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Abstract   

Analyzing Requirement Statement Qualities to Assure the Required 

System Performance  
 

Poor requirements definition can adversely impact system cost and performance for 

government acquisition programs.  This can be mitigated by ensuring requirements 

statements are written in a clear and unambiguous manner with high linguistic quality.  

This paper introduces a statistical model that uses requirements quality factors to predict 

the probability of satisfying the required system operational performance.  This work 

explores four classification techniques (Logistic Regression, Naïve Bayes Classifier, 

Support Vector Machine, and K Nearest Neighbor) to develop the predictive model.   

This model is created using empirical data from current major acquisition programs 

within the federal government.  Operational Requirements Documents and Operational 

Test Reports are the data sources, respectively, for the system requirements statements 

and the accompanying operational test results used for model development.  A 

commercial-off-the-shelf requirements quality analysis tool is used to determine the 

requirements linguistic quality metrics used in the model.  The predictive value of the 

model is confirmed through a sensitivity analysis, cross-validation, and an overfitting 

analysis followed by a Receiver Operating Characteristic comparative assessment of 

model performance.  Lastly, five case studies are explored to demonstrate model 

performance against general data.    

In all, the results establish that requirements quality is indeed a predictive factor for 

end system operational performance; and the resulting statistical model can influence 

requirements development based on likelihood of successful operational performance.     
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Chapter 1 - Introduction 

 

1.1 Problem Statement  

Requirements definition and quality have historically been problematic areas within 

the systems engineering process (Sutcliffe, Economou, & Markis, 1999).  This is further 

compounded as requirements statements are evermore constructed in natural language 

sentences; leading to increased potential for ambiguity and misinterpretation.  There is 

ample research in the technical literature indicating that errors, gaps, and vagueness in 

requirements contribute to system deficiencies, incomplete system test plans, and 

unsatisfactory system performance.  In addition, a litany of Government Accountability 

Office (GAO) reports have been written highlighting the preponderance of poor 

requirements development and management in government acquisition programs.  This 

has been such a significant issue that the 2009 Weapon Systems Acquisition Reform Act 

explicitly requires the Department of Defense (DoD) to address and improve its 

performance requirements.  Despite the well documented acknowledgement that poor 

requirements quality leads to “downstream” issues with defects and performance, the 

problem remains. This problem, however, could be better managed if there were a means 

to predict the probability of satisfying required end-system operational performance 

following requirements development.  This would enable quick identification of deficient 

requirements needing remedy based on their adverse impact on performance.  Hence, this 

research addresses predictive modeling based on analysis of requirements statement 

linguistic qualities to ensure required end-system operational performance.   
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1.2 Research Methodology, Hypothesis, and Questions 

This dissertation focuses on the issue of operational requirements quality defects and 

their influence on performance for DoD and Department of Homeland Security (DHS) 

operational systems.  The research approach employed for this dissertation is captured in 

the process flow diagram shown in Figure 1-1.  The working hypothesis for this research 

is listed as follows: 

H1:  Required end-system operational performance can be determined through use of 

predictive modeling based on requirements statements linguistic quality factors  

The null hypothesis for this dissertation is as follows: 

H0:  Required end-system operational performance cannot be determined through use 

of predictive modeling based on requirements statements linguistic quality factors  

In addition, the following research questions will be answered in this research: 

a. Which requirements quality defects have the most significant impact on 

performance? 

b. Which system type (information technology, aircraft, munition, ship, and satellite) 

has the most issues with requirements quality? 

c. What are the descriptive statistics for the requirements quality defects observed in 

the empirical data? 

d. Can logistic regression and machine learning approaches provide satisfactory 

predictive classification performance for predicting operational performance 

based on requirements quality factors? 
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Figure 1-1:  Research Approach 
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1.3 Background on Federal Agency Acquisition Life Cycle Processes 

Given this research leverages information and data captured from current DoD and 

DHS acquisition programs, it’s appropriate to provide background on the acquisition life 

cycle processes for each agency along with a description of the process artifacts used in 

this research.  A description of the DoD process is provided first, followed by a 

description of the DHS process.  While artifact nomenclature may differ, the processes 

for the two agencies are somewhat similar. 

1.3.1 Department of Defense Acquisition Life Cycle 

The DoD acquisition life cycle process is a management process supporting 

development of effective, affordable, and timely systems to the users.  As shown in 

Figure 1-2, the process is structured across five acquisition phases: 

 Material Solution Analysis.   

 Technology Development. 

 Engineering and Manufacturing Development.  

 Production and Deployment. 

 Operations and Support. 
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Figure 1-2:  DoD Acquisition Life Cycle Process ((AT&L), 2013) 

 

The Material Solution Analysis phase yields the analysis and other activities 

necessary to identify any capability gaps and define them in terms of a functional area or 

desired effects ((AT&L), 2013).  These gaps are summarized in an Initial Capabilities 

Document (ICD).  This analysis also informs selection of the concept for the product to 

be acquired, translates validated capability gaps into system-specific requirements 

including Key Performance Parameters (KPPs), and determines the acquisition strategy 

for the product.  KPPs are generally those five to eight most critical requirements for the 

system.  These are considered so significant, that failure to satisfy one of the KPPs could 

result in cancellation of the program. 

The Technology Development phase reduces technology, engineering, integration and 

life cycle cost risk to support a decision to execute a contract for Engineering and 

Manufacturing Development (EMD) with confidence in successful program execution for 

development, production, and sustainment ((AT&L), 2013).  This phase generates the 

Capability Development Document (CDD) that captures the operational user 

requirements and identifies the most critical of those requirements as KPPs. 
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The EMD phase results in the development, build, and test of a product to verify that 

all operational and derived requirements have been satisfied and support production or 

deployment decisions ((AT&L), 2013).  This phase includes the conduct of Operational 

Test and Evaluation (OT&E) of the system to validate the system’s effectiveness and 

suitability.  The KPPs identified in the Material Solution analysis phase will be tested in 

an operational environment during this phase. 

The Production and Deployment phase produces and delivers requirements-compliant 

products to receiving military organizations.  The documented results of OT&E are 

reviewed during this phase and will inform the decision to approve proceeding to full-rate 

production or full deployment ((AT&L), 2013).  Any critical deficiencies identified 

during testing will be resolved prior to proceeding to full-rate production or full 

deployment.  Once resolved, follow-on test and evaluation will verify any resulting 

remedial actions.  

The Operations and Support phase executes the product strategy, satisfies materiel 

readiness and operational support performance requirements, and sustains the system 

over its life cycle, including system disposal ((AT&L), 2013).  This phase ensures 

resources for facilities, tools, and equipment are programmed for each level of 

maintenance that will provide product support; and will establish the necessary organic 

depot maintenance capability.   

1.3.2 Department of Homeland Security Acquisition Life Cycle Framework 

The DHS Acquisition Life Cycle Framework provides a structure for planning and 

executing department acquisitions that incorporates proven acquisition practices for 

program management, systems engineering, contracting, sustainment support, test, and 
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evaluation.  This Framework, depicted in Figure 1-3, includes four acquisition phases 

aligned with nine technical phases of the Systems Engineering Life Cycle (SELC).   

 

Figure 1-3:  DHS Acquisition Life Cycle Framework (USM, 2011) 

 

The first acquisition phase, the Need Phase, defines the operational problem to be 

addressed.  A Mission Need Statement (MNS) is developed to clearly and accurately state 

the capability gap or need that prevents the Department from fully executing its missions 

and tasks.  This phase includes engagement with end users and operators to identify the 

threat or scenario to which DHS must respond and identification of required capabilities 

to address the threat or scenario (USM, 2011).  This phase culminates with Department 

officials identifying that there is a need consistent with DHS’s strategic plan, justifying 

an investment in a new capability and the establishment of an acquisition program to 

produce that capability.  
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Analyze/Select is the next phase in the acquisition process.  This phase identifies and 

examines alternative means to address validated user mission capability gaps with 

effective, suitable, and affordable solutions (USM, 2011).  During this phase an 

Operational Requirements Document (ORD) is developed to capture the operational user 

requirements and identify the most critical of those requirements as KPPs.  Note, the 

ORD is equivalent to the CDD developed in the DoD Acquisition Life Cycle.  This phase 

culminates with the Acquisition Decision Authority (ADA) designating a qualified 

official to manage the program; and this program manager subsequently reviews 

alternative approaches to meeting the need, and recommends a best option to the ADA.  

The third phase in the acquisition process is the Obtain Phase.  This phase develops, 

tests, and evaluates the preferred capability materiel solution selected to obtain the 

capability and prepares it for the Produce/Deploy/Support phase (USM, 2011).  

Operational testing is conducted during this phase; and results from operational testing 

are used to determine the operational effectiveness and suitability of the system       

(USM, 2011).  Moreover, the KPPs identified in the Analyze/Select phase will be tested 

in an operational environment during this phase.  This phase culminates as evaluation 

results are captured in an Operational Test Report that will inform the decision to proceed 

to the Produce/Deploy/Support phase.   

The fourth and final acquisition phase is Produce/Deploy/Support.  This phase 

delivers the new capability to its operators, and maintains the capability until it is retired 

(USM, 2011).  This phase includes sustainment, which begins when a capability has been 

fielded for operational use. Sustainment involves the supportability of fielded systems 
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through disposal, including maintenance and the identification of cost reduction 

opportunities (USM, 2011).    

1.3.3 DoD and DHS Acquisition Process Application to this Research  

The data sources for this research are the KPP requirements statements contained in 

the ORDs and CDDs along with the KPP performance results captured in the Operational 

Test Reports.  The ORDs are generated in the Analyze/Select Phase of the DHS 

Acquisition Life Cycle Framework; and the CDDs are developed in the Technology 

Development Phase of the DoD Acquisition Life Cycle.  The Operational Test Reports 

are developed in the Obtain Phase and the EMD Phase, respectively, for the DHS 

Acquisition Life Cycle Framework and DoD Acquisition Life Cycle.   Additional 

discussion on application of the data used in this research is provided in Chapter 3 of this 

dissertation.   

1.4 Contributions Summary 

This research on the predictive relationship between requirements quality and system 

performance provides the following major contributions: 

 Empirical Description of Current DoD and DHS Acquisition Program 

Requirements Quality. 

 Requirements Quality Predictive Performance Modeling Development 

Methodology.   

 Comparison of Logistic Regression and Machine Learning Predictive 

Performance Modeling Techniques. 

 Additional Research for Requirements Quality Predictive Performance Modeling. 
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The remaining chapters of this paper are outlined as follows:  Chapter 2 provides the 

descriptive statistics and introduces the methodology for the predictive model 

construction and validation based on empirical data from current federal government 

acquisition programs, and describes the data and the tools used for requirements and 

statistical analysis.  In Chapter 3, four predictive models are established.  Binary logistic 

regression (BLR) is employed first followed by three machine learning techniques.  

These techniques include a Naïve Bayes Classifier (NBC), Support Vector Machine 

(SVM), and K-Nearest Neighbor (KNN). In Chapter 4, results from BLR are then 

compared to the machine learning techniques to determine best predictive performance.  

This comparison includes model validation, sensitivity analysis, assessment of model 

generalization, and examination of Receiver Operating Characteristic (ROC).  A 

discussion of the analysis is provided in Chapter 5; and a summary and conclusions are 

discussed in Chapter 6.  Appendix A contains the requirements linguistic defect data used 

to develop the predictive models, and Appendices B through F provide case studies to 

demonstrate predictive model performance using general data.  
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Chapter 2 - Literature Review 

 

The current technical literature is replete with discussion regarding the challenges 

with natural language requirements and the need for metrics and tools to assess 

requirements quality.  The following are specific areas within the body of knowledge 

related to the research presented in this dissertation: 

 Requirements quality relationship to project success. 

 Requirements quality defects.  

 Requirements quality analysis tools. 

 Requirements defect detection and prediction techniques. 

 Predictive Performance Assessment. 

2.1 Requirements Quality Relationship to Project Success 

The Government Accountability Office (Government, 2008b) reviewed eleven 

representative DoD Weapon Systems acquisition programs and found that poor 

requirements analysis and lack of specifying achievable, high-quality requirements within 

the systems engineering discipline were contributing factors that led to system 

performance problems and hindered program success.  The GAO recommended DoD 

observe Industry best practices for systems engineering that include:  

 Validating product requirements for quality to ensure they are sufficiently clear, 

precise, measurable, and comprehensive (Government, 2008b).  

 Ensuring that requirements address reliability and readiness prior to making a 

commitment to developing and building a new product (Government, 2008b) .  
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 Rating different attributes of the design, including clarity of engineering 

requirements, consequences of defects on performance or manufacturability, and 

verification complexity (Government, 2008b).  

Agarwal and Rathod (Agarwal & Rathod, 2006) conducted an exploratory survey of 

three potentially different stakeholders of software developers; developers, project 

managers, and customer accounts managers to ascertain criteria for assessing 

performance of software projects.  Agarwal and Rathod surveyed 61 software 

organizations within India that had achieved high software process maturity as reflected 

by their respective Capability Maturity Model (CMM) levels.  The survey revealed a 

common view across the disparate stakeholders that project cost, project completion time, 

system functionality, and quality were important criteria for assessing software project 

performance, with system functionality as the foremost criterion in defining project 

success (Agarwal & Rathod, 2006).  This result was important given the initial thesis that 

each stakeholder viewed project success solely from their respective lenses.  Now that a 

common set of project success criteria has been identified, Agarwal and Rathod 

recommend leveraging these criteria for further study to build a comprehensive project 

evaluation framework (Agarwal & Rathod, 2006).   

Cerpa et al. (Cerpa, Bardeen, Kitchenham, & Verner, 2010) conducted an empirical 

investigation that identified six statistically significant indicators that are correlated with 

project outcome.  These indicators are 1) level of confidence the customer has in the 

project manager, 2) the overall quality of requirements, 3) accuracy of schedule 

estimates, 4) project manager communication, 5) adequate time allocated for each of the 

development phases, and 6) collaboration amongst the development team                  
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(Cerpa et al., 2010).  This revelation of a statistically significant  indicator correlation 

means a modeling approach such as logistic regression can be potentially used to predict 

project success.    

Suma and Shubhamangala  (Suma & Shubhamangala, 2013) assert system 

requirements must meet the highest levels of quality in terms of being complete, 

consistent, and unambiguous if the user is to be satisfied with system functionality and 

performance.  The authors’ research shows that poor requirements quality affects system 

development and results in the following impacts:  Increase in system cost and schedule, 

decrease in system quality and performance, increase in maintenance, and user 

dissatisfaction (Suma & Shubhamangala, 2013).  Hence, requirements quality impacts 

project success.   

Yang, Chen, and Huang (Yang, Chen, & Huang, 2012) conducted a comprehensive 

survey of the Taiwanese construction industry and found a correlation between the 

Requirements Development and Management (RDM) effort and project performance; 

thereby indicating the criticality of requirements quality to project success (Yang et al., 

2012).  Additionally, Yang et al. assert the RDM effort may improve requirements 

quality in terms of correctness, consistency, and completeness (Yang et al., 2012).  In 

turn, these requirements quality improvements would boost project performance.  

Overall, the research findings indicate successful project performance can be 

accomplished through higher requirements quality, better requirements documentation, 

verification, and validation.   
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Firesmith (Firesmith, 2005) states good quality requirements share several attributes 

such as being consistent, necessary, unambiguous, and verifiable.  One significant 

attribute is that of completeness.  The author asserts incomplete requirements occur 

because it takes more effort, time, and training to accomplish the extra work needed to 

make requirements complete; it’s difficult to know just how complete requirements 

should be given resource constraints for the requirements team; and subject matter 

experts and other sources of requirements often take information for granted and omit it 

during requirements engineering (Firesmith, 2005).  Moreover, an incomplete 

requirement leads to user dissatisfaction with the system; underestimated cost and 

schedule for system development; and unverifiable requirements due to ambiguity 

(Firesmith, 2005).  Therefore, requirements quality affects the user’s perspective on 

project success.    

Genova et al. (Génova, Fuentes, Llorens, Hurtado, & Moreno, 2011) submit the more 

complete and unambiguous is the set of requirements, the more likely project success will 

be achieved (Génova et al., 2011).  As such, the authors develop a framework that 

specifies desirable properties in requirements quality and identifies measurable indicators 

of requirements quality.  Genova et al. specify requirements quality desirable properties 

as validability, verifiability, modifiability, completeness, consistency, understandability, 

unambiguity, traceability, abstraction, precision, and atomicity (Génova et al., 2011).  

Measurable indicators of requirements quality are categorized in four areas:  

Morphological (measures text properties from a formal point of view without considering 

content), Lexical (measures properties relative to text contents and require some kind of 

reference information, Analytical (requires textural analysis of requirements by means of 



15 
 

relatively complex linguistic tools, and Relational (measures structural properties of the 

set of requirements rather than properties of individual requirements (Génova et al., 

2011).   

