al., 2015).  The TRLe 

response levels have enough samples for meaningful statistics, excepting TRLe = 5 

observations.  In the research epoch (2007-2017) TRL 5 is generally precluded by policy 

past Milestone B (WSARA, 2009), but these obesrvations were included for analysis. 

4.3.1 GAO Technology Maturity Model Results 

 The binary logistic regression is significant at the α = 0.1 level.  Table 4-5 

summarizes statistically significant predictors for GAO technology maturity (Tech_m) 

and is followed by an interpretation. 

OPERATIONAL TESTING

BLR OLR global Q1 Q2 Q3 Q4 AIR C3I GND SEA M&S

System integration issues 0.011 0.005 0.000 0.009 0.001 0.005

System structural issues   0.001 0.002 0.011 0.000 0.003 0.000

System software performance  

issues
0.000   0.048 0.001 0.023 0.000 0.001

System control and controllability 

issues
0.008 0.075 0.003 0.060   0.000

System size, weight, or power  

issues
0.046 0.002 0.008 0.005   0.004

System payloads  issues   0.028 0.017 0.020 0.001

Interoperability  issues with other 

systems
0.001 0.024     0.001

System propulsion  issues 0.096 0.016 0.000

System reliablity, maintainability, 

availability  issues
0.001 0.001 0.001

System command and control 

issues
0.002   0.008  

System operator usability  issues 0.025 0.051

p‐values of significant predictor variables

Descriptive name
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Table 4-5. GAO technology maturity binary logistic regression results. 

  

 The regression predictors changed slightly between the complete dataset 

model and the trained model with a random set of 14 withheld observations.  Additional 

details are in Appendix A-2.  Most predictors contribute less than 4% of the variance.  

The top 3 of all predictors in order were SW (software), C.ev (time between MSC and 

EVENT), and LN.RD.M (natural log of research and development funds).   

The OT predictors software (SW) and communications, command, control, 

intelligence (C3I) have positive coefficients, meaning occurrence (1) indicates maturity.  

Table 4-6 shows the relation of occurrence to maturity for these predictors. 

Table 4-6. Binary logistic regression OT predictor population proportions. 

 

Source Coef Contribution P-Value VIF Odds Ratio
 Regression 43.94% 0

  Constant 9.6 0
  LN.RD.M -1.18 7.89% 0 2.46 0.307
  Eng.2 0.000311 0.00% 0.071 2.45 1.000
  C.ev -0.4278 8.17% 0 2.17 0.652
 [Joint=1] -1.988 0.70% 0.008 1.9 0.114
 [DEPEND=1] -1.186 1.57% 0.079 1.37 0.380
 [COML=1] -1.114 2.11% 0.031 1.63 0.259
 [Prototype=1] 1.144 2.32% 0.006 1.83 5.532
 [Req_Uns=1] -1.372 1.36% 0.006 1.6 0.201
 [SWAP=1] 1.984 2.83% 0.046 1.39 0.191
 [ SW=1] 2.111 8.62% 0 1.6 11.040
 [C3I=1] -1.423 3.76% 0.002 1.97 9.073
 [INTEG=1] -0.881 3.07% 0.011 1.4 0.250
 [SoS_part=1] -0.965 1.54% 0.079 1.36 0.381

Tech_m 0 1 0 1 0 1 0 1 All
Immature 0 55 15 51 19 52 18 24 46 70

Mature 1 73 8 46 35 50 31 47 34 81
All 128 23 97 54 102 49 71 80 151

Fisher’s Exact Test
P-Value

SW C3I INTEG

0.068 0.043 0.118 0.005

SWAP
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As seen in Table 4-6, SW and C3I issues have higher occurrence (1) to non-

occurrence (0) proportions than  SWAP (size, weight and power) and INTEG 

(integration) when the tested system is mature by GAO Technology maturity (Tech_m).  

This is consistent as SW and C3I testing occurs later during system development, so 

mature systems will suffer from more SW and C3I issues during testing.  

4.3.1.1 Technology Maturity Assumptions Validation 

The GAO Technology Maturity model is a binary logistic regression, and all 

assumptions are satisfied.  The outcome is binary discrete, as GAO technology maturity 

(Tech_m) is binary by definition.  No data outliers exist (all data z-scores within 3.29 

standard deviations of the mean).  Predictors with variance inflation factors greater than 5 

were excluded from the model.  Figure 4.2 shows residuals are normally distributed. 

 

Figure 4-2. Technology Maturity regression deviance residual plots.  
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4.3.1.2 Technology Maturity Goodness of Fit and Accuracy  

GAO technology maturity (Tech_m) predictions from the binary logistic 

regression were tested with 14 withheld observations.  Validation model accuracy rate 

was 12/14 correct calls (85.7%), indicating an acceptable model fit and accuracy.  Table 

4-7 goodness of fit, measures of association, and deviance R-squared results also indicate 

an acceptable model fit. 

Table 4-7. Binary logistic regression goodness of fit and association measures. 

 

4.3.1.3 Summary of GAO Technology Maturity Regression Results  

The GAO Technology maturity (Tech_m) binary regression response was 

correctly predicted over 85% of the time with statistically significant development 

(programmatic, schedule, resource) and operational testing variables (predictors).  The 

model has 4 operational testing, 2 resource, and 6 significant predictors (Table 4-5), 

supporting research hypothesis 1. 

4.3.2 Technology readiness level (TRL) Ordinal Logistic Regression Model  

4.3.2.1 TRL Regression Assumptions Validation 

An ordinal logistic regression of technology readiness levels (TRLe) was 

performed in Minitab and SPSS to test all regression assumptions.  All ordinal logistic 

regression assumptions were shown to be satisfied.  The response variable (TRLe) is 

ordinal by definition.  All predictors used in the regression are either continuous, ordinal, 

Deviance Deviance
Test DF Chi-Square P-Value R-Sq R-Sq(adj) AIC Pairs Number Percent Summary Measures Value

Deviance 137 116.91 0.892 43.94% 37.70% 144.91 Concordant 5110 90.1 Somers’ D 0.8
Pearson 137 113.25 0.931 Discordant 554 9.8 Goodman-Kruskal Gam 0.8
Hosmer-Lemeshow 8 8.64 0.373 Ties 6 0.1 Kendall’s Tau-a 0.4

Total 5670 100
Association is between the response variable and predicted probabilities

Goodness-of-Fit Tests Model Summary Measures of Association
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or categorical.  All predictors had correlations within + 0.50 as shown in Table 4-8. 

Table 4-8. Ordinal logistic regression predictor correlations. 

 

Ordinal logistic regression analysis assumes that the odds between response levels 

are proportional (differ by only a constant logit value).  Minitab uses a proportional odds 

model and is assumed to meet the proportional odds assumption.  To confirm this 

Minitab assumption, a test of parallel lines was performed in SPSS and the proportional 

odds assumption was shown to be satisfied as shown in Table 4-9. 

Table 4-9. SPSS model Test of Parallel Lines results. 

 

 

 

 

Predictors were removed in Minitab until only those with p-values less than or 

Correlations
TRLe ev.st B.st C.B RSC COML SEN.W

Time from program start to EVENT 0.323
ev.st 0

Cell Contents
Time from program start to Milestone B -0.239 0.474       Pearson correlation
B.st 0.003 0       P-Value

Time from Milestone B to Milestone C 0.035 0.446 -0.083
C.B 0.665 0 0.314

Relative Schedule Change -0.358 -0.141 0.261 -0.108
RSC 0 0.083 0.001 0.188

Commercial basis 0.194 -0.248 -0.219 -0.315 -0.088
COML 0.017 0.002 0.007 0 0.283

System payloads  issues 0.144 0.297 0.182 0.156 0.062 -0.144
SEN.W 0.077 0 0.025 0.056 0.447 0.078

System integration issues -0.254 0.049 0.242 -0.042 0.227 0.165 0.112
INTEG 0.002 0.553 0.003 0.607 0.005 0.043 0.172

Model
-2 Log 

Likelihood
Chi-

Square
df Sig.

Null Hypothesis 318.253

General 304.359 13.893 21 0.874

Test of Parallel Lines

The null hypothesis states that the location parameters (slope 
coefficients) are the same across response categories.
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equal to 0.05 remained, and the regression is significant at α = 0.05.  The identical 

predictors were used in the SPSS regression, and model differences are due to program 

software differences.  The logistic regressions are summarized in Table 4-10.  

Table 4-10. Ordinal logistic regression of technology maturity (TRLs) 

 

4.3.2.2 TRL Regression Goodness of Fit and Accuracy 

The Minitab test of all slopes equal to zero shows at least one predictor is 

associated with the Technology Readiness Level (TRL) levels, and goodness of fit tests 

for both SPSS and Minitab models show reasonable fits with a multinomial model.  

Goodness of fit and measures of association for both regressions are in Table 4-11. 

Table 4-11. Ordinal logistic regression fit and association measures. 

  

The global ordinal logistic regression model for both SPSS and Minitab predict 

the TRL by selecting the ordinal with the highest probability.  Model TRL prediction 

Odds 95% CI
Estimate Std. Error Wald df Sig. Lower Upper Predictor Coef SE Coef Z P Ratio Lower Upper

[TRLe = 5] -7.486 0.986 57.607 1 0.000 -9.419 -5.553 Const(1) -6.609 0.955 -6.920 0.000

[TRLe = 6] -3.496 0.706 24.515 1 0.000 -4.880 -2.112 Const(2) -2.499 0.675 -3.700 0.000

[TRLe = 7] -2.382 0.676 12.421 1 0.000 -3.707 -1.057 Const(3) -1.341 0.656 -2.040 0.041

[TRLe = 8] 0.314 0.657 0.229 1 0.632 -0.973 1.601 Const(4) 1.475 0.662 2.230 0.026

Cycle.Mo -0.030 0.007 20.371 1 0.000 -0.043 -0.017 Cycle.Mo 0.030 0.007 4.470 0.000 1.030 1.020 1.040

ev.st 0.551 0.074 56.112 1 0.000 0.407 0.695 ev.st -0.561 0.075 -7.500 0.000 0.570 0.490 0.660

B.st -0.566 0.129 19.190 1 0.000 -0.820 -0.313 B.st 0.523 0.131 4.000 0.000 1.690 1.310 2.180

C.B -0.182 0.069 6.941 1 0.008 -0.317 -0.047 C.B 0.180 0.070 2.590 0.010 1.200 1.040 1.370

RSC -2.393 0.660 13.163 1 0.000 -3.686 -1.100 RSC 2.194 0.673 3.260 0.001 8.970 2.400 33.550

[COML=0] -0.504 0.373 1.829 1 0.176 -1.234 0.226 [COML=1] -0.819 0.396 -2.070 0.038 0.440 0.200 0.960

[SEN.W=0] -0.742 0.362 4.206 1 0.040 -1.451 -0.033 [SEN.W=1] -0.809 0.368 -2.200 0.028 0.450 0.220 0.920

[INTEG=1] 1.018 0.363 2.800 0.005 2.770 1.360 5.630

Logistic Regression Table - MinitB

Threshold

Location

Link function: Logit.

Parameter Estimates - SPSS
95% CI

Method Chi-Square df Sig. Method Chi-Square DF P
Pearson 421.972 589 1.000 Pearson 415.535 588 1.000

Deviance 318.253 589 1.000 Deviance 310.061 588 1.000

Somer's D  0.690 Somer's D 0.700

Measures of Association

Goodness-of-Fit
MinitabLink function: Logit.SPSS
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performance from SPSS and Minitab models is shown in Table 4-12. 

Table 4-12. Ordinal logistic regression TRL prediction results. 