Hickey and Davis (Hickey & Davis, 2004) describe requirements elicitation, the 

learning, uncovering, extracting and surfacing of customer/user needs, as one of the most 

critical software development tasks; without properly executed requirements elicitation, 

the final project will most likely result in complete failure (Hickey & Davis, 2004).  In 

this research Hickey and Davis define a new unified elicitation model that overcomes 

weaknesses in current models associated with situational characteristics that drive 

decision process and underlying, unstated assumptions.  The validity of the new unified 

elicitation model was achieved through comparison of the model to the approaches by 

requirements elicitation experts with over 285 combined years of experience analyzing 

requirements on over 700 projects around the world.  The results show the approaches of 

the experts compare very favorably to that of the unified model.     

Graham (Graham, 2002) asserts significant time and money savings and heightened 

project success can be realized if testers are involved in reviewing and assessing 

requirements to provide the feedback to ensure there are consistent quality 

attributes/criteria in the requirements (Graham, 2002).  The author provides seven 

misconceptions that cause this involvement to lack along with six best practices for 

facilitating tester participation in producing higher quality system requirements.   Making 

the link between requirements and testing is challenging, but can be a rewarding activity.   

Acceptance of the challenges testers make to system requirements quality will lead to 

better requirements, tests, and system performance (Graham, 2002).  
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2.2 Requirements Quality Defects 

The Institute of Electrical and Electronics Engineers (IEEE) 830 Standard 

(Engineering & Committee, 1998) describes recommended practices for specification of 

software requirements.  The Standard states the following as characteristics of a good 

requirements specification:  

 Correct – Every stated requirement is one the software shall meet (Engineering & 

Committee, 1998). 

 Unambiguous – Every stated requirement has only one interpretation 

(Engineering & Committee, 1998). 

 Complete – All significant requirements are acknowledged and treated 

(Engineering & Committee, 1998). 

 Consistent – Specification aligns with a higher-level document (Engineering & 

Committee, 1998). 

 Ranked for importance and/or stability – Each requirement has an identifier to 

indicate  the importance or stability of that particular requirement (Engineering & 

Committee, 1998). 

 Verifiable – A finite, cost-effective process exists to ensure the software product 

satisfies the requirement (Engineering & Committee, 1998). 

 Modifiable – Specification structure and style enables requirements changes to be 

made easily, completely, and consistently while retaining the structure and style 

(Engineering & Committee, 1998). 

 Traceable – Specification shows clear origin of each of its requirements 

(Engineering & Committee, 1998).  
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The specification also describes the pitfalls of writing the requirements specification in 

natural language, namely, the inherent ambiguity in natural language. 

Firesmith (Firesmith, 2003) asserts that specifying high-quality requirements is not 

trivial but is necessary to facilitate elimination of requirements attributes defects from 

requirements specifications.   The author identifies the following as characteristics of 

high-quality requirements:   

 Cohesiveness – Each requirement specifies one thing, and all parts of the  

requirement belong together (Firesmith, 2003). 

 Completeness – Each requirement is self-contained with no missing information 

(Firesmith, 2003). 

 Consistency – Each requirement aligns with higher-level goals and all other    

related requirements of the same type (Firesmith, 2003). 

 Correctness – Requirement is semantically and syntactically correct (Firesmith, 

2003). 

 Currency – Requirement is a current or anticipated user need (Firesmith, 2003). 

 Customer/user orientation – Requirement is phrased in language of the user 

(Firesmith, 2003). 

 External observability – Requirement specifies externally observable  

characteristics (Firesmith, 2003).  

 Feasibility – Requirement can be implemented given available budget, schedule,  

and technology (Firesmith, 2003). 

 Lack of ambiguity- Requirement is clear and precise with a single interpretation 

(Firesmith, 2003). 
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 Mandatory – Requirement is essential and truly required by the user (Firesmith, 

2003). 

 Metadata – Requirement is characterized by attributes or annotations (Firesmith, 

2003). 

 Relevance – Requirement is within scope of the current endeavor (Firesmith, 

2003). 

 Usability – Requirement is useable by numerous stakeholders (Firesmith, 2003). 

 Validatability – Requirement is validated as a user need (Firesmith, 2003). 

 Verifiability – Requirement can be assessed against its associated standards 

(Firesmith, 2003). 

Firesmith also states requirements authors and analysts should heed these characteristics 

when developing and reviewing requirements specifications so that any violations of 

properly-specified requirements will become blatantly obvious.   

Similar to Firesmith’s description above, Turk (Turk, 2006) states characteristics of 

good requirements include:  

 Necessary – Requirement addresses a user problem (Turk, 2006).  

 Correct – Requirement accurately describes the user’s need (Turk, 2006). 

 Unambiguous – Requirement has same interpretation from multiple readers (Turk, 

2006).  

 Feasible, Attainable, and Achievable – Requirement can be fulfilled given 

available schedule, budget, and technology (Turk, 2006).  

 Prioritisable – Requirement is prioritized by the user (Turk, 2006). 
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 Quantifiable, Measureable, and Verifiable – Means exist to measure requirement 

and ensure it satisfies the user’s need (Turk, 2006).   

 Traceable – Requirement can be traced from identification through development 

to testing (Turk, 2006). 

 Results-Oriented – Requirement must satisfy user needs and/or solve a problem 

(Turk, 2006). 

Turk also provides six general guidelines for requirements development as follows:  Keep 

users involved; define and use consistent terminology; organize requirements in a 

coherent scheme; monitor and track development and changes; employ a requirements 

management system; and ensure requirements management is a repeatable process (Turk, 

2006).   

Fantechi, Gnesi, Lami, and Maccari (Fantechi, Gnesi, Lami, & Maccari, 2003) 

discuss the inherent ambiguity in natural language requirements and propose that 

associated linguistic defects can be categorized into three areas: expressiveness (issues 

with the understanding of use cases by humans), consistency (presences of semantics 

contradictions and structural incongruities), and completeness (lack of necessary 

contents) (Fantechi et al., 2003).  The research by Fantechi et al shows deriving metrics 

to assess requirements ambiguity mitigation can be achieved using natural language 

processing techniques; and natural language processing mitigation techniques can be 

especially effective for addressing ambiguity associated with expressiveness (Fantechi et 

al., 2003).  However, other techniques are needed to address the other defect areas of 

consistency and completeness of natural language requirements (Fantechi et al., 2003). 
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In a similar note, Nigam et al. (Nigam, Arya, Nigam, & Jain, 2012) identify 

ambiguity as a requirements quality defect and define three types of ambiguity as 

potential sources of misinterpretation; Lexical (a word has several meanings), Syntactic 

(use of prepositional phrases that enable phrases to be connected in several ways to form 

a correct sentence), and Syntax (omission of proper punctuation) (Nigam et al., 2012).  

The authors assessed four open source Software Requirements Specifications against the 

three types of ambiguity and determined the preponderance of ambiguities are syntactic 

due to use of vague words in the requirements statements (Nigam et al., 2012). 

Berry and Kamsties (Berry & Kamsties, 2005), following years of review and 

analysis of various software requirements specifications, argue that two of the more 

menacing requirements defects are related to ambiguities in meaning.    Specific 

examples of these ambiguities are 1) the use of the word “all”, and 2) the use of plural in 

a natural language specification (Berry & Kamsties, 2005).  The use of the word “all” 

yields a grammatical problem where part of a sentence disagrees with another and each 

choice in the disagreement corresponds to a different meaning (Berry & Kamsties, 2005).  

The use of plural to describe a property of elements of a set or of sets makes it difficult to 

determine whether the property is that of each element or of the whole set (Berry & 

Kamsties, 2005).  Berry and Kamsties also note that these problems are not unique to 

natural language requirements written in English, but also occur in other languages 

(Berry & Kamsties, 2005).     

In Tjong’s (Tjong, Sc, & Hartley, 2008) doctoral dissertation, a body of ten software 

requirements specifications are characterized and assessed for requirements quality 

defects based on natural language ambiguities.  This research identified the following 
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words as key indicators of ambiguity:    “all”, “any”, “and”, “or”, “and/or”, “but”, 

“unless”, “if”, “only”, “also”, “it”, and “they” (Tjong et al., 2008).  His research also 

identifies 36 guiding principles for avoiding or removing ambiguity from the 

requirements statements.  These principles include recommendations for structuring 

domain-related context; structuring sentences; structuring nouns; structuring adjectives; 

structuring conjunctions; structuring words and phrases; and structuring symbols (Tjong 

et al., 2008). 

Cox, Niazi, and Verner (Cox, Niazi, & Verner, 2009) investigated the requirements 

maturity model practices to determine if there is high value, or business benefits, for 

adherence to this model.  Specifically, Cox et al. conducted an empirical study using in-

depth interviews with requirements experts in ten Australian software development 

companies.  The study explored requirements documentation, elicitation, analysis and 

negotiation, requirements description, system modeling, validation, and management.  

With respect to requirements description, Cox et al. identified five high-value practices: 

 Define standard templates for requirements description (Cox et al., 2009). 

 Use languages simply and concisely (Cox et al., 2009). 

 Use diagrams appropriately (Cox et al., 2009). 

 Supplement natural language with other requirement description (Cox et al., 

2009). 

 Specify requirements quantitatively (Cox et al., 2009). 

Further assessment of these practices revealed that specifying requirements quantitatively 

and defining standard templates for requirements description were the practices with the 

highest value for mitigating requirements defects (Cox et al., 2009).  Cox et al. attribute 
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this finding to the greater potential for saving money, effort, and customer relationships 

based on the reliable project estimation afforded by the ability to quantify requirements.     

Denger, Berry, and Kamsties (Denger, Berry, & Kamsties, 2003) introduce an 

approach to address the inherent imprecision (ambiguity, inaccuracy, and 

incompleteness) in natural language requirements statements.  Denger et al. propose use 

of natural language patterns to formulate requirements statements in a less ambiguous, 

more accurate, and complete manner.  Instead of the traditional approach of analyzing the 

requirements statements for defects after they have been drafted, the authors propose the 

requirements drafter use natural language patterns to mitigate the intrinsic ambiguity in 

natural language requirements statements (Denger et al., 2003).    These patterns include 

functional requirement sentence patterns, event patterns, reaction patterns, computation 

patterns, condition patterns, relationship patterns, exception patterns, special aspects 

patterns, and nonfunctional requirements sentence patterns (Denger et al., 2003).  Denger 

et al. validated the patterns through a case study and showed that the natural language 

patterns enable reduction of imprecision in natural language requirements statements; but 

this also yields lengthening the requirements specification and use of clumsier language.   

Falessi, Cantone, and Canfora (Falessi, Cantone, & Canfora, 2011) identify 

equivalent requirements as a requirements specification defect that results in performing 

redundant tasks and assigning the same requirement to multiple developers associated 

with duplicative requirements (Falessi et al., 2011).  Falessi et al. use natural language 

processing techniques for similarity measurements to identify equivalent requirements, 

propose seven principles for evaluating the efficacy of these techniques in identifying 

equivalent requirements, and validate the techniques through use of a case study with a 
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European defense firm’s requirements development effort for a large system of systems 

project.   The results show the Vector Space Model, an algebraic model that uses spatial 

proximity for semantic proximity, is the best of the natural language processing 

techniques and provides the maximum benefit to the human analyst for identifying 

equivalent requirements (Falessi et al., 2011). 

H. Yang et al. (H. Yang, Roeck, Gervasi, Willis, & Nuseibeh, 2011) assert that while 

natural language requirements lead to unwanted ambiguities; not all ambiguities lead to 

misinterpretations by users and stakeholders (H. Yang et al., 2011).  Thus, the authors 

propose focusing on anaphoric ambiguity (occurs when readers disagree on how 

pronouns should be interpreted) as a key requirements quality defect that is commonly 

found in requirements specifications and can readily lead to misinterpretations by various 

users (H. Yang et al., 2011).  The authors also developed an NBC to predict when 

anaphoric ambiguity will lead to misunderstanding.   

Guldali et al. (Güldali, Funke, Sauer, & Engels, 2011) assert the software test 

community recognizes the importance of natural language requirements quality and 

offers that linguistic analysis and testing techniques could be combined to reduce 

requirements quality defects and help testers better understand the relations between 

natural language requirements and improved test planning (Güldali et al., 2011).  

Moreover, redundancies and implicit relationships in requirements specifications can be 

exploited to reduce the total testing effort against the requirements specification.      

Park,  Maurer, Eberlein, and Fung (Park, Maurer, Eberlein, & Fung, 2010) discuss the 

costly nature of software re-work based on requirements defects and note 56 percent of 
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all bugs in software projects are inserted in the requirements phase; and as much as 85 

percent of software defects originate with ambiguous and incomplete requirements (Park 

et al., 2010).  Moreover, Park et al. reveal the cost of fixing requirements-related defects 

can be up to 50 times greater if the defects are corrected in the latter development stages 

(Park et al., 2010).   

2.3 Requirements Quality Analysis Tools 

Genova et al. (Génova, Fuentes, Hurtado, & Moreno, 2011) suggest addressing 

requirements quality issues on the front end of the development process is necessary for 

improved software quality.   Therefore, Genova et al. proposed development of an 

automated tool, Requirements Quality Analyzer (RQA) to obtain low-level quality 

indicators in textual requirements, such as ambiguity and overlap, to identify 

requirements defects and enable higher quality requirements to be drafted (Génova et al., 

2011).  The RQA tool was used in an industry case study to assess the benefits of 

automated requirements analysis.  The results showed users perceived RQA benefits as 

improving the final quality of written requirements statements, facilitating process 

improvement, and enhanced efforts to educate staff to write requirements in the manner 

desired by the organization (Génova et al., 2011).    

Ceccato et al. (Ceccato, Mariano Kiyavitskaya, Nadzeya Zeni Nicola, 2004) 

characterize the problems associated with natural language ambiguity and identify four 

types of ambiguities: Lexical, Syntactic, Semantic, and Pragmatic (sentence has several 

meanings in the context of which its stated) (Ceccato, Mariano Kiyavitskaya, Nadzeya 

Zeni Nicola, 2004).  Also, Ceccato et al. develop an ambiguity identification prototype 
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and demonstrate it using a case study.  In all, the authors identify problems that must be 

addressed going forward in the ambiguity identification task, the foremost being the lack 

of standard measures to identify ambiguities of words, sentences or texts (Ceccato, 

Mariano Kiyavitskaya, Nadzeya Zeni Nicola, 2004). 

Lami, Giuseppe, and Ferguson (Lami, Giuseppe and Ferguson, 2007) emphasize there 

is little evidence in the literature that the techniques and tools available for assessing 

natural language requirements have been empirically validated.  Consequently, their 

research aims to empirically show that an automated natural language requirements 

analysis tool is more advantageous when compared to a manual review process by human 

subject matter experts.  Lami et al. conducted an empirical study involving a real-world 

industrial project led by a global telecommunications company that performs analysis of 

natural language requirements documents through use of external consultants that 

identify and report defects.  The study results show that use of an automated tool can 

significantly improve the requirements analysis process;  however, human inspections 

cannot be fully replaced and should be complemented by the automation (Lami, 

Giuseppe and Ferguson, 2007). 

Gnesi et al. (Lami, Gnesi, Fabbrini, Fusani, & Trentanni, 2004) address the topic of 

automation of the analysis of natural language requirements and provide a specific 

exploration of one such analysis tool called Quality Analyzer for Requirement 

Specifications (QuARS). The authors’ methodology entails using the tool in case studies 

for the automotive, banking, and aerospace domains to empirically illustrate the benefits 

the tool affords automated natural language requirements analysis.    The study results 

demonstrate that QuARS can provide effective support for the natural language 
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requirements analysis and is highly adaptable to different application domains (Lami et 

al., 2004).   

Bucchiarone et al. (Bucchiarone, A., Gnesi, S., Faedo, A., Pierini, 2005) submit that 

system development is dependent on requirements being clear and concise; otherwise, 

resulting requirements will likely be incomplete, inconsistent, conflicting, and complex 

(Bucchiarone, A., Gnesi, S., Faedo, A., Pierini, 2005).  Bucchiarone et al. propose use of 

an automated tool, QuARS, to perform analysis of natural language requirements in a 

systematic manner.  QuARS performs a linguistic analysis to detect potential linguistic 

defects that can determine ambiguity problems impacting the succeeding development 

stages.  A case study applying QuARS to a large telecommunications company revealed 

the automated process resulted in a less defective requirements document and reduced the 

modification requests for downstream documents during the project life cycle 

(Bucchiarone, A., Gnesi, S., Faedo, A., Pierini, 2005).   