 

The result of this method is that the SPSS model predicts the exact TRL 55.6% of 

the time, and is within + 1 TRL level 81.5% of the time.  The Minitab model predicts the 

exact TRL 37.9% of the time, and is within + 1 TRL level 82.4% of the time at a 

detection threshold of 0.15.  Converting this performance to a technology maturity-like 

expression (system mature if TRL is 8 or 9, system immature if TRL is 5,6, or 7) results 

in the model system maturity prediction performance shown in Table 4-13. 

Table 4-13. TRL ordinal regression model system maturity imputations. 

  

4.3.2.3 Summary of TRL Ordinal Regression Results 

The TRL ordinal logistic regression analyses provide evidence supporting 

Hypothesis 1 as there were at least two development and operational testing issues in 

each TRL regression model.  The model is dominated by schedule-related predictors 

(ev.st, B.st, C.B).  The ordinal logistic regression models predicted an exact TRL slightly 

over half the time.  This is not useful if a program needs high confidence in the precision 

5 6 7 8 9 Total 5 6 7 8 9 Total
5 0 1 0 0 0 1 5 0 9 0 0 0 9
6 4 32 5 11 0 52 6 4 38 15 27 1 85
7 0 0 0 0 0 0 7 0 25 16 32 3 76
8 0 8 19 39 14 80 8 0 22 22 52 25 121

 9 0 0 0 5 13 18 9 0 2 6 22 25 55

Total 4 41 24 55 27 151 Total 4 96 59 133 54

Mintiab model -  TRLe, threshold = 0.15SPSS model - TRLe

Predicted 
Response 
Category

% correct % correct

SPSS TRL 5,6,7 TRL 8,9 74.8% Minitab TRL 5,6,7 TRL 8,9 66.8%

TRL 8,9 17.9% 47.0% 64.9% TRL 8,9 15.0% 35.8%

TRL 5,6,7 27.8% 7.3% 35.1% TRL 5,6,7 30.9% 18.2%

45.7% 54.3% 46.0% 54.0%

Actual TRLe

Predicted 

Response 

Category

Actual TRLe
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of the TRL prediction.  The SPSS model response mimics a technology maturity-like 

prediction (correctly predicting system maturity over 74 percent of the time when TRL 8 

or 9 is a mature system, TRL 5, 6 or 7 is immature).  The TRL regression shows a 

significant relationship between TRL and RSC.  Program offices may use the inability to 

hold to schedule as an indicator of technology immaturity, and during Engineering and 

Manufacturing Development (EMD), system immaturity.   

4.3.3 Hypothesis 1 Testing Results 

 The GAO Technology maturity (Tech_m) binary logistic regression analysis and 

the TRL ordinal logistic regression analyses all found at least two statistically significant 

development and operational testing issues supporting Hypothesis 1.  A crosstab analysis 

of the model accuracy (Table 4-12) shows that program offices may use Tech_m 

predicted maturity and a predicted TRL of 8 or 9 as a joint indicator of system maturity 

during the research window (after Milestone B until delivery of an actual production 

system).  These findings support claiming that system maturity is correlated to issues 

found during development and operational testing (Hypothesis 1). 

4.4 Relative Schedule Change (RSC)  

4.4.1 RSC Linear Regression Results (Global Model) 

 A linear regression of RSC was performed of the global dataset using Minitab.  

Backwards elimination was used to exclude variables with p-values greater than 0.05.  

Additional variables were selectively added, and the model is significant at an α= 0.1.  A 

side-by side comparison of model predictor variables is provided in Table 4-14. 
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Table 4-14. Comparison of predictor variables for two global models. 

 

4.4.1.1 RSC Linear Regression Assumptions Validation (Global Model) 

Tests of these global models found positive autocorrelation of errors, residual 

plots showed a non-normal distribution (Anderson-Darling test p-value less than 0.05) 

and indications of leverage points and outliers.  Model R-sq(adj) was typically lower and 

improved by less than 2% at best with individual point removal, so all points were kept in 

the model.  The residual plot for the α= 0.1 global dataset (151 observation) model is 

shown in Figure 4-3. 

Term Coef Contribution P-Value VIF Term Coef Contribution P-Value VIF

Constant 0.474 50.87% 0.000 Constant 0.511 55.25% 0.000

LN.RD.M 0.118 0.07% 0.000 2.61 LN.RD.M 0.096 0.07% 0.000 2.91

LN.P.M -0.075 14.77% 0.000 1.83 LN.P.M -0.072 14.77% 0.000 1.92

Cycle.Mo -0.005 15.50% 0.000 2.36 Cycle.Mo -0.005 15.50% 0.000 3.65

ev.st 0.022 0.86% 0.009 5.12

B.st 0.072 12.99% 0.000 1.62 B.st 0.069 12.19% 0.000 1.73

C.ev 0.024 2.68% 0.002 2.52

[Joint=1] -0.145 2.50% 0.006 1.31 [Joint=1] -0.162 2.00% 0.002 1.39

[Restr=1] 0.092 0.25% 0.044 1.55 [Restr=1] 0.116 1.02% 0.014 1.72

[Prototype=1] -0.133 2.32% 0.004 1.44 [Prototype=1] -0.131 2.12% 0.003 1.45

[SWAP=1] 0.148 2.47% 0.008 1.18 [SWAP=1] 0.171 2.75% 0.002 1.23

[SW = 1] 0.080 1.27% 0.049 1.20

S R-sq R-sq(adj) PRESS R-sq(pred) S R-sq R-sq(adj) PRESS R-sq(pred)

0.2248 0.509 48.10% 8.202 43.84% 0.2169 0.553 51.70% 7.815 46.49%

model VIFs < 5, α = 0.05  model VIFs < 10, α = 0.10
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Figure 4-3. Residual plots for global dataset (151 observations). 

4.4.1.2 RSC Goodness of Fit and Accuracy (Global Model) 

 The global model with α= 0.1 was tested for prediction accuracy.  A random 

sample without replacement (using the Minitab random data function) of 14 observations 

were reserved.  The model using the 137 reserved observations predicted RSC within + 

25% of the actual value for 13 of 14 tests.  Accuracy results are shown in Figure 4-4.   

 

Figure 4-4. RSC global model prediction accuracy. 

4.4.1.3 Summary of Global RSC Regression Results 

This result is consistent with the problem statement, but program managers will 

want as small an RSC prediction interval as possible.  While the model does support 
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Hypothesis 2, over half the model variance is not explained, suggesting other important 

factors are not in the model.  Different approaches to satisfy regression assumptions were 

tried and partially used, such as variable transformations.  Eliminating outliers and 

leverage points was tried and not used as this would have reduced model generality and 

excluded up to 25 percent of observations.   

4.4.2 RSC Regression Results by MDAP Commodity Type 

The dataset was sorted into commodity Types (AIR, C3I, MSL, SEA, GND, 

SPACE) (Tate, 2016).  MSL and SPACE were combined into a single commodity Type 

(small observation counts and physical similarities).  Table 4-15 summarizes the dataset 

commodity population.  

Table 4-15. MDAP Commodity Type by Component. 

 

A summary of significant predictor variables is in Appendix A-3.  The adjusted 

R-squared of all commodity Type linear regression models are above 80%.  Model results 

are in Table 4-16. 

 Type Symbol Air 
Force Army DoD Navy count Example

Aircraft  AIR 23 9 9 25 66
F-35 Joint Strike Fighter

Command, Control, 
Communications & Intelligence   C3I 8 10 6 2 26 Joint Tactical Radio System 

(JTRS)

Ground GND 0 11 7 3 21 Joint Light Tacitical Vehicle 
(JLTV)

Missile  MSL 2 3 0 2 7 Sidewinder missile (AIM-9X)

Sea SEA 0 0 0 25 25 USS AMERICA Amphibious 
Assault Ship (LHA-6)

Space SPACE 3 0 0 3 6 Mobile User Objective 
System (MUOS) satellite

total  36 33 22 60 151  
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Table 4-16. Summary RSC regression performance by commodity Type.  

  

 4.4.2.1 Commodity Type RSC Regression Assumptions Validation  

 Residual plots are shown in Figure 4-5. 

 

Figure 4-5. Commodity Type RSC regression residual plots. 

count S R-sq R-sq(adj) PRESS R-sq (pred)
AIR 64 0.1016 88.88% 85.70% 0.9474 79.19%

C3I 26 0.0583 97.58% 96.81% 0.1490 94.41%

SEA 25 0.0352 99.29% 98.78% 0.0633 97.41%

GND 21 0.1294 89.44% 82.40% * *

MSL & SPACE 13 0.0251 99.69% 98.76% 0.1048 82.80%

Type Model Summary

AIR 0.642

C3I 0.121

SEA 0.119

GND 0.230

MSL & SPACE 0.711

Anderson- Darling p-values
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All commodity Type models have normal residual probability distributions.  The 

residual versus fits plots suggest some high leverage points.  The C3I plot shows there 

may be two groups, which are broadly ground (left, such as JTRS), and platform-related 

systems (such as B2 AEHF, right).  The points on the right of the SEA residuals plot are 

DDG-1000 and Littoral Combat Ship (LCS) from 2007 and 2008.  The GND residual 

versus fits plot suggests that there may be additional leverage points; no points were 

deleted from any of these commodity Types.  Two AIR regression points (C-5 AMP and 

F-22 Increment 3.2B) had deleted studentized residuals of 6.11 and -6.08 respectively.  

Both were primarily software-intensive upgrades to existing AIR platforms.  Software 

development is part of but not representative of the full scope of AIR platform 

development.  After checking data entries, the points were removed, and R-sq(adj) went 

from 57.98% to 85.70%.  The AIR model less these points is shown in Figure 4-6. 

4.4.2.2 Commodity Type Regression Goodness of Fit and Accuracy 

 As shown in tables 4-16, the commodity models had over 30% improvement in R-

sq(adj) when compared to the global model and satisfied residual normality assumptions.  

Table 4-17 summarizes model accuracy findings. 

Table 4-17. Model accuracy comparisons by commodity Type. 

 

80% of 
RSC Fits 
within

Mean 
RSC

Mean 
Schedule 
(years)

Mean 
growth 
(years)

80% of 
RSC Fits 
within 

(months)

# Test Fits 
within 10% of 
RSC/ Test size 

(%)

Global  + 0.40 0.214 11.73 2.51 12 5/14 (35.7%)

AIR  + 0.15 0.253 11.85 3.00 6 6/7 (85.7%)

C3I  + 0.15 0.177 9.86 1.70 3

GND  + 0.25 -0.012 10.13 -0.12 0.3

SEA  + 0.08 0.326 15.43 5.02 5

MSL & 
Space  + 0.10 0.179  

0.300
7.94    

13.20
1.42      
3.96

2        
5

Not tested 
(small 

population)
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4.4.2.3 Summary of RSC Regressions by Commodity Type 

 The commodity Type regressions are more accurate in terms of schedule growth 

prediction and test set performance than the global model.  The commodity models are 

more restrictive than the global model and are applicable only to the programs included 

in the commodity types.  The observations removed from the AIR regression highlight 

the importance of the underlying development process being consistent with the 

commodity Type.  These models provide evidence for Hypothesis 2, and show the 

importance of resource, programmatic, operational testing and schedule predictors to 

RSC prediction.  

4.4.3 Regression Analysis by Schedule Performance Quadrants 

 The dataset was divided into quadrants using the mean actual schedule duration 

(act.yrs) and mean RSC as quadrant boundaries to see if there were any differences in 

significant factors.  Quadrant 3 MDAPs have lower than average schedule durations 

(act.yrs) and schedule changes (RSC).  Quadrant 1 MDAPs have longer than average 

act.yrs and RSCs.  This breakout by performance quadrants is shown in Figure 4-6. 