Kiyavitskaya et al. (Kiyavitskaya, Zeni, Mich, & Berry, 2008) propose an automated 

natural language processing tool that uses a two-step approach to address requirements 

specification ambiguities where the first step identifies those requirements statements 

with potential ambiguity, and the second step provides the specific sources of ambiguities 

in the flagged ambiguous statements (Kiyavitskaya et al., 2008).  Kiyavitskaya et al. 

tested the tool using several small requirements specifications and compared the results to 

a human review by a subject matter expert.  They concluded their tool, although 

promising, did not accurately identify some of the severe ambiguity issues in the 

specifications.       
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Ambriola and Gervasi (Ambriola & Gervasi, 2006) assert that natural language is a 

poor, albeit popular, means to represent requirements given its inherent leniency towards 

ambiguity, inconsistency, and redundancy (Ambriola & Gervasi, 2006).  However, 

Ambriola and Gervasi  also acknowledge that natural language is most suited to 

experimentation and communication and can be well suited to expressing requirements 

provided it’s accomplished in a consistent way.  Hence, Ambriola and Gervasi present a 

tool entitled Cooperative Interactive Requirement-Centric Environment (CIRCE) for 

modeling and analyzing natural language requirements.  CIRCE provides a simple 

framework utilizing an expert system to structure requirements documents in the three 

levels of designations, definitions, and requirements (Ambriola & Gervasi, 2006).  

CIRCE was validated through three pilot studies in industry along with a separate study 

with the National Aeronautics and Space Administration (NASA) Independent 

Verification and Validation (IV&V) Facility.  The results from the pilot studies indicate 

CIRCE was adaptable and effective for analyzing pre-existing industrial requirements 

and provides significant benefits over current practices (Ambriola & Gervasi, 2006). 

Gervasi and Nuseibeh (Gervasi & Nuseibeh, 2002) explored the potential of using 

lightweight formal methods (i.e. methods whose adoption cost is a small fraction of the 

overall Requirements Engineering process, including training, application, and 

computational costs) to perform partial validation of natural language requirements 

specifications.  Gervasi and Nuseibeh defined a framework for assessing selected 

properties of the requirements statements that included syntactic quality, completeness 

and consistency criteria of the requirements statements; and utilized the CIRCE 

environment (a web-based environment of automated analysis of natural language 
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requirements) to execute the analysis (Gervasi & Nuseibeh, 2002).  A case study using 

the NASA Node Control Software Requirements Specification demonstrated the 

feasibility and benefits of the lightweight formal methods approach could be used 

successfully during requirements writing and evolution; and, moreover, the most tedious 

aspects of requirements validation could be delegated to automated tools, thereby 

allowing the human analyst to concentrate on more challenging issues (Gervasi & 

Nuseibeh, 2002).  

Luisa, Mariangela, and Pierluigu (Luisa, Mariangela, & Pierluigi, 2004a) conducted 

an online market research to 1) assess the economic advantages of developing automated 

natural language processing tools that integrate linguistic analysis techniques for 

requirements documents written in natural language and 2) verify the existence of the 

potential demand for such an automated tool.  The results revealed most documents 

available for requirements analysis are provided by the customer and written in “real” 

natural language, thereby indicating use of linguistic tools may perform a crucial role in 

providing requirements analysis support (Luisa, Mariangela, & Pierluigi, 2004).   

Furthermore, the research revealed the potential demand for the automated tool is distinct 

to two company profiles; companies with an engineering approach to software 

development that viewed identification of requirements as critical, and companies that 

identified requirements modelling as critical (Luisa et al., 2004). 

2.4 Requirements Defect Detection and Prediction Techniques 

Alshazly, Elfatatry, and Abougabal (Alshazly, Elfatatry, & Abougabal, 2014) provide 

a framework for analyzing and evaluating the suitability of requirements defect detection 
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techniques.  Alshazly et al. first conduct a literature survey to reveal the current research 

in requirements defects and defect detection techniques.  Next, they conduct case studies 

of software requirements specifications to produce a taxonomy of defect types and to 

determine the efficiency and effectiveness of defect detection techniques.  Based on the 

literature review, Alshazly et al. identified eleven types of requirements defects:  missing 

or incomplete, incorrect information, inconsistent, ambiguous or unclear, misplaced, 

infeasible of non-verifiable, redundant or duplicate, typo or formatting, and non-relevant 

or extraneous (Alshazly et al., 2014).  In addition, Alshazly et al. generated a taxonomy 

of three high-level classes of requirements errors as follows:  people errors (errors 

resulting from human requirements preparation), process errors (errors occurring due to 

inadequate requirements engineering process), and documentation errors (errors due to 

incorrect organization and specification of requirements) (Alshazly et al., 2014).  

Alshazly et al. also perform a comparative analysis of three requirements defect detection 

techniques: Checklist-Based Reading (CBR) Technique, Defect-Based Reading (DBR), 

and Perspective-Based Reading (PBR) Technique.  The results from the defect technique 

comparison revealed no single reading technique was effective against all defect types 

(Alshazly et al., 2014).  As such, Alshazly et al. propose and evaluate a new Combined-

Reading technique that leverages the advantages of CBR, DBE, and PBR.  The 

evaluation results show the Combined-Reading technique is the most efficient in 

detecting defects in terms of the total number of detected defects and the variety of types 

of detected-defects (Alshazly et al., 2014).      

As discussed in (Park et al., 2010), the authors identified two requirements-related 

attributes (Number of Indirect Stakeholders and Number of Related User Stories) that 
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have a statistically significant correlation to the number of software defects (Park et al., 

2010).  Park et al. then show this correlation can be exploited through use of regression 

analysis to develop a software defect prediction model (Park et al., 2010).  Use of the 

predictive model, in turn, will enable the software development team to better plan their 

implementation decisions.       

Bibi et al. (Bibi, Tsoumakas, Stamelos, & Vlahavas, 2006) propose the application of 

Regression via Classification (RvC) approach for software fault prediction since it 

benefits from the advantages of comprehensibility offered by classification models that 

predict potential faultiness and avoids the interpretation difficulties and inability to 

provide an accurate point estimate of faults inherent in regression models (Bibi et al., 

2006).  RvC considers uncertainty, produces comprehensible results and is a reasonable 

alternative to regression problems that require a logical explanation.  Given this premise, 

the authors utilize a data set of software application maintenance from the banking 

industry to make comparative evaluation of RvC with classical regression algorithms as 

well as state-of-the-art Machine Learning algorithms.  The results revealed that RvC 

classification accuracy is competitive to those of regression models, and in most cases 

RvC provides better classification accuracy (Bibi et al., 2006).      

Tian and Noore (Tian & Noore, 2005) describe use of an innovative SVM application 

to software failure time for reliability prediction.  Their schema involves the network 

learning and recognizing software failure sequencing.  Experimental results show the 

SVM application is effective for next-step-predictability and out performs current neural 

network approaches (Tian & Noore, 2005). 
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Malhotra and Jain (Malhotra & Jain, 2012) conducted a literature search on fault 

detection prediction to determine how broadly statistical and machine learning methods 

were utilized.  They observed that the trend is moving from traditional statistical methods 

to machine learning approaches; and evermore studies are providing evidence that 

machine learning approaches provide better classification performance compared to 

statistical methods (Malhotra & Jain, 2012).   

Rawat and Dubey (Rawat & Dubey, 2012) performed a literature study on software 

defect prediction models to characterize the respective advantages and disadvantages of 

the regression and machine learning models.  While they concluded that prediction 

models depend on the volume of available defect data and accuracy of the classifier, they 

acknowledged machine learning techniques have an appeal based on their support for 

model calibration and classification accuracy (Rawat & Dubey, 2012).    

Biffl (Biffl, 2003) performed an experiment utilizing a software requirements 

document written in natural language describing a distributed administrative information 

system for managing ticket sales.  The objective was to compare performance of 

objective and subjective defect content estimation techniques.    Validation was 

accomplished through a controlled experiment with 31 inspection teams, each team 

consisting of four to six people.  The results show the following: 

 Objective estimation models estimated major defects as well as all defects with 

similar accuracy (Biffl, 2003). 

 The best subjective estimation models performed comparable to the best objective 

estimation models for major defects (Biffl, 2003). 
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 While the defect detection method influenced the set of defects identified, it did 

not make a significant difference for defect estimation accuracy (Biffl, 2003). 

 Conducting a second inspection cycle provided substantial improvement in 

estimation accuracy for all but one of the estimation models (Biffl, 2003). 

Biffl concludes with the observation that since objective and subjective estimation 

techniques focus on different information, a combination of both approaches may 

facilitate identification of estimation outliers (Biffl, 2003).   

Dhiauddin, Suffian, and Ibrahim (Dhiauddin, Suffian, & Ibrahim, 2011) propose a 

model to predict functional defects entering the test phase of the project life cycle.  

Dhiauddin et al. selected a Six Sigma approach to generate the mathematical model for 

predicting functional test defects prior to the start of the test phase.  Factors are identified 

in preceding development phases having direct impact to defect discovery; and metrics in 

those phases significant to system testing defects are collected and analyzed using 

multiple regression analysis.  The results indicate the regression equation, or prediction 

model, shows it's possible to identify strong factors that contribute to the number of 

defects in the testing phase (Dhiauddin et al., 2011).     

Elish and Elish (Elish & Elish, 2008) assess the use of SVM for predicting defect-

prone software modules and compare SVM prediction accuracy against eight common 

statistical and machine learning algorithms in the context of four NASA data sets.  The 

eight models include Logistic Regression and KNN, Multi-layer Perceptrons, Radial 

Basis Function, Bayesian Belief Networks, Naive Bayes, Random Forests, and Decision 

Trees.  Following evaluation of the eight models against the NASA data sets the authors 
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observed that SVM significantly outperformed four out of the eight compared models and 

achieved the highest overall accuracy (Elish & Elish, 2008).   

Fenton and Neil (N. E. Fenton & Neil, 1999) perform a critique of software defect 

prediction models and identify five key issues with respect to defect prediction: 

 Unknown relationship between defects and failures (N. E. Fenton & Neil, 1999). 

 Problems with multivariate statistical approach (N. E. Fenton & Neil, 1999). 

 Challenges of using size and complexity metrics as sole predictors of defects (N. 

E. Fenton & Neil, 1999). 

 Issues in statistical methodology and data quality (N. E. Fenton & Neil, 1999). 

 False claims regarding software decomposition (N. E. Fenton & Neil, 1999). 

Fenton and Neil suggest the use of probabilistic techniques as a positive way forward for 

defect prediction.  In particular, use of Bayesian Belief Networks enables expression of 

complex interactions within the model at a level commensurate with the problem (N. E. 

Fenton & Neil, 1999). 

Fenton et al. (N. Fenton et al., 2007) assert that using traditional statistical approaches 

for defect prediction is inadequate.  The authors indicate that a causal model is necessary 

for more accurate predictions and propose use of a simple Bayesian Net (BN) as an 

example causal model (N. Fenton et al., 2007).  The authors validated the BN model 

through a trial of 30 projects from industry replete with historical defect data.  The results 

from the trials showed a strong correlation between predicted and actual defects (N. 

Fenton et al., 2007).  While the authors acknowledge they could build a regression model 

that would fit this data and produce overall good results, there would be no 
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comprehensive understanding of the model applicability outside of the data used to create 

it (N. Fenton et al., 2007).         

Gondra (Gondra, 2008) proposes the use of machine learning techniques for choosing 

a subset of software metrics that are most likely to predict the existence of defects.  

Gondra uses historical software metric data and number of reported errors from the 

NASA Metrics Data Program data repository to train an Artificial Neural Network 

(ANN), and conducts a sensitivity analysis to ascertain the importance of each software 

metric in predicting fault-proneness.  This analysis revealed Number of blank lines, 

number of comment-only lines, number of code-only lines, number of lines containing 

code and comment, total number of lines, number of branches, number of unique 

operators, total number of operators, number of unique operands, total number of 

operands, cyclomatic complexity, design complexity, essential complexity, and program 

length as the most critical metrics; these, in turn, were used to develop a fault-proneness 

prediction model/classifier based on SVM (Gondra, 2008).  The results provided 

empirical evidence in support of the effectiveness of the approach and confirmed the 

superior performance of SVM over ANN in performing binary classification of fault-

proneness prediction (Gondra, 2008).   

Hall et al. (Hall, Beecham, Bowes, Gray, & Counsell, 2012) performed a 

comprehensive literature review of 208 fault prediction studies published between 

January 2000 and December 2010 to investigate the context of models, independent 

variables utilized, and modelling techniques applied to influence the performance of fault 

prediction models.  The investigation revealed the majority of the studies were not very 

useful and they generally reported insufficient contextual and methodological 
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information to enable full understanding of the model implemented (Hall et al., 2012).  

As such, the authors developed a set of contextual and methodological criteria for future 

fault prediction studies.  The authors note that of the 208 studies they reviewed; only 36 

satisfied the aforementioned criteria.  Further review of those 36 studies found that the 

methodology used to build the predictive models was influential to predictive 

performance (Hall et al., 2012).  In addition, successful models tended to be trained on 

large data sets which contain a relatively high percentage of faulty units; and modeling 

techniques such as Naïve Bayes and Logistic Regression performed well (Hall et al., 

2012).   

Delen, Cogdell, and Kasap (Delen, Cogdell, & Kasap, 2012) utilized three machine 

learning techniques (neural networks, decision trees, and SVM) to develop classification 

and regression-type models with the objective of assessing the predictive capabilities of 

the different methodologies.  A data set containing eight years of historical data and 36 

input variables was used in the analysis.  The results indicated the classification-type 

prediction methods performed better than the regression-based classification-type 

prediction (Delen et al., 2012).  In particular, regression tree classification models 

provided the highest classifier accuracy, followed by SVM and, lastly, neural networks 

(Delen et al., 2012). 

Wu et al. (Wu, Kumar, Ross Quinlan, Ghosh,Yang, Motoda, McLachlan, Ng, Liu, 

Yu, Zhou, Steinbach, Hand and Steinberg, 2008) surveyed a panel of renowned data 

mining experts from the Program Committee of the IEEE International Conference on 

Data Mining to determine the top ten data mining algorithms currently employed in this 

field.  This survey recognized the breadth of data mining to include machine learning, 
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statistics, pattern recognition, and artificial intelligence.  The survey results concluded 

that NBC, SVM, and KNN are considered modern machine learning algorithms within 

the top ten most influential for classification (Wu et al., 2008).        

 2.5 Predictive Performance Assessment 

Majnik and Bosni (Majnik & Bosni, 2013) describe ROC analysis as a methodology 

for assessing, comparing, and choosing classifiers based of their predictive performance 

(Majnik & Bosni, 2013).  ROC space is a two-dimensional graph that plots the 

classifier’s false positive rate against its true positive rate.  With respect to model 

comparison, given two discrete classifiers, the former may be evaluated as better if it is 

location in ROC space is more northern or western (or both) than the latter; meaning the 

former has lower false positives and higher true positives than the latter (Majnik & Bosni, 

2013). 

Bradley (Bradley, 1997) asserts that ROC curve Area Under Curve (AUC)) is a 

preferred performance measure for machine learning algorithms as opposed to using 

probability of correct response (Bradley, 1997).  In this research, Bradley evaluates six 

machine learning algorithms against medical diagnostic data sets to rank each 

classification scheme’s conventional overall accuracy and AUC.   The results show that 

AUC exhibits a number of desirable properties when compared to overall accuracy based 

on probability of correct response.  In particular, AUC provides increased sensitivity in 

Analysis of Variance tests; has decreased standard error as both AUC and the number of 

test samples increased; is decision threshold independent; and it invariant to a priori class 

probabilities (Bradley, 1997).  Bradley concludes with a recommendation that AUC be 
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used as the preferred measure to overall accuracy for single number evaluation of 

machine learning algorithms (Bradley, 1997).  

Webb and Ting (Webb & Ting, 2005) argue that caution must be taken in using ROC 

analysis to evaluate classifier performance in the context of changing class distributions.  

Changes to data distributions for a new, target data set lead to changes in class 

distribution that may impact the baseline true and false positive rates (Webb & Ting, 

2005).  In turn, this will affect the classifier’s location on the ROC graph and yield a new 

accuracy value for the classifier (Webb & Ting, 2005).   

Cerpa et al. (Cerpa et al., 2010) conducted an empirical investigation that identified 

seven indicators of project success and then built a logistic regression model for these 

variables as well as a logistic regression model based on factors obtained following a 

principal components analysis.  The results showed a ROC performance comparison 

between the variable-based and factor-based logistic regression models resulted in similar 

performance (Cerpa et al., 2010).   

Demsar (Demsar, 2006) tackles the issue of statistical testing for comparisons of 

multiple machine learning algorithms on multiple data sets.  Several suitable tests for the 

analysis of differences between algorithms are examined in the course of this research.  

Specifically, averaging over data sets, paired T-test, Wilcoxon signed-ranks test, and sign 

test are evaluated for their ability to compare two classifiers.  Analysis of Variance 

(ANOVA) and Friedman Test are evaluated for their ability to compare multiple 

classifiers.  Following an empirical study using several real-world classifiers and data 

sets, the author concludes the non-parametric tests, Wilcoxon and Friedman test, are most 
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suitable for multiple machine learning algorithm comparison since they do not assume a 

normal distribution and are stronger than the other tests considered in this research 

(Demsar, 2006).      