 

Figure 4-6. Breakout of observations by RSC and schedule duration. 
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 Two observations are circled in Quadrant 3.  These were Mine Resistant Ambush 

Protected (MRAP) vehicle programs. These MRAPs were unique acquisitions starting 

prior to 2009 of non-developmental mine-resistant vehicles with a rapid delivery 

objective.  These points were inspected and retained in the analysis.  The analysis will be 

focused on comparing Quadrants 1 and 3.  The results for each quadrant are applicable to 

only programs within that quadrant.  Table 4-18 summarizes quadrant populations by 

commodity Type and Service. 

Table 4-18. Quadrant populations by commodity Type and Service. 

 

 Quadrant 1 is predominantly Air Force and Navy MDAPs, and mainly AIR and 

SEA systems.  Quadrant 3 is primarily Army and AIR systems, and is consistent with 

section 4.4.2 in that GND systems tend to have smaller RSCs and C3I systems have 

shorter schedules.   Linear regressions were performed in each quadrant without outlier 

elimination, using predictors indicated by Minitab best sets analysis and with an α = 0.1.  

Table 4-19 summarizes the model performance by quadrant. 

Table 4-19. Model performance by quadrant. 

 

AIR C3I GND MSL SEA SPACE All AF Army DoD Navy All

1 17 5 1 0 10 1 34 1 12 1 4 17 34

2 18 3 9 1 8 2 41 2 7 5 10 19 41

3 18 16 10 3 3 1 51 3 12 22 7 10 51

4 13 2 1 3 4 2 25 4 5 5 1 14 25

All 66 26 21 7 25 6 151 All 36 33 22 60 151

Count by Service Count by commodity Type

Quadrant

N S R-sq R-sq(adj) PRESS R-sq(pred)
1 34 0.0989 90.20% 84.60% 0.5751 72.57%
2 41 0.0391 87.51% 82.16% 0.1145 66.69%
3 51 0.0917 82.37% 77.96% 0.6930 63.70%
4 25 0.2168 51.53% 41.83% 2.3554 0.00%
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 These numbers suggest significant model performance for quadrants 1, 2 and 3. 

Quadrant 4 is not predictive.  Comparisons will be made principally between quadrants 1 

and 3.  Statistically significant factors for all quadrants are summarized in table 4-20. 

Table 4-20. Significant factors by quadrant. 

  

 In Quadrant 1, 6 OT variables explain just over 22 percent of RSC variance, and 

nearly 34 percent is explained by 2 resource factors.  The Quadrant 3 regression showed 

that over half the variance explained by a single predictor (Joint), and 3 OT predictors 

explain almost 10 percent of the variance.  In Quadrant 3, 2 Resource variables explain 

over 45 percent, and 5 program predictors explain just over 15 percent of variance.  

Significant OT factors by quadrant are summarized in Table 4-21. 

Term Coef Contribution P-Value VIF Term Coef Contribution P-Value VIF
Regression   87.51% 0 Regression 90.20% 0
Constant 0.4485 0 Constant 1.073 0
  Cycle.Mo -0.001279 10.15% 0.002 4.36   P_no 0.000012 0.08% 0.002 1.83
  B.st 0.05189 13.89% 0 4.65   LN.P.M -0.0514 33.70% 0 2.58
  C.ev 0.01223 0.36% 0 3.48 [Joint=1] 0.2973 13.86% 0.001 2.13
[Restr=1] 0.1242 22.31% 0 2.95 [Req_Uns=1] 0.3049 0.51% 0 2.92
[PM.oth=1] 0.0505 0.35% 0.048 2.51 [Restr=1] -0.214 10.66% 0.001 2.82
[DEPEND=1] -0.1913 4.11% 0 3.57 [PM.oth=1] -0.2376 8.60% 0 2.39
[Prototype=1] -0.0842 15.72% 0 2.16 [STRUCT=1] -0.2101 1.54% 0.001 2.3
[SWAP=1] -0.0911 5.40% 0.008 2.39 [SW=1] -0.2198 1.80% 0.001 2.48
[STRUCT=1] -0.0781 4.66% 0.002 3.52 [OPER=1] 0.1288 0.32% 0.025 2.47
[SEN.W=1] 0.0584 0.17% 0.017 3.31 [INTEROP=1] -0.1717 1.22% 0.001 1.64
[C3I=1] -0.0804 7.87% 0.008 3.96 [INTEG=1] 0.359 10.54% 0 3.1
[INTEROP=1] -0.0407 2.53% 0.024 1.89 [RMA=1] -0.1706 7.36% 0.001 1.58

Term Coef Contribution P-Value VIF Term Coef Contribution P-Value VIF
Regression  82.37% 0 Regression 51.53% 0.004
Constant 0.058 0.525 Constant 1.343 0.003
  P_no 0.000002 0.05% 0 3.68   LN.P.M -0.1151 14.31% 0.026 1.03
  LN.RD.M 0.0499 6.43% 0 1.58 [STRUCT=1] 0.2729 25.81% 0.011 1.1
  Cycle.Mo -0.002458 6.68% 0 1.73 [PROP.PW.EN=1] 0.26 3.64% 0.096 1.24
  B.st 0.1448 1.67% 0 1.74 [NM=1] -0.305 7.77% 0.088 1.14
[Joint=1] -0.5152 50.85% 0 2.92
[SWAP=1] 0.1383 2.48% 0.005 1.9
[CONTROL=1] -0.1849 3.28% 0.008 1.91
[INTEG=1] 0.084 3.35% 0.009 1.42
[complex_sys=1] -0.1907 0.31% 0.001 3.79
[SoS_part=1] -0.1951 7.27% 0 3.46

Summary - Quadrant II

Summary  - Quadrant III Summary - Quadrant IV

Summary - Quadrant I
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Table 4-21. Significant OT factors by quadrant. 

 

4.4.3.1 Schedule Performance Quadrant Regression Assumptions Validation 

 The grouping to the right in Quadrant 1 are LCS and the two left-most 

observations in Quadrant 3 are MRAP and did not affect residual normality assumptions.  

The residual plots for all quadrants are in Figure 4-7. 

 

Figure 4-7. Quadrant RSC residual plots. 

Term Coef Contrib P-Value VIF Coef Contrib P-Value VIF Coef Contrib P-Value VIF Coef Contrib P-Value VIF
[SWAP=1] -0.09 5.40% 0.008 2.39 0.138 2.48% 0.005 1.90
[STRUCT=1] -0.21 1.54% 0.001 2.30 -0.08 4.66% 0.002 3.52 0.273 25.81% 0.011 1.1
[SW=1] -0.22 1.80% 0.001 2.48
[OPER=1] 0.129 0.32% 0.025 2.47
[C3I=1] -0.08 7.87% 0.008 3.96
[INTEROP=1] -0.17 1.22% 0.001 1.64 -0.04 2.53% 0.024 1.89
[INTEG=1] 0.359 10.54% 0 3.10 0.084 3.35% 0.009 1.42
[CONTROL=1] -0.18 3.28% 0.008 1.91
[PROP.PW.EN=1] 0.26 3.64% 0.096 1.24
[SEN.W=1] 0.058 0.17% 0.017 3.31
[RMA=1] -0.17 7.36% 0.001 1.58
R-sq(adj) 84.60% 82.16% 77.96% 41.83%

Quadrant 1 Quadrant 2 Quadrant 3 Quadrant 4
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4.4.3.2 Schedule Performance Regression Goodness of Fit and Accuracy 

 The linear regression models for Quadrants 1 and 3 have an R-sq(adj) of over 75 

percent as shown in Table 4-19.  The Quadrant 1 residuals are within +0.1 81.4% of the 

time and the Quadrant 3 residuals are within +0.1 83.6% of the time.  The models for 

Quadrants 1 and 3 have good fit and accuracy. 

4.4.3.3 Summary of RSC Regressions by Quadrant 

 The schedule performance quadrant regressions are more accurate in terms of 

prediction performance for Quadrants 1 and 3 than the global model.  The quadrant 

models are more restrictive than the global model and are applicable only to the programs 

included in the commodity Types.  Operational testing integration (INTEG) issues are a 

common significant factor for Quadrants 1 and 3.  

4.4.4.  Hypothesis 2 Testing Results 

 The linear regression analyses provide evidence of statistically significant 

relationships between programmatic (Table 3-2) and operational testing (Table 3-7) 

predictors and schedule change as measured by RSC.  The commodity and quadrant 

analysis models provide evidence supporting Hypothesis 2, and show the relative 

importance of resource, programmatic, operational testing and schedule predictors to both 

RSC prediction and program performance. 

4.5 Analysis of Integration of Immature Systems 

4.5.1 Integration Issues Found During Operational Testing  

All of the following analyses use the global dataset.  The OT predictor variables 

developed in section 3.3 represent types of integration issues (such as reliability issues) 

found during testing.  System integration is indirectly indicated in the dataset by OT 
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variables.  Specifically, the absence of a finding reported by DOTE of an issue in an OT 

category implies that integration was successful for that factor.   

Eder’s attributes and architectural framework (Eder et al., 2017) were used to 

initially assess integration.  Principal component analysis of the global dataset variables 

identified 10 components with eigenvalues greater than 1, and variable clustering 

provides an alternative visualization of the relationships of statistically significant 

variables.  These analyses are summarized in Figure 4-8. 

 

Figure 4-8. Variable clustering. 

These principal components were compared to Eder’s attributes (Eder et al., 

2017).  The first 10 principal components explain 70.1% of the variance which is roughly 

equivalent to Eder’s R-squared of 68.7%.  The research variables were clustered and 

subjectively mapped to Eder’s attributes based on principal component scores and 

loadings.  There was no obvious method to test for correctness of these mappings with 

the available research dataset.  A simplified set of four groupings of the research 

variables was created for program office use using Eder’s framework as a guide.  

Resources (similar to Eder’s Resources) are allocated or intended quantities such as 

budgets, program duration, and procurement quantities.  Program (similar to Processes, 
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Availability, and Management) represents programmatic variables related to program 

structural decisions such as use of prototypes, use of mature technologies, dependencies 

on other programs (external factors) and intentional design as a complex system or part of 

a System of Systems.  OT or Maturity (similar to Complexity and Interoperability) 

includes all OT-related predictors such as Structures (Struct) and Software (SW).  

Finally, Schedule (similar to Schedule) includes planned durations between events and 

milestones such as time from Milestone B to C (C.B).  The composition of these attribute 

groups by predictor variables is summarized in Table 4-22. 

Table 4-22. Predictors by attribute group. 

 

Table 4-23 relates these groups to contributions to RSC variance, sorted by 

program performance quadrant and commodity Type. 

 

Resources Program OT Schedule

Estimated Schedule Duration Cycle.Mo System prototypes Prototype System integration issues INTEG
Time from program start to 

Milestone B
B.st

Research and Development 

funds

RD.M, 

LN.RD.M
External program issues PM.oth System structural issues STRUCT

Time from Milestone C to 

EVENT 
C.ev

Procurement funds
P.M, 

LN.P.M
Commercial basis COML

System software performance 

issues
SW

Time from program start to 

EVENT
ev.st

number of systems to be 

procured
p_no

External program 

dependencies
DEPEND

System control and 

controllability issues
CONTROL

Time from Milestone B to 

Milestone C 
C.B

Cost change assigned to 

Engineering ‐ two years prior
Eng.2 Joint program Joint

System size, weight, or power  

issues
SWAP Relative Schedule Change RSC

Cost change assigned to 

Schedule
CC.Sked Restructured program Restr System payloads  issues SEN.W

Cost change assigned to 

Engineering
Eng Nunn‐McCurdy Breach NM

Interoperability  issues with 

other systems
INTEROP

Cost change assigned to 

Engineering ‐ one year prior
Eng.1 Unstable requirements Req_Uns System propulsion  issues PROP.PW.EN

Part of a System of Systems SoS_part

System reliablity, 

maintainability, availability  

issues

RMA

Complex system complex_sys
System command and control 

issues
C3I

GAO technology maturity Tech_m
System operator usability  

issues
OPER

Crtical Technology Elements   CTEs

GAO‐design maturity  Design_m

Unstable funding Fin_Uns

GAO‐production maturity  Prod_m
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Table 4-23. Attribute RSC variance contribution by quadrant and Type. 