Dietterich (Dietterich, 1998) conducts research on the use of statistical tests to 

ascertain whether one learning algorithm outperforms another for a particular learning 

task.  Dietterich specifically addresses the challenge of determining which of two 

learning algorithms A and B, given a small data set S, will produce more accurate 

classifiers when trained on data sets of the same size as S.  Dietterich describes five 

statistical tests relevant to the above scenario:  McNemar’s test, a test for the difference 

of two proportions, the resampled t-test, the cross-validated t-test, and a new test called 

the 5x2 Cross-Validation (CV) test.  He uses a simulation study to measure the 

probability that each test will incorrectly detect a difference when no difference exists 

(Type I error).  The results show that only McNemar’s test, the cross-validated t-test, and 

the 5x2 CV test have acceptable Type I error (Dietterich, 1998).  In particular, the cross-

validated t-test has consistently elevated Type 1 error; while the difference-of-proportions 

test has acceptable Type I error, but low power (power is the probability the test will 

reject the null hypothesis when the null hypothesis is false) (Dietterich, 1998).  

McNemar’s test and the 5x2 CV test have good Type I error and reasonable power.  

Dietterich concludes the 5x2 CV test is the test of choice for inexpensive learning 

algorithms, and McNemar’s test is better for more expensive learning algorithms 

(Dietterich, 1998).   Moreover, the cross-validated t-test is the test of choice if the goal is 

to be confident there is no difference between two algorithms (Dietterich, 1998). 
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Drummond and Holte (Drummond & Holte, 2006) propose the use of cost curves, a 

graphical approach for visualizing performance of two-class classifiers over the full range 

of possible class distributions and misclassification costs, as a means to assess classifier 

performance (Drummond & Holte, 2006).  Drummond and Holte assert cost curves are 

an alternative to use of ROC curve for measuring classifier performance.  While cost 

curves share many desirable properties with ROC curves, cost curves also visually 

support other critical performance measures, such as depicting confidence intervals on a 

classifier’s performance and visualizing the statistical significance of the difference in 

performance of two classifiers (Drummond & Holte, 2006). 

Fawcett (Fawcett, 2006) provides an introduction to the use of ROC graph as a 

technique for visualizing, organizing, and selecting machine learning classifiers based on 

their performance.  The author defines “conservative” classifiers as appearing on the left 

side of the two-dimensional ROC graph; while “liberal” classifiers appear on the upper 

right-hand side of the ROC graph (Fawcett, 2006).  Conservative classifiers make 

positive classifications only with strong evidence so they make few false positive errors; 

while liberal classifiers make positive classifications with weak evidence so they classify 

nearly all positives correctly, but often have high false positive rates (Fawcett, 2006).  

While the conventional literature regarding use of ROC graphs for evaluating classifier 

performance asserts that the classifier on the ROC graph that is to the north and west of 

another classifier is superior, the author states care should be taken before drawing 

conclusions about classifier superiority (Fawcett, 2006).  The author also provides 

algorithms for generating ROC points and averaging ROC curves. 
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Hussain (Hussain, 2008) uses a new application of sensitivity analysis, Global 

Sensitivity Analysis (GSA), to develop an effective, efficient, and time-saving variable 

selection method to determine which subset of input factors accounts for most of the 

output variance.  The author references GSA as “the study of how the uncertainty in the 

output of a model can be apportioned to different sources of uncertainty in the model 

input” (Hussain, 2008).  Hussain uses two sets of historical medical data to assess and 

compare the GSA approach to traditional variable selection methods.  The GSA method 

ordered the inputs without iteration and without the need to fit multiple regression 

models.  Overall, the results confirmed the significance of GSA as a variable selection 

method (Hussain, 2008).   

Islam et al. (Islam, Wu, Ahmadi, & Sid-Ahmed, 2007) analyzed and compared the 

performance of two machine learning techniques, NBC and KNN, utilizing a historical 

database of credit card application decisions.  The results showed Bayesian inference 

depends strongly on prior probabilities, the NBC had a slightly higher misclassification 

error (12.43%) than KNN (9.45%), and a “K=5” provided the maximum correct 

classification rate (Islam et al., 2007).   

Karystinos and Pados (Karystinos & Pados, 2000) developed an algorithmic 

procedure to improve the generalization and reduce overfitting for back propagation 

trained multilayer perceptrons.  Karystinos and Pados proposed K-means clustering of the 

given finite training set to combat overfitting (Karystinos & Pados, 2000).  They tested 

the K-means clustering algorithm on synthetic as well as real data to show the significant 

resistance to overfitting compared to conventional data-recycling back propagation 
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training.  The result showed no overfitting was recorded given there was no increasing 

generalization error over extended training periods (Karystinos & Pados, 2000).   

Kohavi (Kohavi, 1995) accomplished a study of cross-validation and bootstrap 

techniques for accuracy estimation and model selection.  Kohavi used six real-world 

datasets against a Naïve Bayes algorithm to estimate the effects of different parameters 

on the algorithm.  His results showed that stratification is generally a better approach 

with respect to bias and variance when compared to regular cross-validation (Kohavi, 

1995).  While the bootstrap approach has low variance, it has large bias in some cases.  

As such, Kohavi suggests use of stratified ten-fold cross-validation for model selection 

(Kohavi, 1995).   

Kotsiantis (Kotsiantis, 2007) conducted a literature search on Machine Learning 

algorithms and made numerous comparative assessments based on the current body of 

knowledge.  According to his review, Naïve Bayes and KNN have higher speed of 

learning with respect to number of attributes and number of instances than SVM 

(Kotsiantis, 2007).  However, Naïve Bayes and SVM have faster speed of classification 

compared to KNN (Kotsiantis, 2007).  NBC, KNN and SVM all deal adequately with the 

danger of overfitting the data (Kotsiantis, 2007).   

Carnahan et al. (Carnahan, Mellon, Training, Furnace, & Kuntz, 2003) compared the 

classification accuracy of machine learning models (genetic programming and decision 

tree induction) to that of traditional statistical classification methods (discriminant 

analysis and logistic regression) for human factors applications.   The results showed all 

models performed fairly well for classifying the cases of the training data set.  However, 
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the machine learning models clearly outperformed those based on discriminant analysis 

and logistic regression with respect to prediction or generalizing beyond the dataset used 

for model development (Carnahan et al., 2003).  In particular, the traditional statistical 

methods had higher false positive identifications than the machine learning techniques 

(Carnahan et al., 2003).  Lastly, Carnahan et al. acknowledge this research was conducted 

using a single data source and indicated further research with additional data sources is 

necessary to fully assess the potential advantages of machine learning classifiers 

(Carnahan et al., 2003).    

Van der Heijden (van der Heijden, 2012) proposes a decision support system to assist 

the analyst in specifying an optimal logistic regression model.  The system enables the 

analyst to experiment with different candidate independent variables and different 

models, visualize the relationships between the independent and dependent variables, and 

compare performance of the different models.  The system demonstrated several 

advantages including exhausting all possible combinations of independent variables 

specified by the user; and highlighting the superiority of models on several independent 

model success criteria including goodness-of-fit, predictive accuracy, and number of 

variables (van der Heijden, 2012).  One disadvantage of the system is it does not detect 

over-fitting of the model (van der Heijden, 2012).   

Zahalka and Zelezny (Zahálka & Železný, 2010) perform an empirical study to 

validate the application of Occam’s razor theory to machine learning.  William of Occam 

was a 14
th

 century logician who stated the simplest theory should be chosen from among 

all theories which equally well explain observed data.  The interpretation of this theory 

for machine learning is that given two classifiers with the same training error, the simple 
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classifier is more likely to generalize better (Zahálka & Železný, 2010).  Zahalka and 

Zelezny used 30 datasets from the Machine Learning repository to assess this theory.  

The results showed there was no statistically significant difference in overfitting based on 

model complexity (Zahálka & Železný, 2010).  In other words, simple machine learning 

models had similar generalization characteristics as the complex machine learning 

models (Zahálka & Železný, 2010).  

Rodriguez, Perez, and Lozano (Rodríguez, Pérez, & Lozano, 2010) perform an 

experimental study to analyze the statistical properties of bias (average precision of the 

error estimation) and variance (variability of the estimation of the error) on the k-fold 

cross validation error estimator for two classifiers (Naive Bayes and Nearest Neighbor).   

The study concluded that k = 2 provides the most biased estimator; and Nearest Neighbor 

is less biased than Naïve Bayes but with more variance due to the differences in the 

number of parameters (Rodríguez et al., 2010).  Rodriguez et al. recommend using k = 5 

or k = 10 for measuring error since they are less biased than k = 2 and have less 

computational cost, and recommend use of repeated cross validation when 

computationally feasible (Rodríguez et al., 2010).   

2.6 Literature Review Summary and Conclusion  

This literature review comprises a synopsis of over 60 technical journal articles, 

conference papers, doctoral dissertations, and academic and industry technical reports in 

the areas of linguistic requirements quality, defects analysis, and prediction techniques 

and accuracy.  In summary, the literature reveals the following: 
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 End-system functionality  and performance is a key measure of software program 

success. 

o A statistically significant correlation exists between requirements quality and 

software/system functionality and performance. 

o Experiential evidence suggests successful project performance can be 

accomplished through higher requirements quality. 

o However, poor linguistic requirements quality (incomplete, inconsistent, and 

ambiguous) adversely impacts system performance, user satisfaction, and project 

success. 

 Cohesiveness, completeness, verifiability, and lack of ambiguity are essential 

attributes of high-quality requirements. 

o As much as 85 percent of software defects originate with ambiguous, incomplete 

requirements. 

o Ambiguity in natural language requirements statements is the significant source of 

requirements quality defects. 

o Anamorphic ambiguity (misinterpretation of pronoun usage) is most problematic 

form of ambiguity. 

 Automated analysis tools are effective in identifying ambiguity and other linguistic 

quality defects in natural language requirements statements;  

o A litany of commercially-available requirements linguistic analysis tools, such as 

RQA, QuARS, and CIRCE, are adaptable across a variety of application domains.  
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o While automated analysis tools can significantly improve the requirements 

analysis process by identifying requirements quality defects, they should be used 

as a complement to the human requirements analyst.   

 Regression models and machine learning classifiers have been effectively used to 

predict requirements quality defects.   

o BLR is a more traditional statistical classifier and is one of the better-performing 

regression models. 

o NBC, SVM, and KNN are high-performing, modern machine learning algorithms 

considered in the top ten most influential for classification.   

o The preponderance of the literature describe machine learning classifiers as 

having better predictive performance and generalization than the regression 

models.  

 Numerous methods for assessing classifier performance are available. 

o ROC is an effective method for assessing and comparing classifier performance, 

but care should be taken before drawing conclusions about classifier superiority. 

o Cost curves and other non-parametric tests such as Wilcoxon and Friedman tests 

can also be used for a comparative assessment of classifier performance. 

o Cross validation and boot strap techniques are effective approaches for mitigating 

overfitting and enhancing the generalization of the classifier. 

o No statistically significant difference exists between the generalization 

characteristics of complex and simple machine learning models. 

Overall, the contemporary technical literature contains numerous discussions on 

natural language requirements quality defects, automated tools for requirements analysis, 
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and an inventory of defect prediction methods.  While the literature suggests a strong 

relationship exists between requirements quality and system performance, the 

preponderance of literature solely addresses forecasting defects with no predictive 

measure of system performance.  Hence, the research presented in this paper leverages 

current ambiguity identification tools and defect forecasting techniques to characterize 

the predictive impact of requirements linguistic quality on system-level operational 

performance.  This effort is intended to bridge the gap in the prevailing body of 

knowledge by providing empirical evidence of the predictive relationship between 

linguistic requirements quality and end-system operational performance.     
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Chapter 3  -  Methodology 

 

3.1 Overview 

Statistical modeling based on empirical performance data is the approach used to 

address the research hypothesis presented in this paper.  The model development and 

validation methodology involve the following sequential steps as illustrated in Figure 3-1. 

1. Obtain ORD KPPs and Operational Test Report results from DoD and DHS 

acquisition databases. 

2. Analyze KPPs for linguistic quality.  

3. Develop predictive model using the KPP linguistic quality metrics and the 

associated operational test results.  

4. Conduct sensitivity analysis for classification accuracy. 

5. Validate model for predictive performance. 

6. Assess model for data overfitting; a condition that constructs a statistical model 

with too many degrees of freedom and results in over optimism in the prediction 

accuracy of the model. 

7. Evaluate model performance based on Receiver Operating Characteristic.  
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Figure 3-1:  Model Development and Validation Methodology (Dargan et al., 2015) 
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3.2 Sample Data Set 

A description of the data used in this research is provided in Chapter 3.2.1, and a 

discussion on the limitations presented by this data set is contained in Chapter 3.2.2. 

3.2.1 Description  

As shown in Appendix A, a total of 242 KPP requirements statements and associated 

operational test results served as the data set used for development and validation of the 

predictive models.  The data were sourced from a total of 32 DoD and DHS major 

acquisition programs, leveraging the unclassified ORDs, CDDs, and Operational Test 

Reports developed for the respective programs.  The 32 major acquisition programs were 

comprised of information technology, aircraft, munition, ship, satellite, and other 

programs.  Table 3-1  provides a profile of the data used for this research and shows the 

majority of data were obtained from DHS information technology programs and DoD 

aircraft programs.  All totaled, information technology programs and aircraft programs 

accounted for 73 percent of the data utilized for this research. 

An example of the data used in this research is provided in Table 3-2.  Five of the 242 

KPP requirements statements are included in this table along with the associated results 

of the linguistic requirements analysis and the operational test performance results.  

Using KPP number 1 in the table as an exemplar, the operational test performed by the 

federal government revealed the performance for this requirement was met; however the 

linguistic analysis performed in this research showed the requirement had two “Vague” 

and one “Compound Requirements” linguistic quality defects – note, further description 

of the linguistic quality factors is provided in Chapter 3.3.  This linguistic analysis 
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methodology was replicated for all 242 KPP requirements statements and served as 

inputs for construction of the predictive model.    

Table 3-1:  Data Profile 
                                                  

                  AGENCY   

 

 

PROGRAM TYPE 

DHS DoD 
DHS 

+ 
DoD 

Information Technology 

Programs 

 

32% 

 

2% 

 

34% 

Aircraft Programs 

 

14% 

 

25% 

 

39% 

Munition Programs 

 

0% 

 

16% 

 

16% 

Ship Programs 

 

2.5% 

 

0% 

 

2.5% 

Satellite Programs 

 
0% 

 
2.5% 

 
2.5% 

Other Programs 

 
6% 

 
0% 

 
6% 

 

TOTAL 
 

54.5% 
 

45.5% 
 

100% 

 

Table 3-2:  Example Requirements and Operational Test Results Data 
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3.2.2 Limitations 

It should be acknowledged that while this data set size of 242 KPP requirements 

statements is considered small for classification purposes, it is believed sufficient given 

the nature of the problem addressed in this research.  Nonetheless, this data set poses 

some limitations that impact the results and conclusions of this research.   

Firstly, this data set contains no samples of “Incomplete” linguistic quality defects, 

and contains only two samples of “Untestable” linguistic quality defects.  Since all four 

models (BLR, NBC, SVM, and KNN) use supervised learning approaches, there will be 

no training opportunities against the “Incomplete” category; and since only 0.7% of the 

data samples are in the “Untestable” category, there will be extremely limited training for 

this category.  Hence, this data constraint will adversely affect predictive model 

development and performance against these two linguistic quality defect categories.  This 

is especially pronounced for the BLR model as these two defect attributes will not be 

included in the regression equation; thereby limiting the model’s predictive capability.     

Secondly, some of the empirical data samples included in Appendix A contain 

linguistic quality defects, yet the required system performance is still satisfied.  This 

phenomenon of the data set will be reflected in the training for model development and 

will, therefore, influence the probability thresholds for model prediction of successful 

required performance.  In practical terms, this phenomenon of the data set is not 

surprising, and in some cases could be due to chance occurrence.  However, although the 

body of knowledge states, and this research reinforces, that there is a statistically 

significant correlation between requirements linguistic quality and system performance, 
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there are other factors that affect the ability to satisfy required system performance.  For 

example, early involvement between the user, design/developer, and tester can provide 

insights that enhance understanding of the user need and result in end-system 

performance more effectively aligned with user intent – despite the quality of the 

documented requirements statement.    

Overall, the constraints presented by this data set shape the results from this research.  

A larger data set would provide additional supervised training opportunities for model 

development that could alter classification accuracy across the four models and 

determination of the best- performing model.  Moreover, a data set with more samples of 

“Incomplete” and “Untestable” linguistic defects would ostensibly improve model 

predictive performance in those two areas.   

3.3 Model Construction and Validation 

A predictive model is developed to demonstrate that end-system operational 

performance can be projected based on the requirements linguistic quality factors as 

defined by the author of this dissertation: 

 Incomplete – requirement statement does not fully capture requirement 

parameters.  