 

 Scores are group sums by Type (weighted by the number of observations in a 

Type, and scaled to sum to 100%).  Program factors are the biggest contributor to 

schedule growth, followed by resource and OT issues.  Program factors are dominated by 

decisions to use commercial technology (COML), external program manager influences 

(PM.oth), dependencies on other MDAPs (DEPEND) and prototyping.  Resources 

contributions are primarily due to procurement funding (LN.P.M) and initial schedule 

estimates (Cycle.Mo).  The leading operational testing (OT) factors are integration 

(INTEG) and control (CONTROL).   

4.5.2 Common Issues Between Prototypes and Initial Production Systems.  

 The aggregate OT factor issue/non-issue rates were tabulated for all EVENTs OT 

variables and are provided in Appendix A-4.  DoD MDAP integration performance was 

assessed using a test of two proportions to compare initial flight test (FT) and initial 

operational test (IOTE) events performance by OT variables.  Flight tests (FT) are 

typically developmental testing with a prototype or development system, and IOTE is 

operational testing with production systems, so this directly answers research question 3.  

The Flight Test (FT) and IOTE results are specific for these events and are summarized 

in Table 4-24. 

 

Attribute 1 2 3 4 AIR C3I SEA GND MSL&SPC Score
Resources 34% 16% 13% 14% 29% 7% 50% 0% 23% 26.1%

Program 34% 40% 58% 8% 28% 88% 19% 46% 16% 41.5%
OT 23% 19% 9% 29% 10% 3% 29% 43% 60% 22.5%

Schedule 0% 14% 7% 0% 21% 0% 0% 0% 0% 9.9%
R-sq(adj) 85% 82% 78% 42% 89% 98% 98% 89% 100%  

By Quadrant By Type
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Table 4-24.  Change in OT issues between FT and IOTE. 

  

Smaller proportions indicate better EVENT performance for a given OT factor.  

While there are fewer issues from FT to IOTE for all issues, the proportion changes are 

statistically significant for STRUCT, SW, CONTROL and INTEG.  This suggests two 

findings: program offices may successfully resolve OT issues within the STRUCT, SW, 

CONTROL and INTEG categories, and program offices are unlikely to significantly 

improve beyond FT performance in other OT issue areas without redesign.   

4.5.3 Schedule Growth Issues in Systems with Similar Issues  

Mood’s Median Test was used to compare median RSCs of similar systems with 

and without a given OT issue, and addresses research question 4 (do systems with similar 

integration issues have similar schedule growth).  The answer is yes, given a specific 

commodity Type and OT issues.  The results are summarized in Tables 4-25.   

 

Test of 2 Proportions Null hypothesis H₀: p₁ - p₂ = 0
Sample Alt. hypothesis H₁: p₁ - p₂ ≠ 0

Variable EVENT NCount proportion Method Z-Value P-Value
SWAP FT 25 4 0.160 Normal approx. 1.09 0.276

 =1 IOTE 17 1 0.059 Fisher's exact 0.632
STRUCT FT 25 13 0.520 Normal approx. 1.99 0.047

 =1 IOTE 17 4 0.235 Fisher's exact 0.109
 PROP.PW.EN FT 25 7 0.280 Normal approx. 1.36 0.173

 =1 IOTE 17 2 0.118 Fisher's exact 0.271
SEN.W FT 25 13 0.520 Normal approx. 1.52 0.129

 =1 IOTE 17 5 0.294 Fisher's exact 0.208
SW FT 25 13 0.520 Normal approx. 3.17 0.002

 =1 IOTE 17 2 0.118 Fisher's exact 0.010
CONTROL FT 25 8 0.320 Normal approx. 3.43 0.001

 =1 IOTE 17 0 0.000 Fisher's exact 0.013
OPER FT 25 11 0.440 Normal approx. -0.95 0.340

 =1 IOTE 17 10 0.588 Fisher's exact 0.530
C3I FT 25 9 0.360 Normal approx. 0.05 0.963

 =1 IOTE 17 6 0.353 Fisher's exact 1.000
INTEROP FT 25 10 0.400 Normal approx. 0.31 0.757

 =1 IOTE 17 6 0.353 Fisher's exact 1.000
INTEG FT 25 18 0.720 Normal approx. 2.99 0.003

 =1 IOTE 17 5 0.294 Fisher's exact 0.011
RMA FT 25 15 0.600 Normal approx. 1.63 0.104

 =1 IOTE 17 6 0.353 Fisher's exact 0.208
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Table 4-25. Test of Median RSC by OT issue. 

  

In addition to commodity Type groups, Stuckey’s, Mazzuchi’s and Sarkani’s 

complex system and unconstrained system definitions (Stuckey et al., 2017) were applied 

to the observations to partition the dataset into complex systems (complex_sys) and SoS 

participants (SoS parts).  This was to test if issues with complex and unconstrained 

systems integration would be observable in the dataset. The complex system significant 

OT issues are consistent with expected platform issues, and the SoS partition also 

reflected platform issues (CVN-78, JSF, and LCS, all with structural issues).  The test 

provided no insight on SoS integration issues.  Additional details are in Appendix A-3. 

4.5.4. Factors Leading to Schedule Growth During Integration.  

 The global dataset was partitioned into mature (TRLe 8,9) and immature (TRLe 

5,6,7) systems.  A linear regression was performed of RSC using the research predictors.  

The results by integration attribute groups are summarized in Table 4-26. 

 

OT issue 0 1 p-value 0 1 p-value 0 1 p-value 0 1 p-value 0 1 p-value 0 1 p-value

C3I 0.210 0.094 0.269 0.000 0.065 0.234 0.000 0.085 0.010 0.178 0.310 0.429 0.168 0.329 0.201 0.168 0.148 0.565

CONTROL 0.210 0.094 0.142 0.000 0.065 0.066 0.000 0.085 0.149 0.178 0.310 0.097 0.168 0.329 0.569 0.147 0.245 0.041

INTEG 0.223 0.184 0.622 0.000 0.138 0.004 *** *** *** 0.326 0.147 0.170 0.000 0.329 0.743 0.025 0.202 0.899

INTEROP 0.232 0.130 0.012 0.000 0.101 0.420 0.000 0.085 0.010 0.147 0.333 0.135 0.168 0.329 0.319 0.168 0.172 0.729

OPER 0.250 0.179 0.215 0.053 0.000 0.395 0.000 0.019 0.528 0.260 0.052 0.612 0.165 0.329 0.686 0.179 0.149 0.230

PROP.PW.EN 0.197 0.196 1.000 0.028 0.032 1.000 0.000 0.021 0.149 *** *** *** 0.329 0.297 0.432 0.147 0.176 0.066

RMA 0.179 0.221 0.125 0.138 0.000 0.234 0.000 0.021 0.027 0.326 0.052 0.135 0.202 0.329 0.236 0.179 0.145 0.568

SEN.W 0.209 0.147 0.802 *** *** *** 0.017 0.000 0.577 0.210 0.138 0.853 0.154 0.329 0.471 0.149 0.214 0.996

STRUCT 0.232 0.184 0.447 0.000 0.800 0.066 0.000 0.021 0.154 0.147 0.275 0.906 0.103 0.329 0.152 0.121 0.209 0.830

SW 0.179 0.232 0.026 0.000 0.101 0.018 0.017 0.110 0.748 0.310 0.147 0.391 0.267 0.383 0.170 0.148 0.213 0.011

SWAP 0.196 0.243 1.000 0.007 0.065 0.277 0.008 0.021 0.375 *** *** *** 0.198 0.517 0.000 0.172 0.148 0.436

*** - unable to run test, 1 group has less than 2 observations

P-values of testing whether similar systems with similar OT issues have similar schedule growth (RSC)        {H₀: The RSC medians are all equal/H₁: The RSC medians are not all equal}
Column= 0, median RSC for Type when OT issue is FALSE [=0]    Column= 1, median RSC for Type when OT issue is TRUE [=1]

Mood's Median Test Summary - Median RSC for OT issue (row) (0 = FALSE, does not have issue, 1= TRUE,has issue)

AIR C3I GND MSL&SP SEA Global
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Table 4-26. Variance attribute factors when integrating immature systems. 

  

 Immature systems need resources, a good initial schedule plan, and a plan for 

complexity and of how the system fits within an SoS.  Mature system schedule growth is 

driven by commodity Type integration issues.  Details are in Table 4-27. 

Table 4-27. RSC regression summaries by system maturity. 
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 No observations were deleted from the analysis, the residual plots support 

regression assumptions, and the models are significant at α= 0.1.  These findings respond 

to research question 6 (factors leading to schedule growth when integrating immature 

systems).  

4.6 Conclusions 

Both research hypotheses were supported by the research.  System maturity is 

related to issues found during development and operational testing, and system maturity 

and integration issues found during development and operational testing are predictors 

for program schedule growth.  Both research hypotheses were supported by the findings 

of statistically significant relationships between operational testing outcomes, system 

maturity (as measured by Tech-m) and schedule growth (as measured by RSC).  These 

factors are summarized in Figure 4-1 and tables 4-1 through 4-4.  GAO technology 

maturity was shown to be a useful indicator of system maturity.  The research shows RSC 

(schedule growth) as an indicator of system immaturity during Engineering 

Manufacturing and Development and prior to delivery of a production system and is a 

significant finding of this research.  Significant schedule growth (RSC) indicates that the 

process is not capable of delivering a product meeting objective requirements.  

The OT issues created for this research were shown to be useful additions to 

traditional maturity and schedule growth modeling.  Operational testing issues were used 

to indicate the system integration state.  Aggregating factors into four groups – resources, 

programmatic, OT and schedule – provides a framework for program managers to 

anticipate and respond to the issues that occur during system development and testing. 

.    
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Chapter 5—Discussion and Conclusions 

5.1 Discussion 

This research accomplished all research objectives: a research database was 

developed from publicly available sources for MDAPs, statistically significant models 

were developed for system maturity and program schedule, and significant relationships 

uncovered between schedule growth, OT issues, and integration.  The research questions 

were addressed, and the research hypotheses proven.  The thesis (schedule growth can be 

predicted using system maturity and integration issues identified during system 

development that can provide the program manager preliminary indications of sources of 

schedule growth) is supported by the research, but is specific for Major Defense 

Acquisition Programs (MDAPs) given commodity Types, maturity estimates and 

integration issues as discovered during operational testing.  Practical results for program 

managers provide improved insight into fundamental issues underlying program 

development and execution and their ability to deliver products. 

5.2 Conclusions 

 MDAP schedule durations are the result of resource, programmatic 

structural and external factors.  The flow is from requirements to resources to programs, 

and each stage depends on its predecessor.  Program managers can make early 

programmatic decisions and work with the external requirements and resource processes 

to increase their likelihood of delivering product on schedule.  However, system 

development, integration and testing outcomes may be different than what was hoped for 

by stakeholders and resources sponsors, and the promise seen in models and lower 

fidelity testing can fail to materialize in the crucible of operational testing.   
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Testing can help program managers assess progress towards delivery of a system 

meeting explicit requirements and implicit expectations – a mature system, but only by 

testing using operationally realistic scenarios, including interactions within a system of 

systems.  Structuring programs to conduct such testing early in development allows more 

time to respond to emergent issues, develop and integrate solutions, and reduce the risk of 

schedule growth delaying product delivery. 

5.3 Contributions to Body of Knowledge  

Program managers may use this research to augment internal schedule prediction 

processes by considering how the results of developmental and operational testing are 

related to the observed schedule growth.  Significant new contributions of this research 

include: 

 Identified and quantified statistically significant operational testing (OT) 

performance factors.  These factors were shown to be related to system 

maturity and program schedule growth. 

 Showed the importance of relative schedule growth (RSC) as an indicator 

of technical maturity – specifically that an inability to adhere to planned 

schedule indicates system immaturity.  

 Augmented prior work by quantifying effects of resource, programmatic, 

schedule, and operational testing factors on RSC. 

 Developed quantitative measures of system maturity related to factors 

seen during development and testing. 

 Identified relationships between OT factors and RSC, and showed that OT 

issues are representative of integration issues during development. 
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5.4 Recommendations for Future Research 

Future research recommendations include:  

 Using alternative methods such as expert judgement and semantic analysis 

to develop and validate OT variables, with the goal of establishing and 

standardizing OT test and integration categories. 

 Reperforming this analysis on a broader selection of MDAPS using non-

publicly released information such as the DAMIR database, detailed 

DOTE reports and other datasets. 

 Reperform this analysis on non-MDAP programs (such as defense 

business systems and smaller expenditure acquisition programs).  

 Reperform this analysis for a single Type as a longitudinal study.  

 Reperform this analysis in 3-5 years after the OSD separation of research 

and engineering and acquisition and support (Mehta, 2017) and determine 

the effects of this reorganization on acquisition system performance.  

 Extend this research to discover predictors of integration immaturity 

before EMD start. 

 Explore integration issues by performing regression analysis using other 

dependent variables such as time from MS B to IOC (act.B). 
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Appendix A-1.  Data set additional information 

Table A-1-1. Dataset variable dictionary. 

    

 

  

Descriptive Name Symbol Explanation/ Description

Cycle time act.B time between actual or latest IOC date 
and  MILESTONE B, years

Time to IOC from 
Milestone C act.C time between actual or latest IOC date 

and  MILESTONE C, years
Time to IOC from 
program start act.yrs time between program start and IOC 

dates, years

Time to IOC from EVENT actIev time between actual or latest IOC and 
EVENT, years

IOC date act.IOC year-month of initial operational 
capability (IOC) (either actual or 2017 

Time from program start 
to Milestone B B.st time between MILESTONE B and 

Program start date, years
Engineering 
Manufacturing and C.B time between MILESTONE B and 

MILESTONE C, years
Time from Milestone C 
to EVENT C.ev time between MILESTONE C and 

EVENT, years
System command and 
control issues C3I Testing issues with command, control, 

communications, intelligence (i.e. 
Schedule change costs CC.Sked PM reported cost changes allocated to 

schedule, in the GAO year, $ millions

Crtical Design Review CDR Critical Design Review (TRL=6 after 
completion)

Commercial basis COML Program procures Commercially 
available system design/product (i.e. a 

Complex system complex_sys System is complex (0-FALSE, 1=TRUE)

System control and 
controllability issues CONTROL

Testing issues with system 
controllability (i.e. precision, 
maneuverability) (0=FALSE, 1=TRUE)

Critical Technology 
Elements CTE GAO - number of critical technology 

count
Estimated cycle time Cycle.Mo GAO or Program Office reported 

Program Office cycle time estimate, 
External program 
dependencies DEPEND SYSTEM function depends on other 

programs not controlled by Program 

GAO Design maturity Design_m GAO design maturity indicator (0=NOT 
MATURE, 1=MATURE)

Design Review DR Design review (unspecified) (TRL at 
least 5, value dependent on 

Development testing DT Development testing (unspecified) (TRL 
test dependent)

Descriptive Name Symbol Explanation/ Description

Early Fielding EFR Early Fielding Report – following 
directed deployment (TRL =9)

Cost change assigned to 
Engineering - current 
year

Eng PM reported cost changes allocated to 
Engineering in the GAO year, $ millions

Cost change assigned to 
Engineering - one year Eng.1 PM reported cost changes allocated to 

Engineering ONE YEAR PRIOR to the 
Engineering cost 
changes Eng.2 PM reported cost changes allocated to 

Engineering TWO YEARS PRIOR to the 
Time from EVENT to 
Milestone B ev.B time between EVENT and MILESTONE 

B, years
Time from program start 
to EVENT ev.st time between EVENT and program start 

date, years
Program or testing 
event EVENT See EVENT table

EVENT date EVENT_dt date of EVENT (year-month)
Force Deployment 
Evaluation FDE Force Deployment Evaluation

Unstable funding Fin_Uns Indications that program is financially 
unstable (i.e. funding change > 10% in 

Follow-on Test FOTE Follow On Test and Evaluation – testing 
following IOC (TRL=9)

Flight Test FT Flight Test (or first Sea Test) 
(unspecified) (TRL at least 6, value 

Report year GAO.yr year of GAO and DOTE report

System integration 
issues INTEG Testing system integration issues (i.e. 

fit, quality, non-compliance with 
Interoperability  issues 
with other systems INTEROP

Testing issues with system 
interoperability (i.e. can't exchange 
data with other systems, crypto) 

Initial Operational 
Capability IOC IOC date in GAO report, (year-month)

Initial Operational Test IOTE
Initial Operational Test and Evaluation 
– uses a production representative 
system (TRL>7, value dependent on test 

Joint program Joint Joint Program indicator

Land Based Test LBT
Land Based Test (of any type) (TRL at 
least 5, value dependent on test 
description)

Live Fire Test LFTE

Live Fire Test and Evaluation – 
survivability testing of components or 
system (TRL >6, value dependent on 
test description)
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Data dictionary (continued) 

   

  

Descriptive Name Symbol Explanation/ Description

log procurement budget LN.P.M Natural log of variable P.M 

log research and 
development budget LN.RD.M Natural log of variable RD.M

Limited User Test LUT

Limited User Test – a subset of OT – for 
example a subset of effectiveness 
testing (TRL> 6, value dependent on 
test description)

Major Defense 
Acquisition Program MDAP Major Defense Acquisition Program 

(MDAP) identifier (NOT A VARIABLE)

Milestone B MSB Milestone B (not a test event) (statutory 
TRL=6 after 2008)

Milestone C MSC Milestone C (not a test event) (TRL=8)

Nunn-McCurdy Breach NM Nunn-McCurdy Breach occurred

Operational Assessment OA

Operational Assessment – a subset of 
operational test (specific objective) (TRL 
at least 6, value dependent on test 
description)

System operator 
usability  issues OPER

Testing issues with operator usability 
(i.e. safety, tactics, doctrine, procedures, 
training, cybersecurity) (0=FALSE, 
1=TRUE)

Operational Test OT
Operational Test (unspecified) (TRL at 
least 7, value dependent on test 
description)

procurement funding P.M
GAO or Program Office reported 
procurement funding, $ Millions (GAO 
value) (natural log of P.M is LN.P.M)

procurement quantities P_no Planned procurement quantities

External program issues PM.oth other Program management issues 
(political direction or sponsorship)

GAO Production 
Maturity Prod_m GAO production maturity indicator 

(0=NOT MATURE, 1=MATURE)
System propulsion  
issues PROP.PW.EN

Testing issues with propulsion power or 
energy (i.e. underpowered, prime 
mover issues) (0=FALSE, 1=TRUE)

System prototypes Prototype

Program uses prototypes 
representative of objective system, 
capable of operating in realistic 
environments

Quick Reaction 
Assessment QRA Quick Reaction Assessment – for a 

specific end use (TRL =8)

research and 
development funding RD.M

GAO or PM reported total research and 
development funding, $ Millions (GAO 
value) (natural log of RD.M is LN.RD.M)

Unstable requirements Req_Uns
Program requirements are unstable (i.e. 
>10% change in procurement; 
identified requirement changes)

Restructured program Restr Program is restructured

Descriptive Name Symbol Explanation/ Description

System reliablity, 
maintainability, 
availability  issues

RMA

Testing issues with system reliability, 
maintainability, availability (i.e. mean 
time between failures) (0=FALSE, 
1=TRUE)

Relative Schedule 
Change RSC Relative Schedule Change (RSC) - H2 

DEPENDENT VARIABLE

System payloads  issues SEN.W
Testing issues with system payloads (i.e. 
sensors or weapons) (0=FALSE, 
1=TRUE)

Part of a System of 
Systems SoS_Part System is required to operate as part of 

a system-of-systems

System structural issues STRUCT
Testing physical structural issues (i.e. 
cracking, vibration, loading) (0=FALSE, 
1=TRUE)

Service component SVC Army, Navy, Air Force or DoD

System software 
performance  issues SW

Testing issues with system software (i.e. 
logic errors, production, vulnerabilities) 
(0=FALSE, 1=TRUE)

System size, weight, or 
power  issues SWAP

Testing issues with size, weight, or 
power (i.e. overweight) (0=FALSE, 
1=TRUE)

maturity indicator t.mat
Maturity indicator variable based on 
TRLe exceeding a threshold value (5 or 
6) (0-=FALSE, 1=TRUE)

GAO Technology 
Maturity Tech_m

GAO assessment of technology 
maturity indicator   (binary, 0=NOT 
MATURE, 1= MATURE) (H1 DEPENDENT 
VARIABLE)

Technology Readiness 
Level TRLe

Estimated Technology Readiness Level 
(ordinal 5,6,7,8,9) (H1 DEPENDENT 
VARIABLE)

Commodity Type Type

IDA commodity type for the MDAP (AIR, 
C3I, SEA, GND, MSL & SPACE) MSL & 
SPACE merged into one type for 
analysis

observation number X observation index (NOT A VARIABLE)
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Table A-1-2.  Calculated variables 

 

Figure A-1-1 summarizes the additional testing performed to ensure observation 

independence for MDAPs with multiple entries. 

Figure A-1-1. Additional tests of independence.  

 

 

 

 

 

 

 

Descriptive Name Symbol Description Formula
Time to IOC from 
Milestone B act.B Years from actual IOC to MS B act.B = act.IOC - MS_B
Time to IOC from 
Milestone C act.C Years from actual IOC to MS C act.C = act.IOC - MS_C
Time to IOC from 
program start act.yrs Years from actual IOC to start 

date (cycle time) act.yrs = act.IOC - Start_dt
Time to IOC from 
EVENT actIev Years actual IOC date to EVENT 

date
actIev = act.IOC - 
EVENT_dt

Time from program 
start to Milestone B B.st Years from MS B to start date B.st = MS_B - Start_dt
Engineering 
Manufacturing and C.B Years from MS C to MS B C.B = MS_C - MS_B
Time from Milestone C 
to EVENT C.ev Years from MS C to EVENT C.ev = MS_C - EVENT_dt
Time from EVENT to 
Milestone B ev.B Years from EVENT to MS B ev.B = EVENT_dt - MS_B
Time from program 
start to EVENT ev.st Years from EVENT date to start 

date ev.st = EVENT_dt - Start_dt
log procurement 
budget LN.P.M Natural log of variable P.M LN.P.M = LN(P.M + 1)
log research and 
development budget LN.RD.M Natural log of variable RD.M LN.RD.M = LN(RD.M + 1)

MDAP= CVN‐78 

Type= AIR 
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Table A-1-3. Sample data set (3 sections). 