 Untestable – requirement statement lacks an objective means to verify 

requirement has been satisfied.  

 Weak Phrase – Unquantified or indefinite requirements statement. 

 Vague – statement is ambiguous with a continuum of possible interpretations. 
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 Compound Requirements – statement is not cohesive and contains multiple needs.  

The linguistic quality factors listed above, while not exhaustive, represent the most 

common defective attributes of the requirements statements.  They have been selected for 

use in this research since elimination of these defects is generally accepted as 

characteristics of good requirements (Turk, 2006).  

3.3.1 Modeling Approaches Overview 

Several machine learning approaches such as regression analysis, clustering, and 

classification are available for developing the predictive model (Hall et al., 2012) (Elish 

& Elish, 2008).  Given 1) the requirements linguistic quality factor data listed above are 

categorical and serve as independent or explanatory variables for the model, and 2) the 

dependent response variable, “operational performance met”, is dichotomous, a 

classification approach would be most appropriate (Sayad, 2015).  As such, four machine 

learning algorithms within the classification domain are chosen to develop predictive 

models and compare performance results.  The following criteria are used to select the 

algorithms: 

 Fast classification speed 

 Reduced danger of data overfitting 

 Ability to handle smaller training set 

 High model accuracy 

Based on the above criteria, BLR, NBC, SVM, and KNN machine learning techniques 

are selected (Cerpa et al., 2010) (Kuntz, 2003) (Kotsiantis, 2007).   Note, while BLR is a 

more traditional statistical modelling technique, per Wu’s data mining survey (Wu et al., 
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2008), NBC, SVM, and KNN are high-performing, modern algorithms considered to be 

within the top 10 most influential for classification.  An overview of each algorithm is 

provided in the subsequent paragraphs.  

BLR is a statistical classification model that predicts the probability of an outcome of 

a binary response variable based on one or more explanatory input variables.  The logistic 

regression model can be expressed as follows: 

 

             𝑳𝒐𝒈𝒊𝒕 (𝒑) = 𝒂 + 𝒃𝒙             (3.1) 

 

 p is probability. 

 Logit (p) is the natural logarithm of the odds ratio, 
𝑝

1−𝑝
  . 

BLR effectively handles correlated input variables and provides a probabilistic 

framework that enables quick incorporation of more training data as it becomes available.  

The underlying distribution of the BLR model is binomial, and the parameters are 

estimated using the method of maximum likelihood. 

The NBC leverages Bayes’ theorem and assumes independence among the predictor 

variables.  NBC is a relatively simple model that often outperforms more sophisticated 

models.  The NBC algorithm is expressed as follows: 

 

𝑷(𝒄|𝒙) =  
𝑷(𝒙|𝒄) ∙ 𝑷(𝒄)

𝑷(𝒙)
                     (3.2) 
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 P(c|x) is the posterior probability of class given predictor. 

 P(c) is the prior probability of class. 

 P(x|c) is probability of predictor given class. 

 P(x) is the prior probability of predictor. 

The SVM performs classification by determining the hyperplane that maximizes the 

distance between the two classes.  This technique yields one of the most robust and 

accurate classification algorithms.  The SVM attempts to maximize the following 

function with respect to w and b:  

𝑳𝒑 =  
𝟏

𝟐
 ∥ 𝒘 ∥  − ∑ 𝜶𝒊

𝒕
𝒊=𝟏 𝒚𝒊(𝒘 ∙ 𝒙 + 𝒃) +  ∑ 𝜶𝒊

𝒕
𝒊=𝟏        (3.3) 

 

 L𝑝 is the Lagrangian.  

  𝛼𝑖  are non-negative numbers such that derivatives of Lp wrt 𝛼𝑖   are zero. 

 t is the number of training samples. 

 w and b define the hyperplane. 

 

KNN is one of the simplest and easy-to-implement machine learning algorithms, yet 

has good performance especially as the size of the training set increases.  KNN finds a 

group of K objects in the training set that are closest to the test object.  The class assigned 

to the test object is based on the majority of its nearest neighbors.  The algorithm uses 

one of several distance functions (Euclidean, Euclidean Squared, City Block, and 

Chebychev) to determine the K nearest neighbors.  The Euclidean distance function is 

shown below: 
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√∑ (𝒙𝒊
𝒌
𝒊=𝟏 − 𝒚𝒊)

𝟐          (3.4) 

 

 k is the number of neighbors. 

 xi is the query point. 

 yi is a case from the training sample. 

 

3.3.2 Predictive Model Development Process  

Each of the four approaches described in the preceding section are employed to 

develop and validate their respective predictive models as explained in the following 

steps:  

1) Use of empirical data is critical for development of the predictive model.  As 

such, the DHS and DoD program acquisition databases are accessed to provide 

the ORD KPPs and the KPP operational test results that serve as the data sources 

for this research.  A total of 242 key performance parameter requirements 

statements and the associated operational test results are used for model creation. 

2) These requirements statements are imported into an automated requirements 

analysis tool to calculate the linguistic quality metrics for each statement.  In 

addition, the operational test reports associated with each ORD are reviewed to 

determine if performance was met for each key performance parameter used in 

the model.   

3) These data are then used to determine the classifier, or model, for predicting 
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system performance.  Four approaches are utilized.  First, a BLR model is 

developed.  Using the same data, an NBC is developed followed by a SVM and 

KNN approach.   

4) Next, a sensitivity analysis is conducted on each of the classifiers using the 

following parameters: 

 Number of independent variables. 

 Training Data Sample Size. 

 Distance Measure (KNN only). 

 Number of Nearest Neighbors (KNN only). 

 

The objective of this analysis is to assess how these parameters impact 

classification accuracy (Gondra, 2008).  This allows determination of the amount 

of change in model behavior given a change in the parameter as well as which 

parameter has the most substantive impact on performance.  The results of the 

analysis are used to adjust or calibrate the classifier as necessary.  

5) K-fold cross-validation (Kohavi, 1995)(Rodríguez et al., 2010), a common 

technique for confirming predictive performance, is used to assess how the 

classifier will generalize to an independent data set.  This method involves 

dividing the data into K subsets, and executing the cross-validation over K 

iterations.  One of the K subsets will be used as the test set and the other K-1 

subsets will form the training set for each iteration. The value of K is set to 10 for 

this analysis.  The advantage of this approach is that it does not depend heavily on 

which data points are in the training set and which ones are in the test set.     
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6) Subsequent to cross validation, an analysis is conducted to determine how well 

the data fit the model, with particular emphasis on overfitting.  This analysis will 

compare the training data set performance to test data set performance to 

determine the point where test set accuracy reaches a steady state value.  

Overfitting constructs a statistical model with too many degrees of freedom in the 

process and results in overly optimistic performance.  While the data are well 

described in the model, the predictions do not generalize to new data outside the 

study sample (Karystinos & Pados, 2000).       

7) Lastly, the ROC is examined for each classifier.  ROC graph examination allows 

visualization of the tradeoff between successful classification and false alarm rate 

for each of the classifiers (Demsar, 2006).  In general, the classifier located in the 

most northwest position on the ROC graph has the better performance.   

3.4 Analysis Tools  

Requirements analysis can be accomplished through expert judgment, techniques 

such as Case-Based Reasoning (Jani, 2011), or use of automated analysis tools (Natt och 

Dag, Regnell, Carlshamre, Andersson, & Karlsson, 2002) (Luisa et al., 2004a).  

According to a recent empirical study completed by Lami (Lami, Giuseppe and Ferguson, 

2007), automated requirements analysis tools can be more effective than human reviews 

for finding defective requirements.  Hence, the research presented in this paper utilizes an 

automated tool to determine linguistic quality metrics.  As described in Lami (Lami et al., 

2004) there are numerous commercially available requirements analysis tools such as the 

Quality Analyzer for Requirement Specifications, Requirements Quality Analyzer, 

TigerPro, and the CassBeth Specification Analysis Tool.  A feature comparison of the 
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aforementioned analysis tools illustrated in Table 3-3 shows all have pertinent linguistic 

analysis capability, utilize common input file formats, and can quickly produce analysis 

results.    While a government or commercial organization responsible for large 

development projects with a substantial amount of requirements specifications may want 

to consider a tool such as RQA, the focused scope of this research lends itself to 

employment of the CassBeth tool.  Specifically, given the CassBeth Specification 

Analysis Tool has solid analysis capability like the other tools, the CassBeth tool was 

selected for use in this research primarily because it is user friendly and inexpensive as 

noted by the following features: 

 Simple web interface that enables access anywhere.  

 Accepts Microsoft Word or text file inputs.  

 Adjustable analysis parameters. 

 Low purchase cost.  

Table 3-3:  Requirements Analysis Tools Feature Comparison 

Features 

Quality 
Analyzer of 
Requirement 
Specifications 
(QuARS) 

Requirements 
Quality 
Analyzer 
(RQA) 

TIGER Pro 

CassBeth 
Specification 
Analysis Tool 

Lexical Analysis         
Syntactical Analysis         
Statistical Analysis         
Graphical Analysis               X 

Adjustable Analysis Rules             X   
Real Time Analysis Results         
Defect Summary Report         
Dynamic Object Oriented 
Requirements System (DOORS) 
Interface  

 

        X 

 

  

 

  

 

        X 

Input File Type    .txt, .dat   .xls, DOORS .txt, csv, 
DOORS   

   .txt, .doc 

HW/Operating System Platform Not specified Client/Server 
Win 2008/Win 7 

PC Windows 
7 

PC Web 
Interface 

Software Purchase Cost Not commercially 
available 

$500+ $50 $20 
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CassBeth (Mathison & Hurworth, 2006) provides an automated method to review 

requirements specifications and identify linguistic faults in the requirements statements.  

These faults include poorly worded statements that are vague, untestable, weak phrases, 

compound requirements, and incomplete.  The tool runs on the personal computer and 

accepts Microsoft Word or text file inputs for the requirements statements.  In addition, 

the tool contains a complete service library with the following options: 

 Requirements Text Analysis (RTA). 

 Key Requirements Analysis (KRA). 

 Duplicate Objects Analysis (DOA). 

 Domain Capabilities Analysis (DCA). 

 Generic Capabilities Analysis (GCA). 

 

The research discussed in this paper uses the CassBeth tool’s RTA service to assess 

linguistic quality of the key performance parameter statements found in the DHS and 

DoD ORDs.  This service utilizes a default rule set to analyze word and phrase patterns 

that typically result in poorly worded requirements statements.  However, the default rule 

set can be adjusted if necessary to encompass user-specified instructions.  Following the 

import of the key performance parameter statements, the tool generates a report that 

identifies the linguistic quality defects, if any, in each statement.  The tool can enumerate 

the number of instances of the identified defects in the statements, and it can also treat the 

defects as binary.  In other words, each key performance parameter statement has a 

quality metric (vague, weak phrase, compound requirements, untestable, incomplete) that 

is either defective or non-defective.  In turn, these continuous and binary results serve as 
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the independent variables for the predictive model.  A screen shot of the CassBeth tool 

user interface control panel is captured in Figure 3-2.  The control panel allows the user 

to select a file to input for analysis, choose the service library for the desired analysis, run 

the analysis, and view the analysis results.  In addition, a representative screen shot of a 

linguistic quality metrics report for data utilized in this research is provided in Figure 3-3.     
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Figure 3-2:  Specification Analysis Tool User Interface 
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Figure 3-3:  Specification Analysis Tool Sample Metrics Report 

The data analysis for this research is facilitated through use of the STATISTICA 

statistical software tool.  Requirements linguistic quality metrics determined by the 

CassBeth Tool are input into STATISTICA for statistical analysis.  STATISTICA 

performs the BLR on the metrics data to determine the linear predictor model, statistical 

significance, and the odds ratio. STATISTICA also performs the NBC, SVM, and KNN 

analyses to develop and validate the respective classifiers; conducts the sensitivity 

analysis; and performs data fit analysis.   



64 
 

Chapter 4 - Results 

 

4.1 Linguistic Analysis Results 

As described in Chapter 3.2 of this dissertation, the predictive model is developed 

based on the linguistic quality factors (Incomplete, Untestable, Weak Phrase, Vague, and 

Compound Requirements) of the 242 KPP requirements statements.  Based on the results 

from the CassBeth Specification Analysis Tool, there were a total of 295 linguistic 

defects identified in the KPP requirements statements.  The graph in Figure 4-1 depicts 

the profile of linguistic quality defects in the requirements statements.  It should be noted 

that some of the requirement statements had more than one type of linguistic quality 

defect.  None of the requirements statements were assessed as Incomplete; and there were 

only two instances of Untestable requirements statements.  The majority of the defects 

were assessed as Weak Phrase, Vague, and Compound Requirements; where Compound 

Requirements was the largest single linguistic defect with 208 instances.  In addition to 

the profile of linguistic quality defects in the requirements statements, the descriptive 

statistics of the linguistic defects across the 32 DoD and DHS acquisition programs 

utilized as data sources for this research are captured in Table 4-1.  There is a mean of 

9.22 defects per program with a standard deviation of 10.57 defects.  The Probability 

Density Function (PDF) is illustrated in Figure 4-1, and the Cumulative Distribution 

Function (CDF) and the frequency table used to calculate the CDF are shown 

respectively in Figure 4-2 and Table 4-2.  It should be noted that the requirements defect 

data fit a Pareto 2 distribution.    
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Figure 4-1: Linguistic Quality Defects Graph (Overall) 

 

 

 

 

Table 4-1: Descriptive Statistics 
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Figure 4-2:  Probability Density Function for Linguistic Quality 
Defects (Overall) 
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Figure 4-3:  Cumulative Distribution Function for Linguistic Quality 
Defects (Overall) 
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Table 4-2: Defect Frequency Calculation Table 

Number 

of  

Defects 

 

 

Actual Frequency 

 

Sample 

Number 

0 0.03125 1 

0 0.0625 2 

1 0.09375 3 

1 0.125 4 

1 0.15625 5 

2 0.1875 6 

2 0.21875 7 

2 0.25 8 

2 0.28125 9 

3 0.3125 10 

4 0.34375 11 

4 0.375 12 

4 0.40625 13 

5 0.4375 14 

6 0.46875 15 

6 0.5 16 

6 0.53125 17 

7 0.5625 18 

8 0.59375 19 

8 0.625 20 

9 0.65625 21 

10 0.6875 22 

11 0.71875 23 

11 0.75 24 

13 0.78125 25 

14 0.8125 26 

14 0.84375 27 

21 0.875 28 

21 0.90625 29 

22 0.9375 30 

23 0.96875 31 

54 1 32 
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The linguistic quality defects profile is also shown for each of the acquisition 

program types; information technology, aircraft, munitions, ships, satellites, and other, 

respectively, in Figures 4-4 through 4-9.  The information technology, aircraft, munitions, 

and other programs reflect a similar defect profile to the overall profile shown in Figure 

4-1.  The ship programs are the only program type having more linguistic defect 

instances of weak phrase and vague than compound requirements; and the satellite 

programs also have higher instances of vague defects compared to weak phrase defects.      

    

  

Figure 4-4: Linguistic Quality Defects – IT Programs 
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Figure 4-5: Linguistic Quality Defects – Aircraft Programs 
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Figure 4-6:  Linguistic Quality Defects – Munitions Programs 
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Figure 4-7: Linguistic Quality Defects – Ship Programs 
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Figure 4-8: Linguistic Quality Defects – Satellite Programs 
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Figure 4-9: Linguistic Quality Defects – Other Programs 

 

4.2 Predictive Modeling Results 

As described in Chapter 3.3, four predictive models are established to describe the 

relationship between requirements linguistic quality attributes and end system operational 

performance.  BLR is employed first followed by three machine learning techniques; 

NBC, SVM, and KNN  Results for each model are described in the succeeding 

paragraphs. 
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4.2.1 Binary Logistic Regression 

STATISTICA 12.0 was employed to execute BLR on the KPP linguistic quality 

attributes and the associated operational test results.  Recall, five linguistic quality 

attributes (Incomplete, Untestable, Weak Phrase, Vague, and Compound Requirements) 

are used in the analysis. These attributes are the independent variables for the model; and 

the associated operational test results serve as the dependent variable, Performance Met.  

An iterative attribute elimination process was used to determine the statistically 

significant contributing attributes; where statistical significance is defined as p-value less 

than or equal to 0.05 for this analysis.  The following statistics are key indicators of the 

quality of the logistic regression model and were assessed as part of the attribute 

elimination process: 

 Wald Statistic – this statistic has a chi-square distribution and is used to assess 

statistical significance of the attributes, or independent variables.  If significance 

values are less than 0.05, the null hypothesis should be rejected as the attribute 

does make a significant contribution (Seibel, Mazzuchi, & Sarkani, 2006). 

 Hosmer Lemeshow Goodness of Fit Statistic – this statistic indicates how well the 

model prediction fits the observed data.  If the Hosmer Lemeshow goodness of fit 

test statistic is greater than 0.05, as needed for well-fitting models, the null 

hypothesis that there is no difference between observed and model-predicted 

values should be rejected (Bewick, Cheek, & Ball, 2005).  This implies the 

model’s estimates fit the data at an acceptable level (Bewick et al., 2005).   