Sample data set, 48 entries (one observation per MDAP), section 1/3 (first 20 columns). 

 

  

X MDAP act.IOC GAO.yr SVC RD.M P.M P_no Cycle.Mo Joint Fin_UnsReq_Uns Restr PM.oth DEPEND COML Prototype Start_dt MS_B MS_C
1 AB3 2013-11 2008 Army 1082.9 6388.3 639 78 0 1 0 1 1 1 0 1 2006-07 2006-07 2010-04
5 AEHF 2015-07 2007 AF 4520 1337 5 111 0 0 0 1 0 1 0 0 1999-04 2001-09 2004-06
8 AESA 2010-06 2007 Navy 564 1809 415 62 0 0 0 0 1 0 0 0 2001-02 2001-02 2003-06
9 APKWS 2012-07 2007 Army 208 1297 71637 62 0 0 0 1 0 0 0 0 2006-04 2006-04 2008-09

10 B2EHF 2014-12 2008 AF 558 118 21 85 0 0 0 0 0 1 0 0 2002-03 2007-02 2011-07
13 B2RMP 2012-09 2008 AF 579.9 552.9 21 65 0 1 0 0 0 0 1 0 2002-10 2004-08 2008-08
14 C130 AMP2012-12 2008 AF 1977 3371.4 222 174 0 1 0 1 0 0 1 1 2001-07 2001-07 2008-06
17 C-5 AMP 2014-02 2007 AF 369 645 126 83 0 1 1 0 0 1 1 0 1999-01 1999-01 2003-02
18 C5 RERP 2014-02 2008 AF 1744.4 13531.5 111 139 0 1 0 1 0 0 0 0 1999-02 2001-11 2008-03
21 CVN78 2017-08 2008 Navy 4083.2 25652.6 3 149 0 0 0 0 0 1 0 0 2000-06 2004-04 2007-07
29 DDG1000 2020-12 2007 Navy 2094 0 0 128 0 0 0 0 0 1 0 0 1998-01 2004-03 2005-11
33 E-2D AHE 2014-09 2007 Navy 3531 10031 75 96 0 0 0 0 0 0 0 0 2003-06 2003-06 2009-03
36 EA-18G 2009-09 2008 Navy 1952.7 6151.9 80 69 0 0 1 0 0 1 0 0 2002-08 2003-12 2007-04
40 EFSS 2009-06 2007 Navy 51 581 69 52 0 0 0 0 0 1 0 0 2004-11 2004-11 2005-06
42 EXCALIBU2011-08 2007 Army 883 1180.7 30294 136 0 0 0 1 0 1 0 0 1997-05 1997-05 2005-05
46 EXCALIBU2011-08 2014 Army 1137.6 702 6555 206 0 1 1 1 1 1 0 1 1997-05 1997-05 2005-05
47 F22A 2018-07 2008 AF 4127.7 1779.9 173 133 0 1 1 1 0 0 0 1 2003-03 2003-03 2012-12
48 F22B 2019-12 2017 AF 1179.4 365 152 75 0 0 0 0 0 0 0 0 2013-06 2013-06 2016-08
49 FAB-T 2019-12 2008 AF 1468.9 1886.1 222 129 0 0 1 1 0 1 0 0 2002-09 2002-09 2010-02
54 GATOR 2018-12 2013 Navy 893.1 2135.1 57 132 0 1 1 1 1 1 1 1 2008-05 2008-05 2013-07
56 H1UP 2008-08 2010 Navy 1835.2 9689.1 353 142 0 1 1 1 1 1 0 1 1996-10 1996-10 2008-07
58 HLR 2019-12 2007 Navy 4032 11275 151 117 0 0 0 0 0 0 0 0 2003-11 2005-12 2012-12
62 JAGM 2019-12 2017 Army 996.3 4858 26437 38 1 0 0 1 1 1 0 1 2015-07 2015-07 2017-07
63 JASSM 2003-06 2008 AF 1407.3 3998.5 5006 87 1 1 0 1 0 1 0 1 1996-06 1998-11 2001-12
65 JCA 2010-09 2008 Army 113.9 3669.5 78 32 1 0 0 0 0 0 1 1 2007-05 2007-05 2007-05
66 JHSV 2012-12 2009 Navy 126.5 3456 18 48 1 0 0 0 0 0 1 1 2006-04 2006-04 2008-05
67 JLENS 2016-09 2007 Army 1844 4219 16 97 1 0 0 0 0 0 0 0 2005-08 2005-08 2010-09
71 JLTV 2020-03 2014 DoD 981 22651.7 54730 125 1 0 0 0 0 1 0 1 2007-12 2012-08 2015-05
75 JSF 2015-07 2009 DoD 46840.8 197437 2456 125 1 0 0 0 0 0 0 1 1996-11 2001-10 2007-06
84 JTRSHMS 2012-07 2007 DoD 501 8727 329574 85 1 0 0 1 1 1 0 1 2004-04 2004-04 2008-09
91 KC46 2018-10 2012 AF 6899.4 33502.6 179 78 0 0 0 0 0 0 1 1 2011-02 2011-02 2015-08
97 LCS 2014-04 2008 Navy 1516.9 3716.3 15 62 0 1 1 1 0 1 1 1 2002-09 2004-06 2004-12

103 LHA6 2016-09 2008 Navy 211.3 2980.9 1 151 0 0 0 0 0 1 0 0 2001-07 2005-05 2007-01
105 LUH 2007-05 2008 Army 3.4 1789.5 322 11 0 0 0 0 0 0 1 1 2006-06 2006-06 2006-06
106 M109SPH 2017-06 2012 Army 1000.5 5629.7 580 71 0 0 0 0 0 0 0 0 2007-06 2007-06 2013-06
112 MC130 2012-12 2012 AF 152.8 12621.9 122 34 0 1 1 0 1 0 1 0 2008-11 2008-11 2010-02
114 MIDS 2011-01 2008 DoD 417.1 205.5 433 50 1 0 1 0 1 1 1 0 2004-12 2004-12 2008-03
115 MQ1C 2012-12 2012 Army 946.2 3400.2 31 92 0 1 1 1 1 0 1 1 2005-04 2005-04 2011-03
116 MQ4C 2021-02 2013 Navy 3265.8 9653.5 70 93 0 0 0 0 1 1 0 1 2008-04 2008-04 2015-12
121 MQ8 2014-12 2011 Navy 664.8 1881.3 175 141 0 1 1 1 1 1 0 1 2000-01 2000-01 2007-05
127 MRAP 2007-04 2010 DoD 809.9 35513.1 22882 6 1 1 0 0 0 0 1 1 2007-01 2007-01 2007-01
129 MUOS 2012-11 2010 Navy 4138.2 2896.3 6 90 0 1 0 0 1 0 0 0 2002-09 2004-09 2006-08
132 PAC3 2016-07 2017 Army 971.6 5556.6 1125 143 0 1 1 1 1 1 0 1 2004-08 2004-08 2014-03
133 P8A 2013-11 2009 Navy 6990.6 22489.2 113 160 0 1 0 0 1 1 1 1 2000-03 2004-05 2010-05
138 SDB2 2018-07 2014 AF 1649.5 2177.3 17163 79 0 0 1 1 1 0 0 1 2006-05 2010-07 2014-01
141 SM6 2013-12 2010 Navy 954.8 4958.4 1200 81 0 0 0 0 1 1 0 0 2004-06 2004-06 2009-08
143 SSN774 2007-03 2008 Navy 6233.8 75322.4 30 151 0 1 1 0 1 1 0 0 1994-08 1995-06 2009-07
147 WINT 2013-08 2010 Army 239.7 3227.2 1747 65 0 0 0 0 0 0 1 1 2007-06 2007-06 2010-02
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Sample data set, 48 entries (one observation per MDAP), section 2/3 (next 20 columns) 

 

  

X EVENT EVENT_dt IOC CTES Tech_m Design.m Prod_m TRLe SWAP STRUCT PROP.PW.ENSEN.W SW CONTROL OPER C3I INTEROPINTEG RMA ev.st
1 DR 2008-01 2013-05 1 0 0 0 6 1 0 1 0 0 0 0 0 0 0 0 1.5
5 OA 2004-10 2010-06 14 1 1 0 6 0 0 0 0 0 1 0 1 1 1 0 5.5
8 OT 2006-12 2007-03 4 1 1 0 8 0 0 0 0 1 1 0 0 0 1 1 5.833333
9 FT 2005-09 2011-06 1 1 1 0 6 0 1 0 0 0 0 0 0 0 1 0 -0.58333

10 CDR 2008-06 2014-03 5 0 0 0 6 0 1 0 0 0 0 0 1 1 1 0 6.25
13 FT 2007-06 2009-12 4 1 0 0 8 0 0 0 1 0 0 0 0 1 1 1 4.666667
14 FT 2008-01 2012-01 3 1 1 0 8 0 0 0 0 0 0 0 0 0 0 0 6.5
17 OT 2007-05 2006-11 0 1 1 1 8 0 0 0 0 1 1 1 1 0 1 1 8.333333
18 FT 2008-08 2013-06 0 1 1 0 8 0 1 1 0 0 1 0 0 0 1 1 9.5
21 MSB 2004-04 2016-09 15 0 0 0 6 0 1 0 1 1 1 1 1 1 1 0 3.833333
29 MSB 2005-11 2014-01 12 0 0 0 6 0 0 0 1 1 0 1 0 1 1 0 7.833333
33 CDR 2005-10 2012-12 4 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 2.333333
36 CDR 2005-04 2009-09 5 0 0 0 6 0 0 0 1 1 0 1 0 0 0 0 2.666667
40 CDR 2005-04 2007-08 0 1 0 0 6 0 0 0 0 0 0 0 0 0 0 0 0.416667
42 LUT 2007-02 2008-09 3 1 1 0 6 0 0 0 0 1 1 0 1 1 0 1 9.75
46 LFTE 2014-02 2014-07 3 1 1 0 9 0 0 0 0 1 0 0 0 0 0 0 16.75
47 DR 2006-12 2014-12 4 0 0 0 6 0 1 0 1 1 0 0 1 0 1 1 3.75
48 IOTE 2017-09 2019-09 1 1 1 0 8 0 0 0 0 0 0 0 0 0 0 0 4.25
49 DR 2008-12 2010-02 7 1 0 0 5 0 1 0 0 1 0 0 1 1 1 0 6.25
54 LBT 2013-02 2016-08 6 0 1 0 6 0 0 0 0 1 0 0 0 0 0 1 4.75
56 IOTE 2008-05 2008-08 2 0 0 0 8 0 1 0 1 0 0 1 0 1 1 0 11.58333
58 MSB 2005-12 2015-09 2 0 0 0 6 0 0 1 0 0 0 0 0 0 0 0 2.083333
62 OT 2017-09 2019-02 3 1 1 0 7 0 0 0 0 1 0 1 0 1 0 0 2.166667
63 FT 2007-05 2003-09 3 1 0 0 9 0 0 0 1 1 0 0 1 1 1 1 10.91667
65 DR 2010-02 2010-02 0 1 1 1 7 0 0 0 0 0 0 0 0 0 0 0 2.75
66 OA 2009-01 2012-12 18 1 0 0 8 1 1 0 0 0 0 1 1 0 1 1 2.75
67 MSB 2005-12 2013-09 5 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 0.333333
71 LUT 2014-09 2018-05 2 1 0 0 6 0 0 0 0 0 0 1 0 0 0 1 6.75
75 FT 2008-06 2012-03 8 0 0 0 6 1 1 1 0 1 0 1 0 0 1 0 11.58333
84 MSB 2004-04 2011-02 6 0 0 0 6 1 0 0 0 0 1 0 0 1 1 0 0
91 MSB 2011-02 2017-08 3 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 0
97 MSB 2004-06 2007-09 19 0 0 0 6 1 1 1 0 0 0 0 0 0 0 0 1.75