 Nagelkerke R² - this descriptor has a value from zero to one and indicates the 

amount of variation in the dependent variable that is explained by the logistic 
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model (Bewick et al., 2005).  A number closer to one indicates a strong 

relationship between the predictors and the prediction. 

 Odds Ratio – this ratio defines the level of influence the attributes, or independent 

variables, have on the output (Halloran, n.d.). 

 

Table 4-3 presents the attribute statistics for the initial logistic regression model.  Note:  

the “Incomplete” attribute was removed from the initial model since there were no 

instances of “Incomplete” defects in the empirical data used for this analysis.   Use of the 

remaining four attributes in the logistic regression model shows that only one attribute, 

Compound Requirements, has significance, although the overall classification accuracy is 

74 percent for the validation data and 79 percent for the training data as shown in     

Tables 4-4 and 4-5, respectively.  In addition, the Nagelkerke R² value of 0.106031 

indicates only about eleven percent of the variation in the dependent variable is explained 

by the logistic model.  This indicates the initial attributes do not provide a statistically 

significant, well-fitting logistic regression model.  Henceforth, attributes are eliminated 

one-by-one in an effort to find a statistically significant, effective model.  The analysis 

culminates with a model containing two attributes, Vague and Compound Requirements, 

as shown in Table 4-6.   This is due to the limited data in the sample set used for this 

research.  Since the logistic regression model was developed with no “Incomplete” defect 

samples and only two “Untestable” defect samples, it is not unexpected the model has 

just two significant attributes.  In particular, the model has significance values of 0.0478 

and 0.006, respectively, for the Vague and Compound Requirements attributes.  The 

Nagelkerke R² value of 0.986 indicates there is a strong relationship between the 
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predictors and the prediction; and the Hosmer Lemeshow p-value of 0.1874 (> 0.05) 

indicates this is a well-fitting model.  Lastly, as depicted in Tables 4-7 and 4-8, the model 

has an overall classification accuracy of 74 percent against the validation data and 78 

percent against the training data.  The final logistic model is shown in Table 4-6 as 

follows: 

  Logit (p) = CR * (-0.256) + V * (-0.504) +1.129           (4.1) 
 

where  

      P = Probability performance is met. 

     CR = Compound Requirement. 

      V = Vague Requirement. 

         

 

 

Table 4-3:  Initial Logistic Regression Model 

 

 

Effect 

Performance Met - Parameter estimates  

Distribution : BINOMIAL, Link function: LOGIT 

Modeled probability that Performance Met = Yes 

Statistic Estimate Standard 

Error 

Wald 

Stat. 

Odds 

Ratio 

Lower CL 

95.0% 

Upper CL 

95.0% 

p-value 

Intercept  1.16425 0.286724 16.48775     

Untestable  -1.16425 1.482462 0.61677 0.312158 -2.59341 3.217730 0.432251 

Weak Phrase  0.13604 0.359457 0.14323 1.145726 0.44120 1.850249 0.705092 

Compound Reqt  -0.28620 0.115733 6.11559 0.751109 0.52428 0.977942 0.013399 

Vague  -0.47608 0.258438 3.39346 0.385908 -0.12062 0.892438 0.065455 

Scale  1.00000 0.000000 1.000000     

Nagelkerke R² 0.106031        

Hosmer 

Lemeshow 

 

1.2838 

       

0.732973 

 

Loglikelihood 

 

-99.42647 
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Table 4-4: Classification Accuracy (Test) - Initial Logistic Regression Model 

 

Test Data 

Classification of cases  

Odds ratio: 0.000000                               

Log odds ratio: infinity 

Predicted: 

Yes 

Predicted: 

No Percent correct 

Observed: Yes      31 1 96.875 

Observed: No       10 0 0 

Overall Classification 

Accuracy 

 73.809 

 

 

 

Table 4-5: Classification Accuracy (Training) - Initial Logistic Regression Model 

 

Training Data 

Classification of cases  

Odds ratio:  6.333333                              

Log odds ratio: 1.845827 

Predicted: 

Yes 

Predicted: 

No Percent correct 

Observed: Yes      152 3 98.0645161 

Observed: No       40 5 11.1111111 

Overall Classification 

Accuracy 

 78.50 
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Table 4-6: Final Logistic Regression Model 

Effect 

Performance Met - Parameter estimates  

Distribution : BINOMIAL, Link function: LOGIT  

Modeled probability that Performance Met = Yes 

Statistic Estimate 
 

Standard 

Error 
 

Wald 

Stat. 
 

Odds 

Ratio 
 

Lower CL 

95.0% 
 

Upper CL 

95.0% 
 

p-value 
 

Intercept 
 

 
1.129429 0.278965 

16.3915

1 
 

   

Compound 

Reqt 
 

 
-0.255608 0.094214 7.36070 0.774445 0.589789 0.959101 0.006666 

Vague 
 

 -0.504189 0.254816 3.91502 0.364810 -0.134620 0.864240 0.047856 

Scale 
 

 1.000000 0.000000 
 

1.000000 
   

Nagelkerke R² 0.986491        

Hosmer 

Lemeshow 

 

1.7378 
      0.187414 

 

Loglikelihood 

 

-24.11865 
       

 

 

 

Table 4-7: Classification Accuracy (Test) - Final Logistic Regression Model 

 

Test Data 

Classification of cases  

Odds ratio: 0.000000    Log odds ratio: 

infinity 

Predicted: 

Yes 

Predicted: 

No Percent correct 

Observed: Yes      31 1 96.875 

Observed: No       10 0 0 

Overall Classification 

Accuracy 

 73.809 
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Table 4-8: Classification Accuracy (Training) - Final Logistic Regression Model 

 

Training Data 

Classification of cases  

Odds ratio: 4.943089                               

Log odds ratio: 1.597991   

Predicted: 

Yes 

Predicted: 

No Percent correct 

Observed: Yes      152 3 98.0645161 

Observed: No       41 4 8.889 

Overall Classification 

Accuracy 

 78.00 

 

A sensitivity analysis varies one model parameter while holding the other parameters 

constant; and this is repeated for each parameter in the model.  The objective is to assess 

how each parameter impacts classification accuracy.  This sensitivity analysis is 

conducted against two parameters for the logistic regression model; the number of 

independent variables and the training data sample size.  Note, the “Incomplete” attribute 

was not observed in the empirical data.  Therefore, the sensitivity analysis for number of 

independent variables was conducted on the remaining four attributes (Untestable, Weak 

Phrase, Vague, and Compound Requirements). The sensitivity analysis results are shown 

in Tables 4-9 and 4-10.  As reflected in the tables, the model is insensitive (has little or no 

change) to the number of attributes and training sample size with respect to classification 

accuracy. 

Next, a data fit analysis is conducted to assess how well the model predictions 

generalize to new data.  The goal is to ensure the model is not overfitted, a condition that 

can lead to over optimism in the predictive accuracy of the model.  The plot shown in 

Figure 4-10 compares the training set classification accuracy and the test set classification 

accuracy.  The optimal amount of training occurs at the point test classification accuracy 
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reaches steady state while the training classification accuracy continues to improve (Ye, 

2010).  If training is continued at this point, overfitting occurs and the generalization of 

the logistic regression model is decreased (Gondra, 2008).  This point occurs at 30 

training samples for the final logistic regression model. Note, per Homer Lemeshow 

(“Lecture Notes on Logistic Regression,” 1995), there should be 10 – 20 samples per 

independent variable.  Since the final logistic regression model is comprised of two 

explanatory variables, 30 samples are within the recommended range.  

 

Table 4-9: BLR Sensitivity Analysis: Number of Attributes 

BLR Sensitivity Analysis: Wald Statistic 

(Number of Attributes) 

No. of 

Attributes 

No. of 

Significant 

Attributes 

Classification 

Accuracy 

(Validation) 

Classification 

Accuracy 

(Training) 

4 1 74% 79% 

3 2 74% 78% 

2 2 74% 78% 

1 1 74% 78% 

 

 
Table 4-10:  BLR Sensitivity Analysis: Training Sample Size 

BLR Sensitivity Analysis: Training Data Sample Size 

Training 

Sample Size 

Classification 

Accuracy   

(Test) 

Classification 

Accuracy 

(Training) 

200 samples 74% 78% 

181 samples 74% 80% 

121 samples 72% 79% 

60 samples 74% 78% 

30 samples 78% 67% 
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Figure 4-10:  Training Vs Test Accuracy 

 

 

 

4.2.2 Naïve Bayes Classifier  

Next, an NBC is developed applying the same attribute data used to develop the BLR 

model in the previous section.  STATISTICA 12.0 was also employed to develop the 

NBC based on the KPP linguistic quality attributes and the associated operational test 

results. The NBC results using four attributes (Untestable, Weak Phrase, Compound 

Requirements, and Vague) and 181 training samples reveal a classification accuracy of 

82 percent using test data and 77% using training data.  A sensitivity analysis against the 

number of independent factors and training data sample size was also accomplished; 

results are provided in Tables 4-11 and 4-12.    These results show the NBC classifier 
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accuracy is insensitive to the number of independent factors for the training set, and 

shows only a slight sensitivity for the validation set.   The NBC classifier exhibited a 

slight improvement in classification accuracy with increased training data sample size.  

Specifically, increasing the training samples from the smallest size (60 samples) to the 

largest size (200 samples) was a 233% increase in sample size, but resulted in just an 8% 

increase in classification accuracy for the test set, and 2% increase in accuracy for the 

training set.    

Following sensitivity analysis, a data fit analysis is conducted on the NBC classifier 

as was done previously for the Logistic Regression model.  This analysis assesses how 

well the model predictions generalize to new data.  The plot shown in Figure 4-11 

compares the training set classification accuracy and the test set classification accuracy.  

The optimal amount of training occurs at the point test classification accuracy reaches 

steady state while the training classification accuracy continues to improve (Ye, 2010).  

This point occurs around 200 training samples for the NBC classifier.  Use of additional 

training samples would result in overfitting, and model generalization would decrease 

(Karystinos & Pados, 2000). 

Table 4-11: NBC Sensitivity Analysis: Number of Factors 

NBC Sensitivity Analysis: Independent Factors 

No. of 

Factors 

Classification 

Accuracy   (Test) 

Classification 

Accuracy 

(Training) 

4 82% 77% 

3 82% 77% 

2 86% 77% 

1 85% 77% 
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Table 4-12: NBC Sensitivity Analysis: Training Sample Size 

NBC Sensitivity Analysis: Training Sample Size 

Training Sample 

Size 

Classification 

Accuracy   

(Test) 

Classification 

Accuracy 

(Training) 

200 samples 86% 77% 

181 samples 82% 77% 

121 samples 82% 74% 

60 samples 78% 75% 

30 samples 78% 71% 

 

 

 
 

Figure 4-11:  Training Vs Test Accuracy 
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4.2.3 Support Vector Machine 

Subsequent to development of the NBC, an SVM machine learning approach is used 

applying the same attribute data used to develop the BLR model and the NBC in the 

previous sections.  STATISTICA 12.0 is utilized again to develop the SVM based on the 

KPP linguistic quality attributes and the associated operational test results.  The SVM 

results are obtained using 181 training samples, each with four attributes (Untestable, 

Weak Phrase, Compound Requirements, and Vague), and are as follows: 

 Number of support vectors = 88 (80 bounded).     

 Cross-validation accuracy (%) = 76.243.          

 Support vectors per class: 43 (No), 45 (Yes).                                                 

 Class. accuracy (%) = 76.243 (Train),      80.328 (Test). 

 

A sensitivity analysis against the number of independent factors and training data 

sample size was also accomplished; results are contained in Tables 4-13 and 4-14.  These 

results show the SVM classifier accuracy is insensitive to the number of independent 

factors and exhibited a slight improvement in classification accuracy with increased 

training data sample size.  Specifically, increasing the training samples from the smallest 

size (60 samples) to the largest size (200 samples) was a 233% increase in sample size, 

but resulted in just a 4% increase in classification accuracy for the validation set, and 1% 

increase in accuracy for the training set.   
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Next, a data fit analysis is conducted on the SVM classifier as was done previously 

for the Logistic Regression model and NBC classifier to assesses how well the model 

predictions generalize to new data.  The plot shown in Figure 4-12 compares the training 

set classification accuracy and the test set classification accuracy.  The optimal amount of 

training occurs around 200 training samples for the SVM classifier. 

 

Table 4-13:  SVM Sensitivity Analysis: Number of Factors 

SVM Sensitivity Analysis: Independent Factors 

No. of 

Factors 

Classification 

Accuracy  (Test) 

Classification 

Accuracy (Training) 

4 80% 76% 

3 80% 76% 

2 80% 76% 

1 80% 76% 

 

 

 

Table 4-14: SVM Sensitivity Analysis: Training Sample Size 

SVM Sensitivity Analysis: Training Sample Size 

Training Sample 

Size 

Classification 

Accuracy 

(Validation) 

Classification 

Accuracy 

(Training) 

200 samples 81% 77% 

181 samples 80% 76% 

121 samples 76% 76% 

60 samples 77% 76% 

30 samples 78% 71% 
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Figure 4-12:  Training Vs Test Accuracy 

 

4.2.4 K Nearest Neighbor 

Finally, the KNN machine learning technique was applied utilizing the same attribute 

data used to develop the BLR model, Naïve Bayes Classifier, and SVM in the previous 

sections.  STATISTICA 12.0 is utilized again to develop the KNN classifier based on the 

KPP linguistic quality attributes and the associated operational test results.  The KNN 

results using four attributes (Untestable, Weak Phrase, Compound Requirements, and 

Vague) and 181 training samples are as follows: 

 Number of nearest neighbors =5.                  

 Distance measure:  Euclidean.                    

 Averaging: uniform.                              

 Cross-validation accuracy (%) = 74.03315.    

 Class. accuracy (%) = 81.967 (Test). 



88 
 

Sensitivity analyses were accomplished against the KNN distance measure, number 

of nearest neighbors, number of independent factors and training data sample size.  Note, 

classification accuracy for the examples set was not calculated given the examples 

sample is used by KNN for predicting the testing sample.   

The first sensitivity analysis assessed impact of classification accuracy based on use 

of four different distance measures, Euclidean, Euclidean Squared, City Block, and 

Chebychev and is summarized in Table 4-15.  The results showed there was no change in 

classification accuracy with a change in distance measure.   

 

Table 4-15: KNN Sensitivity Analysis: Distance Measure 

KNN Sensitivity Analysis: Distance Measure 

Distance Measure 
Classification Accuracy 

(Validation) 

Euclidean 82% 

Euclidean Squared 82% 

City Block 82% 

Chebychev 82% 

 

The next sensitivity analysis assessed the impact of the number of nearest neighbors 

on cross validation accuracy.  The plot in Figure 4-13 shows cross validation accuracy 

improves with an increase in the number of nearest neighbors. 
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Figure 4-13:  Number of Nearest Neighbors vs Cross Validation Accuracy 

 

A sensitivity analysis against the number of independent factors and training data 

sample size was accomplished next; results are contained in Tables 4-16 and 4-17.  These 

results show the KNN classifier accuracy is insensitive to the number of independent 

factors and exhibited an improvement in classification accuracy with increased training 

data sample size.  Specifically, increasing the training samples from the smallest size (60 

samples) to the largest size (200 samples) was a 233% increase in sample size, but 

resulted in a 7% increase in classification accuracy for the validation set.  
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Table 4-16:  KNN Sensitivity Analysis: Number of Factors 

KNN Sensitivity Analysis: Independent Factors 

No. of Factors 
Classification Accuracy 

(Validation) 

4 82% 

3 82% 

2 84% 

1 84% 

 

 

 
Table 4-17:  KNN Sensitivity Analysis: Training Sample Size 

KNN Sensitivity Analysis: Training Sample Size 

Training Sample 

Size 

Classification Accuracy 

(Validation) 

200 samples 85% 

181 samples 84% 

121 samples 80% 

60 samples 79% 

30 samples 78% 
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Chapter 5 – Discussion 

 

This chapter presents a comparative discussion on the classification performance of 

the four  predictive models, followed by an assessment of two models, KNN and NBC, 

against general data provided in five case studies to illustrate model predictive 

performance.    

5.1 Model Performance Comparison 

The four classification approaches, BLR, NBC, SVM, and KNN, developed in the 

previous chapter are now compared to determine best overall performance.  A 

performance summary for the classifiers is provided in Table 5-1.  All classifiers were 

validated and were insensitive to changes in the number of independent factors in the 

model; and they all showed only slight changes in classification accuracy as the training 

sample size increased.  This indicates the classifiers are stable with respect to random 

variation from the selection of training data (Dietterich, 1998).  Moreover, they all had 

good classification accuracy that generalized well to new data.  In all, this shows that 

multiple classification techniques have established that requirements quality can be used 

as a predictive factor for end system operational performance.  

Given that all four approaches had satisfactory classification performance, it would 

appear the final classifier selection should be based on overall classification accuracy.  

However, an effective means for classifier comparison is through use of ROC  curves. 

Specifically, ROC space graphs are two-dimensional graphs that depict classifier 

performance by plotting true positive rate against false positive rate for the classifiers 
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(Majnik & Bosni, 2013).  In practice, the ROC area represents the area under the curve of 

true positive rate and false positive rate as the prediction threshold sweeps through all the 

possible values (Falessi et al., 2011).  One classifier is better than another if its point in 

ROC space is to the northwest of the first (Bradley, 1997).  The classifier confusion 

matrix template shown in Figure 5-1 and the associated calculations from Equations 5.1 

through 5.4 are used to generate the ROC space graph.  The confusion matrices for the 

four classifiers modeled in this research are depicted in Tables 5-2 through 5-5; and the 

resulting ROC space graph is illustrated in Figure 5-2.  The graph shows that 

performance for Logistic Regression and SVM is not much better than classifying by 

chance.  In other words, these classifiers will get the positive classifications correct 

nearly all the time, but have a high false positive rate.  However, KNN and NBC show 

solid performance in the upper left quadrant of the ROC graph and may be considered 

conservative classifiers as they both make positive classifications only with strong 

evidence so they make few false positive errors (Fawcett, 2006).  Given the nature of the 

data used in this research, this result is not surprising since a general machine learning 

technique feature comparison described by Kotsiantis (Kotsiantis, 2007) indicates KNN 

and NBC have better general classification accuracy.   
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Table 5-1: Classification Summary Table 

Metric 
 

 

Model 
 

Classification 

Accuracy 
(Validation Set) 

Sensitivity Analysis 
(wrt Classification Accuracy) Generalization 

Factors Sample Size 

Binary 

Logistic 

Regression 
 

74% Insensitive 
Slight 

Sensitivity 
Yes 

Naïve Bayes 

Classifier 
 

86% Insensitive 
Slight 

Sensitivity 
Yes 

Support 

Vector 

Machine 
 

81% Insensitive 
Slight 

Sensitivity 
Yes 

K Nearest 

Neighbor 
84% Insensitive 

Slight 

Sensitivity 
N/A 

 
 

 

 

 

True class 

p          n 

 

Y 

Hypothesized 

       class 

N 
 

 

 

 

Column totals:              P                     N 

 

Figure 5-1: Confusion Matrix Template (Fawcett, 2006) 

 

 

 
 

 

True          

Positives 

 

 

False 

Positives 

 

False 

Negatives 

 

True 

Negatives 
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       FP Rate = FP              (5.1)   
                                                                  N 

  TP Rate = TP                  (5.2)  
                                                              P 

 N = FP + TN                 (5.3)  
 

       P = TP + FN              (5.4)  

 

Where  

      FP = Number of False Positives. 

      TP = Number of True Positives. 

        N = Total Number of Negatives. 

        P = Total Number of Positives. 

 

 

 

Table 5-2:  KNN Confusion Matrix 

KNN Confusion Matrix 

True Class 

H
y
p
o
th

es
iz

ed
 C

la
ss

 

Yes 

Positive Negative 

 

 

2 

 

 

10 

No 

 

 

0 

 

 

49 
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Table 5-3:  NBC Confusion Matrix 

NBC Confusion Matrix 

True Class 

H
y
p
o
th

es
iz

ed
 C

la
ss

 
Yes 

Positive Negative 

 

 

49 

 

 

0 

No 

 

 

11 

 

 

1 

 

 

 

Table 5-4:  SVM Confusion Matrix 

SVM Confusion Matrix 

True Class 

H
y
p

o
th

es
iz

ed
 C

la
ss

 

Yes 

Positive Negative 

 

 

49 

 

 

12 

No 

 

 

0 

 

 

0 
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Table 5-5:  BLR Confusion Matrix 

BLR Confusion Matrix 

True Class 

H
y
p
o
th

es
iz

ed
 C

la
ss

 

Yes 

Positive Negative 

 

 

31 

 

 

10 

No 

 

 

1 

 

 

0 
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Figure 5-2:  Classifier Receiver Operating Characteristic Space 
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5.2 Case Studies 

Comparison of the four modeling approaches in Chapter 5.1 concluded SVM and 

BLR are random classifiers, while the NBC and KNN approaches provide the best 

classification performance given the data set used in this research.  Five case studies are 

next employed to illustrate model predictive performance against new data.  Because 

SVM and BLR have random classification performance, they are not included in the case 

studies.  Hence, the case studies only demonstrate NBC and KNN model performance 

against new data.   

The case studies are intended to exercise the NBC and KNN models against new data 

(new requirements statements) that reflect a variety of linguistic quality.  As such, the 

case studies include requirements statements with significant linguistic defects, 

requirements statements with a moderate amount of linguistic defects, and requirements 

statements with zero linguistic defects.  An overview listing of the case studies is 

provided below: 

 Case Study #1: Assessing KNN and NBC model performance on a KPP 

reworded to improve its compound requirements linguistic quality defects.  

 Case Study #2: Assessing KNN and NBC model performance on a KPP 

reworded to improve its weak phrase and compound requirements linguistic 

quality defects.  

 Case Study #3: Assessing KNN and NBC model performance on a KPP 

reworded to add defects and worsen its linguistic quality.  
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 Case Study #4:   Assessing KNN and NBC model performance on a poor 

requirements statement referenced in  National Oceanic and Atmospheric 

Administration  (NOAA) reference book on writing effective requirements.  

 Case Study #5:   Assessing KNN and NBC model performance on a high-

quality requirements statement referenced in the NOAA reference book on 

writing effective requirements.  

 

Each of the five case studies begins with a description of its objective.  This is 

followed by an introduction that provides an abstract of the case study that includes the 

observed results.  Next, the detailed methodology for case study execution is presented; 

and afterwards the case study results are provided.  A discussion on the evaluation of the 

results is then delivered; and lastly, conclusions are drawn for the completed case study.   
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5.2.1 Case Study #1:  Assessing KNN and NBC model performance on a KPP 

reworded to improve its compound requirements linguistic quality defects  

The following is a case study on KPP 67 in Appendix A of this dissertation.  The 

objective of this case study is to determine if the KNN and NBC models will accurately 

predict that required system performance is satisfied following a rewording of the KPP to 

improve its linguistic quality.         

5.2.1.1  Introduction 

KPP 67 in Appendix A is a requirements statement from a DoD aircraft program and 

is written as follows: 

“The system must fully support execution of joint critical operations activities 

identified in the applicable joint and system integrated architectures and the 

system must satisfy the technical requirements for transition to Net-Centric 

military operations to include: 1) DISR-mandated GIG IT standards and profiles 

identified in the Technical View-1, 2) DISR mandated GIG KIPs identified in the 

KIP declaration table, 3) NCOW RM Enterprise Services, 4) information 

assurance requirements including availability, integrity, authentication, 

confidentiality, and non-repudiation, and issuance of an Interim Approval to 

Operate by the DAA, and 5) Operationally effective information exchanges; and 

mission critical performance and IA attributes, data correctness, data availability, 

and consistent data processing specified in the applicable joint and system 

integrated architecture views”. 
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As depicted in Table 5-6, the CassBeth analysis reveals KPP 67 has one vague defect 

and ten compound requirements defects for a total of eleven linguistic quality defects. 

Also, the results from the government operational test shows this KPP did not satisfy 

required system performance.   

Table 5-6:  KPP 67 CassBeth Analysis Results 

KPP 

No. 

Key Performance 

Requirement 

Linguistic Quality Defects 
Performance 

Met 

Incomplete Untestable 
Weak 

Phrase 
Vague 

Compound 

Reqt's 

67 

The system must fully 

support execution of joint 

critical operations activities 

identified in the applicable 

joint and system integrated 

architectures and the system 

must satisfy the technical 

requirements for transition to 

Net-Centric military 

operations to include: 1) 

DISR-mandated GIG IT 

standards and profiles 

identified in the Technical 

View-1, 2) DISR mandated 

GIG KIPs identified in the 

KIP declaration table, 3) 

NCOW RM Enterprise 

Services, 4) information 

assurance requirements 

including availability, 

integrity, authentication, 

confidentiality, and non-

repudiation, and issuance of 

an Interim Approval to 

Operate by the DAA, and 5) 

Operationally effective 

information exchanges; and 

mission critical performance 

and IA attributes, data 

correctness, data availability, 

and consistent data 

processing specified in the 

applicable joint and system 

integrated architecture views. 

0 0 1 0 10 No 

 

In this case study, the author of this dissertation reworded KPP 67 to remove only the 

ten compound requirements linguistic quality defects.  Given the improved linguistic 

quality of the KPP, the apriori expectation (truth data) was that required system  
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performance would now be satisfied.  As such, the KNN and NBC classification models 

were employed to assess their predictive performance on the reworded KPP.  The results 

illustrated that both models correctly predicted that required system performance would 

be satisfied.  The methodology, results, evaluation, and conclusions from this case study 

are provided in succeeding sections. 

5.2.1.2 Methodology 

Figure 5-3 illustrates the process for conducting this case study.   

1. The linguistic quality defects for KPP 67 are reviewed by the author of this 

dissertation to determine means to mitigate the defects. 

2. KPP 67 is reworded by the author of this dissertation in a manner that 

addresses the identified defects. 

3. The reworded  KPP requirements statement is analyzed in the CassBeth tool 

to determine if linguistic quality has improved. 

4. The linguistic defect results from the CassBeth tool analysis are then input 

into the KNN and NBC models.  

5. The KNN and NBC models output the probability of satisfying required 

system performance.   

6. The predicted performance of the NBC and KNN models are compared to the 

apriori expectation (truth data) of required system performance being met or 

unmet to determine classification performance of the models. 

The apriori expectation (truth data) determination is based on the number of linguistic 

quality defects in the requirements statement.   Analysis of the data set sample in 

Appendix A used to develop the predictive models reveals the KPP requirements 
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statements that meet required system performance have a mean of 0.8 defects, while the 

requirements statements that do not meet required system performance have a mean of 

2.3 defects.  Thus, as depicted in Table 5-7, a requirements statement with more than 

three linguistic quality defects is the point of expected transition from meeting required 

system performance to not meeting required system performance.   

 

 

Figure 5-3:  Case Studies Process Flow 

 

Table 5-7:  Truth Data for Required System Performance 

Apriori Expectation (Truth Data) 

Number 

of 

Linguistic 

Defects 

Required 

System 

Performance 

Met 

Required 

System 

Performance 

Not Met 

> 3 
 

X 

< 3 
 

  
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5.2.1.3 Results 

As captured in Table 5-6,  KPP 67 had one weak phrase defect and ten compound 

requirements defects.  Per the linguistic quality defect definitions in Chapter 3.3 of this 

dissertation, a weak phrase defect contains unquantified or indefinite requirements; and a 

compound requirements defect contains multiple needs.  In other words, for a compound 

requirement, each “and” in KPP 67 represents an additional need or requirement for the 

KPP.  The only means to mitigate these compound requirements is to remove the “ands” 

by breaking apart KPP 67 into multiple new requirements statements.  Given the 

objective of this case study was to remove just the compound requirements defects, the 

author of this dissertation reworded KPP 67 as shown below with the goal of removing 

the compound requirements defects: 

a. The system must fully support execution of joint critical operational 

activities identified in the applicable joint system integrated architectures.  

b. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include: 1) DISR-mandated GIG IT 

standards. 

c. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include DISR-mandated GIG IT profiles 

identified in the Technical View-1. 

d. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include DISR mandated GIG KIPs 

identified in the KIP declaration table. 
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e. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include NCOW RM Enterprise Services. 

f. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include information assurance requirements 

including availability, integrity, authentication, confidentiality. 

g. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include non-repudiation. 

h. The system must issuance of an IATO by the DAA. 

i. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include Operationally effective information 

exchanges. 

j. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include mission critical performance, IA 

attributes, data correctness, data availability. 

k. The system must satisfy the technical requirements for transition to Net-

Centric military operations to include consistent data processing specified 

in the applicable joint system integrated architecture views. 

The reworded statements above were input into the CassBeth analysis tool to 

determine the number of linguistic quality defects (Incomplete, Untestable, Weak Phrase, 

Vague, and Compound Requirements).   Results from the CassBeth analysis are shown in 

Table 5-8 and revealed there was only one defect identified; a weak phrase defect in 

statement “a”.   
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Table 5-8: CassBeth Analysis Results for Reworded KPP 67 

  

Incomplete Untestable 
Weak 

Phrase 
Vague 

Compound 

Reqt's 

a. 

The system must fully support execution of joint 

critical operational activities identified in the 
applicable joint system integrated architectures  0 0 1 0 0 

b. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 

include: 1) DISR-mandated GIG IT standards. 0 0 0 0 0 

c. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 
include DISR-mandated GIG IT profiles identified 

in the Technical View-1. 
0 0 0 0 0 

d. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 

include DISR mandated GIG KIPs identified in the 
KIP declaration table. 

0 0 0 0 0 

e. 

The system must satisfy the technical requirements 
for transition to Net-Centric military operations to 

include NCOW RM Enterprise Services. 0 0 0 0 0 

f. 

The system must satisfy the technical requirements 
for transition to Net-Centric military operations to 

include information assurance requirements 

including availability, integrity, authentication, 
confidentiality. 

0 0 0 0 0 

g. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 

include non-repudiation 
0 0 0 0 0 

h. The system must issuance of an IATO by the DAA. 0 0 0 0 0 

i. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 

include Operationally effective information 
exchanges. 

0 0 0 0 0 

j. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 

include mission critical performance, IA attributes, 
data correctness, data availability. 

0 0 0 0 0 

k. 

The system must satisfy the technical requirements 

for transition to Net-Centric military operations to 

include consistent data processing specified in the 

applicable joint system integrated architecture 
views. 

0 0 0 0 0 
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The linguistic quality defect results were next entered into the NBC and KNN 

models.  Given the reworded statements have high linguistic quality with only one defect, 

the apriori expectation (truth data) is that required system performance associated with 

each requirements statement would be met (see Table 5-7).  The model performance 

results summarized in Table 5-9 show that NBC and KNN correctly predicted that 

required system performance would be met.     

Table 5-9:  Model Performance Results for Reworded KPP 67 

 

Case Study 
 

Linguistic 

Quality 

Defects 

 

Performance 

Met 
 

Performance Met 
(Model Prediction) 

 

No. 

 

Description 

 

Number 

 

Truth Data KNN Model NBC Model 

#1 

 
Reworded 

KPP 67 for 

higher 

linguistic 

quality 

 

 

1 

 

 

Yes 
        Yes 

(4 of 5 nearest neighbors  

had “Yes” labels) 

Yes   
[P(Yes) > P(No)] 

 

5.2.1.4 Evaluation 

The predictive performance of the NBC and KNN models in this case study revealed 

the models behaved in a manner consistent with the performance analysis described in 

Chapter 5.1 of this dissertation.  The models demonstrated high classification accuracy 

and overall generalized well to the new data presented in this case study.    

The KNN model used a Euclidean distance function with a k value of five.  Based on 

the data from Appendix A used for model development, the KNN model prior 

probabilities for the classification labels, “performance met” and “performance not met”, 

were 77% and 23%, respectively.   After calculating the Euclidean distances, the KNN 
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model determined the classification labels for four of the five nearest neighbors were 

“performance met”.  Thus, the model predicted with 80% posterior probability that 

required system performance would be met for the instance used in this case study.  Note, 

additional details on KNN model performance are contained in Appendix B. 

The NBC model also contained prior probabilities for the classification labels, 

“performance met” and “performance not met”, of 77% and 23%, respectively.  After 

calculating conditional probabilities  based on the data from Appendix A used for model 

development and applying Bayes Rule as shown in Equation 3.2 of this dissertation, the 

NBC model calculated the probability of “performance met” for the reworded KPP 67 

was greater than the probability of “performance not met”.  Therefore, the Maximum A 

Posteriori (MAP) probability was that required system performance would be met for the 

instance used in this case study.  Note, additional details on NBC model performance are 

contained in Appendix B. 

Hence, the KNN and NBC models both correctly predicted that required system 

performance would be met.  Given the truth data for this case study was “performance 

met”, which is a positive result, the likelihood of either model making a false negative 

prediction was low, which is consistent with the ROC space graph shown in Figure 5-2.  

5.2.1.5 Conclusion 

This case study successfully illustrated that a KPP requirements statement with 

significant compound requirements linguistic quality defects could be reworded to 

mitigate the defects; and the KNN and NBC models could accurately predict that 
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required system performance would be satisfied following the rewording of the KPP to 

remove the compound requirements and improve its linguistic quality.         