103 DR 2005-10 2014-02 6 1 0 0 6 0 0 0 0 0 0 1 0 0 1 0 4.25
105 IOTE 2007-03 2007-05 0 1 1 1 8 1 1 1 0 0 0 1 1 0 0 0 0.75
106 LUT 2012-08 2017-04 0 0 0 0 7 0 1 0 1 1 1 1 0 0 1 1 5.166667
112 IOTE 2012-03 2012-12 2 1 1 0 8 0 1 0 0 0 0 1 1 0 0 0 3.333333
114 DR 2006-05 2009-03 4 0 0 0 6 0 0 0 0 1 0 0 1 1 1 0 1.416667
115 IOTE 2012-08 2012-06 5 0 1 0 8 0 0 0 1 0 0 1 0 1 1 0 7.333333
116 DT 2012-09 2016-01 1 1 0 0 8 0 0 0 0 1 0 0 0 0 1 0 4.416667
121 EFR 2011-03 2009-08 0 1 1 0 9 0 0 0 1 0 0 1 1 1 0 1 11.16667
127 OT 2009-12 2007-10 2 0 0 0 8 0 0 0 0 0 0 0 0 0 0 1 2.916667
129 OT 2009-11 2011-12 8 1 1 0 7 0 0 0 0 0 0 0 1 1 1 1 7.166667
132 IOTE 2017-12 2016-12 4 1 1 1 8 0 0 0 0 0 0 1 0 0 0 0 13.33333
133 OA 2009-10 2013-07 4 0 0 0 6 1 0 0 0 0 0 0 0 0 1 0 9.583333
138 FT 2014-12 2017-01 4 0 0 0 6 0 0 0 0 0 0 0 0 0 0 0 8.583333
141 OT 2010-05 2011-03 7 1 1 0 7 0 0 0 1 1 1 0 0 1 0 0 5.916667
143 IOTE 2009-04 2006-11 3 0 0 0 8 0 0 0 0 0 0 0 0 0 1 0 14.66667
147 LUT 2009-03 2012-11 15 1 0 0 8 0 0 0 0 1 0 1 1 1 1 1 1.75
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Sample data set, 48 entries (one observation per MDAP), section 3/3 (last columns) 

 

  

X B.st ev.B C.ev C.B actIev act.B act.C act.yrs RSC t.mat NM Type complex_sys SoS_part CC.Sked Eng Eng.1 Eng.2 LN.RD.M LN.P.M
1 0 1.5 2.25 3.75 5.8333 7.3333 3.5833 7.3333 0.1282 0 0 AIR 0 1 145.6 0 2084 0 6.988321 8.76238
5 2.4167 3.0833 -0.333 2.75 10.75 13.833 11.083 16.25 0.7568 0 0 SPACE 1 0 1092.5 43.1 42.9 0 8.416488 7.198931
8 0 5.8333 -3.5 2.3333 3.5 9.3333 7 9.3333 0.8065 1 0 C3I 1 0 0 0 0 48.4 6.336826 7.501082
9 0 -0.583 3 2.4167 6.8333 6.25 3.8333 6.25 0.2097 0 0 MSL 1 0 0 0 0 0 5.342334 7.16858

10 4.9167 1.3333 3.0833 4.4167 6.5 7.8333 3.4167 12.75 0.8 0 0 C3I 0 1 0.7 0 0 0 6.326149 4.779123
13 1.8333 2.8333 1.1667 4 5.25 8.0833 4.0833 9.9167 0.8308 1 0 AIR 1 0 116.9 0 0 0 6.364579 6.316984
14 0 6.5 0.4167 6.9167 4.9167 11.417 4.5 11.417 -0.213 1 1 AIR 1 0 240.3 77.6 69.2 69.2 7.589842 8.12338
17 0 8.3333 -4.25 4.0833 6.75 15.083 11 15.083 1.1807 1 0 AIR 1 0 2.9 14.4 13.9 0 5.913503 6.4708
18 2.75 6.75 -0.417 6.3333 5.5 12.25 5.9167 15 0.295 1 1 AIR 1 0 564.9 -54.9 -52.3 -87.6 7.464739 9.512849
21 3.8333 0 3.25 3.25 13.333 13.333 10.083 17.167 0.3826 0 0 SEA 1 1 265.8 -963.6 -688.9 0 8.314881 10.15244
29 6.1667 1.6667 0 1.6667 15.083 16.75 15.083 22.917 1.1484 0 0 SEA 1 1 85.8 -249.7 -682.7 3255.2 7.647309 0
33 0 2.3333 3.4167 5.75 8.9167 11.25 5.5 11.25 0.4063 0 0 AIR 0 1 652.5 480.3 374.3 269 8.16962 9.213535
36 1.3333 1.3333 2 3.3333 4.4167 5.75 2.4167 7.0833 0.2319 0 0 AIR 1 0 72.4 -9.7 0 68.5 7.57748 8.724679
40 0 0.4167 0.1667 0.5833 4.1667 4.5833 4 4.5833 0.0577 0 0 GND 1 0 0 0 0 0 3.951244 6.36647
42 0 9.75 -1.75 8 4.5 14.25 6.25 14.25 0.2574 0 0 GND 1 0 0.1 0 165.9 0 6.784457 7.074709
46 0 16.75 -8.75 8 -2.5 14.25 6.25 14.25 -0.17 1 1 GND 1 0 -3.3 11 11.1 0 7.037555 6.555357
47 0 3.75 6 9.75 11.583 15.333 5.5833 15.333 0.3835 0 0 AIR 1 0 65 0 0 0 8.325718 7.484874
48 0 4.25 -1.083 3.1667 2.25 6.5 3.3333 6.5 0.04 1 0 AIR 1 0 0 0 0 0 7.073609 5.902633
49 0 6.25 1.1667 7.4167 11 17.25 9.8333 17.25 0.6047 0 0 C3I 0 1 9.2 0 0 0 7.29295 7.542797
54 0 4.75 0.4167 5.1667 5.8333 10.583 5.4167 10.583 -0.038 0 0 GND 1 0 -0.1 0 0 0 6.795818 7.666737
56 0 11.583 0.1667 11.75 0.25 11.833 0.0833 11.833 -6E-15 1 1 AIR 1 0 0 0 0 0 7.515453 9.17886
58 2.0833 0 7 7 14 14 7 16.083 0.6496 0 0 AIR 1 0 0 0 0 0 8.302266 9.330432
62 0 2.1667 -0.167 2 2.25 4.4167 2.4167 4.4167 0.3947 1 0 MSL 1 0 -13 0 0 0 6.905052 8.488588
63 2.4167 8.5 -5.417 3.0833 -3.9167 4.5833 1.5 7 -0.034 1 1 MSL 1 0 213 14.7 108.3 8.1 7.250139 8.293925
65 0 2.75 -2.75 0 0.5833 3.3333 3.3333 3.3333 0.25 1 0 AIR 1 0 0 0 0 0 4.744062 8.208083
66 0 2.75 -0.667 2.0833 3.9167 6.6667 4.5833 6.6667 0.6667 1 0 SEA 1 0 0 0 0 0 4.848116 8.148156
67 0 0.3333 4.75 5.0833 10.75 11.083 6 11.083 0.3711 0 0 AIR 0 1 -43 0 0 0 7.520235 8.34759
71 4.6667 2.0833 0.6667 2.75 5.5 7.5833 4.8333 12.25 0.176 0 0 GND 1 0 0 0 0 0 6.889591 10.02803
75 4.9167 6.6667 -1 5.6667 7.0833 13.75 8.0833 18.667 0.792 0 1 AIR 1 1 8797.1 9686.7 12789 12789 10.75453 12.19318
84 0 0 4.4167 4.4167 8.25 8.25 3.8333 8.25 0.1647 0 0 C3I 0 1 334.5 0 0 0 6.2186 9.074292
91 0 0 4.5 4.5 7.6667 7.6667 3.1667 7.6667 0.1795 0 0 AIR 1 0 -53.1 0 0 0 8.839335 10.41941
97 1.75 0 0.5 0.5 9.8333 9.8333 9.3333 11.583 1.2419 0 0 SEA 1 1 147.4 116.7 64.3 0 7.325083 8.220753

103 3.8333 0.4167 1.25 1.6667 10.917 11.333 9.6667 15.167 0.2053 0 0 SEA 1 1 0 0 0 0 5.358 8.000316
105 0 0.75 -0.75 0 0.1667 0.9167 0.9167 0.9167 -2E-13 1 0 AIR 1 0 -2.1 84.9 0 0 1.481605 7.49025
106 0 5.1667 0.8333 6 4.8333 10 4 10 0.6901 1 0 GND 1 0 0 0 0 0 6.909254 8.635989
112 0 3.3333 -2.083 1.25 0.75 4.0833 2.8333 4.0833 0.4412 1 0 AIR 1 0 0 0 0 0 5.035653 9.443268
114 0 1.4167 1.8333 3.25 4.6667 6.0833 2.8333 6.0833 0.46 0 0 C3I 1 0 -6 296.7 0 0 6.035721 5.3303
115 0 7.3333 -1.417 5.9167 0.3333 7.6667 1.75 7.6667 1E-14 1 0 AIR 1 0 0 -101.4 401.4 0 6.85351 8.131884
116 0 4.4167 3.25 7.6667 8.4167 12.833 5.1667 12.833 0.6559 1 0 AIR 1 1 168.7 19.2 0 0 8.091566 9.175179
121 0 11.167 -3.833 7.3333 3.75 14.917 7.5833 14.917 0.2695 1 0 AIR 1 1 -2.5 12.5 81.7 35.7 6.500989 7.54025
127 0 2.9167 -2.917 0 -2.6667 0.25 0.25 0.25 -0.5 1 0 GND 1 1 0 0 0 0 6.698145 10.47769
129 2 5.1667 -3.25 1.9167 3 8.1667 6.25 10.167 0.3556 1 0 SPACE 0 1 0 0 0 0 8.328258 7.971535
132 0 13.333 -3.75 9.5833 -1.4167 11.917 2.3333 11.917 6E-15 1 0 MSL 1 1 -30.6 0 0 0 6.879973 8.622922
133 4.1667 5.4167 0.5833 6 4.0833 9.5 3.5 13.667 0.025 0 0 AIR 0 1 329.1 137.8 165.4 -352.1 8.852465 10.02083
138 4.1667 4.4167 -0.917 3.5 3.5833 8 4.5 12.167 0.8481 0 0 AIR 0 1 -26 0 0 0 7.408834 7.6863
141 0 5.9167 -0.75 5.1667 3.5833 9.5 4.3333 9.5 0.4074 1 0 MSL 0 1 0 0 0 0 6.862549 8.50904
143 0.8333 13.833 0.25 14.083 -2.0833 11.75 -2.3333 12.583 1E-14 1 0 SEA 1 0 7689.6 956 956 1272.3 8.737902 11.22955
147 0 1.75 0.9167 2.6667 4.4167 6.1667 3.5 6.1667 0.1385 1 0 C3I 0 1 0 0 0 0 5.483551 8.07968
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Appendix A-2.  System maturity additional information 

A-2-1 GAO Technology maturity binary logistic regression validation 

Fourteen (~10%) of 151 observations were selected at random (using the Minitab 

RAND function) and reserved as a test set (observations 6, 15, 32, 44, 45, 5, 59, 93, 108, 

127, 143, 147, 151, 154).  Minitab was used to perform linear regression on 90% subset 

of global dataset, used backwards elimination option, α to remove = 0.1.  Model 

performance is summarized in Figure A-2-1. 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 

 

  

 

 

 

Figure A-2-1. GAO Technology maturity (Tech_m) trained model summary. 

  

Term Coef SE Coef 95% CI Z-Value P-Value VIF 

Constant 11.68 2.40 (6.98, 16.39) 4.87 0.000    

LN.RD.M -1.696 0.370 (-2.422, -0.970) -4.58 0.000 4.83 

Cycle.Mo 0.01352 0.00814 (-0.00243, 0.02947) 1.66 0.097 2.81 

C.ev -0.449 0.108 (-0.662, -0.237) -4.14 0.000 2.76 

Eng.2 0.000437 0.000177 (0.000090, 0.000784) 2.47 0.013 3.00 

Req_Uns                   

  1 -2.294 0.687 (-3.640, -0.948) -3.34 0.001 2.00 

Joint                   

  1 -2.884 0.951 (-4.747, -1.021) -3.03 0.002 2.31 

DEPEND                   

  1 -1.162 0.601 (-2.340, 0.017) -1.93 0.053 1.47 

COML                   

  1 -1.412 0.702 (-2.788, -0.035) -2.01 0.044 1.81 

Prototype                   

  1 2.224 0.719 (0.814, 3.634) 3.09 0.002 2.21 

SWAP                   

  1 -1.629 0.872 (-3.337, 0.079) -1.87 0.062 1.39 

SW                   

  1 3.057 0.739 (1.609, 4.504) 4.14 0.000 2.00 

C3I                   

  1 1.896 0.705 (0.514, 3.277) 2.69 0.007 1.82 

INTEROP                   

  1 1.375 0.638 (0.124, 2.625) 2.15 0.031 1.69 

INTEG                   

  1 -1.715 0.600 (-2.891, -0.539) -2.86 0.004 1.52 

SoS_part                   

  1 -1.010 0.590 (-2.168, 0.147) -1.71 0.087 1.45 
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A-2-2 Technology maturity predictor performance 

 The Minitab model compared the probability that a TRL was a specific value to a 

detection threshold probability, and a detection was recorded if the threshold probability 

was exceeded.  Performance by threshold is summarized in figure A-2-1.  These model 

results are compared to SPSS crosstab predictor performance output in Table A-2-2.  

 

Figure A-2-2.  TRLe threshold detection performance. 

0.15 0.2 0.25 0.3 0.4 0.5 0.75 EV 0.15 0.2 0.25 0.3 0.4 0.5 0.75

5 0 0 0 0 0 0 0 4 5 0.00 0.00 0.00 0.00 0.00 0.00 0.00

6 38 37 35 32 29 26 8 41 6 0.42 0.35 0.30 0.25 0.22 0.20 0.07

7 16 13 9 0 0 0 0 24 7 0.16 0.13 0.09 0.00 0.00 0.00 0.00

8 52 50 48 43 35 27 0 55 8 0.78 0.63 0.51 0.38 0.30 0.23 0.00

9 25 23 22 19 17 14 3 27 9 0.21 0.19 0.17 0.15 0.13 0.11 0.02

P(X
2
) 0.126 0.033 0.003 5E‐07 1E‐08 5E‐11 3E‐27

0.15 0.2 0.25 0.3 0.4 0.5 0.75

5 0.03 0.03 0.03 0.03 0.03 0.03 0.02

6 0.53 0.37 0.25 0.14 0.07 0.04 0.00

7 0.34 0.29 0.27 0.22 0.16 0.13 0.01

8 0.84 0.70 0.51 0.28 0.16 0.08 0.02

9 0.23 0.21 0.16 0.15 0.11 0.09 0.00
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False Positives 215 Specificity 0.644
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False Negatives 20 F1 Score 0.527



97 
 

Appendix A-3.  Relative Schedule Change additional information 

A-3-1 RSC Linear Regression Analysis validation 

Fourteen (~10%) of the global dataset (151 observations) were selected at random 

(using the Minitab RAND function) and reserved as a test set (observations 6, 15, 32, 44, 

45, 5, 59, 93, 108, 127, 143, 147, 151, 154).  The RSC linear regression model was used 

on the 137 remaining observations, using backwards elimination option, α to remove = 

0.05.  The reduced model, like the global model, indicates non-normality of residuals, 

and outliers and leverage points, and is summarized in Figure A-3-1. 

 

 
 

 

 

 

 

 

 

 

 

 

Figure A-3-1. RSC model validation summary. 

A-D test p-value < 0.05. 
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A-3-2 Statistically significant RSC predictor variables by commodity Type. 

 Table A-3-1 predictors are grouped in order by Resource, Schedule, Program, and 

OT. Two VIFs are above 5 but less than 10 and are highlighted. 

Table A-3-1.  Commodity Type linear regression significant predictors. 

 

 Table A-3-2 summarizes Mood’s median test results to see if any integration (OT) 

issues were observable in the dataset. 

Table A-3-2. Test of complex system and SoS integration issues. 

 

Coef Contrib p VIF Coef Contrib p VIF Coef Contrib p VIF Coef Contrib p VIF Coef Contrib p VIF
LN.P.M 0.154 1.76% 0.000 5.79 -0.102 50.92% 0.000 2.00
LN.RD.M -0.177 4.70% 0.000 4.17     0.184 1.58% 0.001 3.59
Cycle.Mo -0.006 22.96% 0.000 3.14 -0.004 6.80% 0.000 2.12 -0.008 21.61% 0.000 6.96
B.st 0.076 21.45% 0.000 2.23
COML -0.093 29.37% 0.038 3.15 -0.528 40.61% 0.000 1.28
DEPEND -0.072 1.48% 0.034 1.71 0.199 5.47% 0.003 2.30
Joint
NM 0.064 0.65% 0.078 1.70  -0.386 4.31% 0.000 2.99
PM.oth -0.153 31.12% 0.000 1.65 -0.372 5.77% 0.000 4.63 0.199 5.47% 0.003 2.30
Prototype -0.162 0.72% 0.000 1.34 -0.469 27.50% 0.000 2.37 -0.272 4.59% 0.008 2.36
Req_Uns -0.203 9.21% 0.003 1.52
Restr 0.151 0.64% 0.051 1.41
complex_sys 0.447 7.96% 0.000 2.30
SoS_part 0.413 17.38% 0.000 2.50
Tech_m -0.474 9.16% 0.000 2.19
C3I    
CONTROL -0.082 0.00% 0.075 2.14 0.150 1.45% 0.003 1.55    -0.189 3.62% 0.060 1.68 0.401 28.59% 0.000 1.53
INTEG 0.721 21.33% 0.001 1.71 0.135 0.16% 0.005 1.69
INTEROP   -0.345 6.77% 0.001 3.42
OPER -0.069 0.86% 0.051 1.82
PROP.PW.EN 0.093 3.43% 0.016 1.61 0.215 6.65% 0.000 2.30
RMA 0.087 0.98% 0.001 1.74 0.362 14.63% 0.001 1.95
SEN.W -0.101 0.34% 0.001 2.70 -0.210 3.45% 0.020 1.66
STRUCT 0.143 4.29% 0.000 2.12 0.155 1.34% 0.003 1.66 0.251 16.94% 0.000 2.56
SW -0.085 1.26% 0.023 2.01 -0.275 3.64% 0.000 4.53 -0.346 24.68% 0.001 2.57
SWAP 0.085 0.59% 0.004 2.25

AIR C3I SEA GND MSL & SPACE

OT issue 0 1 p-value 0 1 p-value 0 1 p-value

C3I 0.198 0.138 0.724 0.178 0.313 0.069 0.168 0.148 0.565

CONTROL 0.198 0.138 0.739 0.178 0.313 0.010 0.147 0.245 0.041

INTEG 0.083 0.205 0.435 0.021 0.221 0.001 0.025 0.202 0.899

INTEROP 0.183 0.165 0.921 0.176 0.257 0.249 0.168 0.172 0.729

OPER 0.329 0.145 0.240 0.179 0.191 0.539 0.179 0.149 0.230

PROP.PW.EN 0.165 0.183 0.956 0.179 0.191 0.318 0.147 0.176 0.066

RMA 0.283 0.114 0.102 0.179 0.210 0.341 0.179 0.145 0.568

SEN.W 0.138 0.287 0.163 0.179 0.270 0.249 0.149 0.214 0.996

STRUCT 0.121 0.329 0.038 0.176 0.209 0.123 0.121 0.209 0.830

SW 0.168 0.211 0.761 0.172 0.232 0.011 0.148 0.213 0.011

SWAP 0.168 0.370 0.546 0.179 0.383 0.243 0.172 0.148 0.436

Mood's Median Test Summary - Median RSC for OT issue (row) (0 = 
FALSE, does not have issue, 1= TRUE,has issue)

SoS-part complex_sys Global
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Appendix A-4.  Integration issues additional information 

 Table A-4-1 summarizes the number of issues found by EVENT (such as CDR) 

and OT factor (such as SW) for the global dataset.  The values in the 0 column are the 

number of times there was no issue reported by DOTE, and values in the 1 column are 

the number of times an issue was reported for that factor in that EVENT.  

Table A-4-1. Table of OT issues by EVENT. 

 

 

0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 sum 0 1
CDR 6 0 5 1 6 0 4 2 4 2 6 0 5 1 5 1 5 1 4 2 6 0 6 56 10

DR 8 2 4 6 8 2 7 3 6 4 9 1 7 3 7 3 7 3 4 6 8 2 10 75 35
DT 8 2 8 2 8 2 6 4 6 4 10 0 7 3 5 5 3 7 5 5 6 4 10 72 38

EFR 3 1 2 2 2 2 0 4 4 0 4 0 1 3 3 1 2 2 2 2 1 3 4 24 20
FOTE 8 0 8 0 8 0 7 1 8 0 8 0 5 3 7 1 5 3 6 2 7 1 8 77 11

FT 21 4 12 13 18 7 12 13 12 13 17 8 14 11 16 9 15 10 7 18 10 15 25 154 121
IOTE 16 1 13 4 15 2 12 5 15 2 17 0 7 10 11 6 11 6 12 5 11 6 17 140 47
LBT 9 1 3 7 8 2 6 4 7 3 9 1 4 6 7 3 7 3 2 8 5 5 10 67 43

LFTE 5 2 3 4 4 3 7 0 6 1 6 1 2 5 5 2 5 2 7 0 5 2 7 55 22
LUT 6 3 7 2 7 2 6 3 2 7 7 2 2 7 3 6 4 5 4 5 2 7 9 50 49

MSB 5 3 6 2 6 2 6 2 5 3 5 3 6 2 7 1 4 4 4 4 8 0 8 62 26
MSC 2 0 2 0 2 0 1 1 1 1 2 0 1 1 2 0 1 1 1 1 1 1 2 16 6

OA 17 2 13 6 16 3 14 5 13 6 15 4 9 10 13 6 8 11 6 13 10 9 19 134 75
OT 12 2 9 5 10 4 11 3 7 7 8 6 6 8 10 4 7 7 6 8 5 9 14 91 63

QRA 2 0 1 1 1 1 1 1 1 1 2 0 0 2 1 1 1 1 1 1 2 0 2 13 9
All 128 23 96 55 119 32 100 51 97 54 125 26 76 75 102 49 85 66 71 80 87 64 151

CONTROL AllSWAP STRUCT PROP.PW.EN SEN.W SW OPER C3I INTEROP INTEG RMA