5.2.2 Case Study #2:  Assessing KNN and NBC model performance on a KPP 

reworded to improve its weak phrase and compound requirements linguistic quality 

defects 

The following is a case study on KPP 119 in Appendix A of this dissertation.  The 

objective of this case study is to determine if the KNN and NBC models will accurately 

predict that required system performance is satisfied following a rewording of the KPP to 

remove its weak phrase and compound requirements linguistic quality defects.         

5.2.2.1 Introduction 

KPP 119 in Appendix A is a requirements statement from a DHS aircraft program 

and is written as follows: 

“The MRS MPA shall have communication systems/radios with Type 1 and 3 

encryption as required that are proven to be able to communicate (interoperable) 

with Coast Guard Rescue 21, Cutter, small boat, and CAMS systems, DHS's 

Integrated Wireless Network and COTHEN, DOD military shore, surface, land 

and air systems including US SCOPE Command network, FAA-ATC, CBP 

COTHEN/aircraft/boats, and federal, state and local agencies and first responders 

in the VHF-AM, VHF-FM, LMR VHF-FM, UHF, UHF military, HF-SSB/ALE, 

MILSATCOM, COMSATCOM spectrum and methods of communications”. 
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As depicted in Table 5-10, the CassBeth analysis reveals KPP 119 has a total of nine 

linguistic quality defects; and the results from the government operational test shows this 

KPP did not satisfy required system performance.   

Table 5-10:  KPP 119 CassBeth Analysis Results 

KPP 

No. 
Key Performance Requirement 

Linguistic Quality Defects 

Performance 

Met 

Incomplete Untestable 
Weak 

Phrase 
Vague 

Compound 

Reqt's 

119 

The MRS MPA shall have 

communication systems/radios 
with Type 1 and 3 encryption as 

required that are proven to be able 

to communicate (interoperable) 
with Coast Guard Rescue 21, 

Cutter, small boat, and CAMS 

systems, DHS's Integrated 
Wireless Network and COTHEN, 

DOD military shore, surface, land 

and air systems including US 
SCOPE Command network, 

FAA-ATC, CBP 

COTHEN/aircraft/boats, and 
federal, state and local agencies 

and first responders in the VHF-

AM, VHF-FM, LMR VHF-FM, 
UHF, UHF military, HF-

SSB/ALE, MILSATCOM, 

COMSATCOM spectrum and 
methods of communications. 

0 0 1 0 8 No 

 

In this case study, the author of this dissertation reworded KPP 119 to remove the 

eight compound requirements linguistic quality defects and the one weak phrase 

linguistic quality defect.  Given the improved linguistic quality of the KPP, the apriori 

expectation (truth data) as described in Table 5-7 was that required system performance 

would now be satisfied.  As such, the KNN and NBC classification models were 

employed to assess their predictive performance on the reworded KPP.  The results 

illustrated that both models correctly predicted that required system performance would 
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be satisfied.  The methodology, results, evaluation, and conclusions from this case study 

are provided in the subsequent sections. 

5.2.2.2 Methodology 

The process for conducting this case study is described in the following steps:     

1. The linguistic quality defects for KPP 119 are reviewed by the author of this 

dissertation to determine means to mitigate the defects. 

2. KPP 119 is reworded by the author of this dissertation in a manner that 

addresses the identified defects. 

3. The reworded KPP requirements statement is analyzed in the CassBeth tool to 

determine if linguistic quality has improved. 

4. The linguistic defect results from the CassBeth tool analysis are then input 

into the KNN and NBC models.  

5. The KNN and NBC models output the probability of satisfying required 

system performance.   

6. The predicted performance of the NBC and KNN models are compared to the 

apriori expectation (truth data) of required system performance being met or 

unmet to determine classification performance of the models. 

The apriori expectation (truth data) determination is based on the number of linguistic 

quality defects in the requirements statement.   As described earlier in Chapter 5.2.2.1, 

analysis of the data set sample in Appendix A used to develop the predictive models 

reveals the KPP requirements statements that meet required system performance have a 

mean of 0.8 defects, while the requirements statements that do not meet required system 

performance have a mean of 2.3 defects.  Thus, as depicted in Table 5-7, a requirements 
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statement with more than three linguistic quality defects is the point of expected 

transition from meeting required system performance to not meeting required system 

performance.   

5.2.2.3 Results 

As captured in Table 5-10, KPP 119 had one weak phrase defect and eight compound 

requirements defects for a total of nine linguistic quality defects.  Per the linguistic 

quality defect definitions in Chapter 3.3 of this dissertation, a compound requirements 

defect contains multiple needs; and a weak phrase defect contains unquantified or 

indefinite requirements.  Thus, for a compound requirement, each “and” in KPP 119 

represents an additional need or requirement for the KPP.  The only means to mitigate 

these compound requirements is to remove the “ands” by breaking apart KPP 119 into 

multiple new requirements statements.  The weak phrase defect was a result of the use of 

“as required” in KPP 119 as this was an indefinite phrasing.  Therefore, the author of this 

dissertation reworded KPP 119 as shown below with the goal of removing the compound 

requirements defects and the weak phrase defect: 

a. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable)  

with Coast Guard Rescue 21. 

b. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable)  

with Cutter systems. 
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c. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable) with small boat 

systems. 

d. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable) with CAMS 

systems. 

e. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable)  

with DHS's Integrated Wireless Network Key Performance Requirement. 

f. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable) with COTHEN. 

g. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable)  

with DOD military shore, surface, land systems. 

h. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable) with air 

systems including US SCOPE Command network, FAA-ATC, CBP 

COTHEN/aircraft/boats. 

i. The MRS MPA shall have communication systems/radios with Type 1/3 

encryption that are proven to communicate (interoperable) with federal, 

state, local agency first responders in the VHF-AM, VHF-FM, LMR 

VHF-FM, UHF, UHF military, HF-SSB/ALE, MILSATCOM, 

COMSATCOM spectrum. 
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The reworded statements above were input into the CassBeth analysis tool to 

determine the number of linguistic quality defects (Incomplete, Untestable, Weak Phrase, 

Vague, and Compound Requirements).   Results from the CassBeth analysis are shown in 

Table 5-11 and revealed there were no linguistic quality defects in the reworded KPP.   

Table 5-11: CassBeth Analysis Results for Reworded KPP 119 

 
Incomplete Untestable 

Weak 

Phrase 
Vague 

Compound 

Reqt's 

a. 

The MRS MPA shall have communication 

systems/radios with Type 1/3 encryption as 

required that are proven to communicate 

(interoperable) with Coast Guard Rescue 21 

0 0 0 0 0 

b. 

The MRS MPA shall have communication 

systems/radios with Type 1/3 encryption as 

required that are proven to communicate 
(interoperable) with Cutter systems 

0 0 0 0 0 

c. 

The MRS MPA shall have communication 
systems/radios with Type 1/3 encryption as 

required that are proven to communicate 

(interoperable) with small boat systems 

0 0 0 0 0 

d. 

The MRS MPA shall have communication 

systems/radios with Type 1/3 encryption as 

required that are proven to communicate 
(interoperable) with CAMS systems 

0 0 0 0 0 

e. 

The MRS MPA shall have communication 

systems/radios with Type 1/3 encryption as 

required that are proven to communicate 

(interoperable) with DHS's Integrated Wireless 

Network 

0 0 0 0 0 

f. 

The MRS MPA shall have communication 
systems/radios with Type 1/3 encryption as 

required that are proven to communicate 

(interoperable) with COTHEN 

0 0 0 0 0 

g. 

The MRS MPA shall have communication 

systems/radios with Type 1/3 encryption as 

required that are proven to communicate 
(interoperable) with DOD military shore, surface, 

land systems 

0 0 0 0 0 

h. 

The MRS MPA shall have communication 
systems/radios with Type 1/3 encryption as 

required that are proven to communicate 

(interoperable)  
with air systems including US SCOPE Command 

network, FAA-ATC, CBP COTHEN/aircraft/boats 

0 0 0 0 0 

i. 

The MRS MPA shall have communication 

systems/radios with Type 1/3 encryption as 
required that are proven to communicate 

(interoperable) with federal, state, local agency 

first responders in the VHF-AM, VHF-FM, LMR 
VHF-FM, UHF, UHF military, HF-SSB/ALE, 

MILSATCOM, COMSATCOM spectrum 

0 0 0 0 0 
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The linguistic quality defect results were next entered into the NBC and KNN 

models.  Given the reworded statements have high quality with zero linguistic defects, 

the apriori expectation (truth data) is that required system performance associated with 

each requirements statement would be met (see Table 5-7).  The model performance 

results synopsized in Table 5-12 exhibit that NBC and KNN correctly predicted that 

required system performance would be met.     

Table 5-12: Model Performance Results for Reworded KPP 119 

 

Case Study 
 

Linguistic 

Quality 

Defects 

 

Performance 

Met 
 

Performance Met 
(Model Prediction) 

 

No. 

 

Description 

 

Number 

 

Truth Data KNN Model NBC Model 

#2 

 
Reworded 

KPP 119 

for higher 

linguistic 

quality 

 

 

0 

 

 

Yes 
        Yes 

(4 of 5 nearest neighbors  

had “Yes” labels) 

Yes   
[P(Yes) > P(No)] 

 

5.2.2.4 Evaluation 

The predictive performance of the NBC and KNN models in this case study revealed 

the models performed similar to the results in Case Study #1, which is consistent with the 

performance analysis described in Chapter 5.1 of this dissertation.  The models 

demonstrated high classification accuracy and overall generalized well to the new data 

presented in this case study.    

The KNN model used a Euclidean distance function with a k value of five.  Based on 

the data from Appendix A used for model development, the KNN model prior 

probabilities for the classification labels, “performance met” and “performance not met”, 
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were 77% and 23%, respectively.   After calculating the Euclidean distances, the KNN 

model determined the classification labels for four of the five nearest neighbors were 

“performance met”.  Thus, the model predicted with 80% posterior probability that 

required system performance would be met for the instance used in this case study.  Note, 

additional details on KNN model performance are contained in Appendix C. 

The NBC model also contained prior probabilities for the classification labels, 

“performance met” and “performance not met”, of 77% and 23%, respectively.  After 

calculating conditional probabilities based on the data from Appendix A used for model 

development and applying Bayes Rule as shown in Equation 3.2 of this dissertation, the 

NBC model calculated the probability of “performance met” for the reworded KPP 119 

was greater than the probability of “performance not met”.  Therefore, the Maximum A 

Posteriori probability was that required system performance would be met for the 

instance used in this case study.  Note, additional details on NBC model performance are 

contained in Appendix C. 

In all, the KNN and NBC models both correctly predicted that required system 

performance would be met.  Given the truth data for this case study was “performance 

met”, which is a positive result, the likelihood of either model making a false negative 

prediction was low, which is consistent with the ROC space graph shown in Figure 5-2.  

5.2.2.5 Conclusion 

This case study successfully illustrated that a KPP requirements statement with a 

weak phrase linguistic quality defect and significant compound requirements linguistic 

quality defects could be reworded to mitigate the defects; and the KNN and NBC models 
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could accurately predict that required system performance would be satisfied following 

the rewording of the KPP to improve its linguistic quality.    

 

5.2.3 Case Study #3:  Assessing KNN and NBC model performance on a KPP 

reworded to add defects and worsen its linguistic quality   

The following is a case study on KPP 45 in Appendix A of this dissertation.  The 

objective of this case study is to determine if the KNN and NBC models will accurately 

predict that required system performance is not satisfied following a rewording of the 

KPP to worsen its linguistic quality by adding untestable, weak phrase, vague, and 

compound requirements linguistic defects.         

5.2.3.1 Introduction 

KPP 45 in Appendix A is a requirements statement from a DHS aircraft program and 

is written as follows: 

“Aircraft landing distance at design landing weight over 50 foot obstacle shall be        

2500 feet”. 

 

As depicted in Table 5-13, the CassBeth analysis reveals that KPP 45 has zero 

linguistic quality defects; and the results from the government operational test shows this 

KPP satisfied the required system performance.   
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Table 5-13: KPP 45 CassBeth Analysis Results 

KPP 

No. 

Key Performance 

Requirement 

Linguistic Quality Defects 

Performance 

Met 

Incomplete Untestable 
Weak 

Phrase 
Vague 

Compound 

Reqt's 

45 

CARGO AIRCRAFT 

landing distance at 

design landing weight 

over 50 foot obstacle 

shall be 2500 feet 

0 0 0 0 0 Yes 

 

 

In this case study, the author of this dissertation reworded KPP 45 to worsen its 

linguistic quality by adding a total of ten defects to include untestable, weak phrase, 

vague, and compound requirements defects.  Given the deteriorated linguistic quality of 

the KPP, the apriori expectation (truth data) as described in Table 5-7 was that required 

system performance would not be satisfied.  Hence, the KNN and NBC classification 

models were employed to assess their predictive performance on the reworded KPP.  The 

results showed that the NBC model correctly predicted that required performance would 

not be met.  However, the KNN model incorrectly predicted that required performance 

would be met.  The methodology, results, evaluation, and conclusions from this case 

study are provided in the next sections. 
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5.2.3.2 Methodology 

The process for conducting this case study is described in the following steps:     

1. KPP 45, a KPP with zero linguistic quality defects, is reworded by the author 

of this dissertation to worsen its linguistic quality by adding a total of 10 

defects. 

2. The reworded KPP requirements statement is analyzed in the CassBeth tool to 

determine if linguistic quality has degraded. 

3. The linguistic defect results from the CassBeth tool analysis are then input 

into the KNN and NBC models.  

4. The KNN and NBC models output the probability of satisfying required 

system performance.   

5. The predicted performance of the NBC and KNN models are compared to the 

apriori expectation (truth data) of required system performance being met or 

unmet to determine classification performance of the models. 

 

The apriori expectation (truth data) determination is based on the number of linguistic 

quality defects in the requirements statement.   As described earlier in Chapter 5.2.2.1, 

analysis of the data set sample in Appendix A used to develop the predictive models 

reveals the KPP requirements statements that meet required system performance have a 

mean of 0.8 defects, while the requirements statements that do not meet required system 

performance have a mean of 2.3 defects.  Thus, as depicted in Table 5-7, a requirements 

statement with more than three linguistic quality defects is the point of expected 
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transition from meeting required system performance to not meeting required system 

performance.   

5.2.3.3 Results 

Based on the CassBeth analysis results provided in Table 5-13, KPP 45 had no 

linguistic quality defects.  Therefore, the author of this dissertation reworded KPP 45 to 

add untestable, weak phrase, vague and compound requirements defects.   According to 

the linguistic quality defect definitions in Chapter 3.3 of this dissertation, an untestable 

defect means the requirement statement lacks an objective means to verify the 

requirement has been satisfied.  A weak phrase defect contains unquantified or indefinite 

requirements; and a vague defect means the requirement statement is ambiguous with a 

continuum of possible interpretations.   Finally, a compound requirements defect contains 

multiple needs.  A description of the linguistic quality flaws added to KPP 45 is shown 

below:   

 Inserted terms such as “severe” and “lower than previous aircraft” so the KPP 

would contain untestable defects. 

 Included terms such as “minimize” and “limited” so the KPP would contain 

weak phrases. 

 Added terms such as “at close ranges” so the KPP would contain a vague 

defect. 

 Incorporated multiple “and” terms so the KPP would contain compound 

requirements defects. 
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Integrating the flaws described above into the reworded KPP 45 yields the following 

revised KPP statement: 

“Aircraft shall minimize landing distance to enable a capability for a rapid short 

take off procedure under severe weather and hostile fire conditions so the aircraft 

can quickly return to base with limited communication capability using the 

mandated global information grid information technology standards and profiles. 

The aircraft shall not be disabled under minimal live fire at close ranges and be 

capable of taking off at maximum power or military power with a high reliability 

rate. The aircraft shall not have a reliability rate lower than the previous aircraft 

variant”.  

The reworded KPP 45 statement above was input into the CassBeth analysis tool to 

determine the number of linguistic quality defects (Incomplete, Untestable, Weak Phrase, 

Vague, and Compound Requirements).   Results from the CassBeth analysis are shown in 

Table 5-14 and revealed there were ten linguistic quality defects in the reworded KPP.   

Table 5-14: CassBeth Analysis Results for Reworded KPP 119 

 
Incomplete Untestable 

Weak 

Phrase 
Vague 

Compound 

Reqt's 

a. 

Aircraft shall minimize landing distance to 

enable a capability for a rapid short take 

off procedure under severe weather and 

hostile fire conditions so the aircraft can 

quickly return to base with limited 

communication capability using the 

mandated global information grid 

information technology standards and 

profiles. The aircraft shall not be disabled 

under minimal live fire at close ranges and 

be capable of taking off at maximum 

power or military power with a high 

reliability rate. The aircraft shall not have a 

reliability rate lower than the previous 

aircraft variant. 

0 2 3 1 4 
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The linguistic quality defect results were next entered into the NBC and KNN 

models.  The reworded KPP statement has low quality with a total of ten linguistic 

defects.  Therefore, as depicted in Table 5-7, the apriori expectation for the reworded 

KPP statement is that required system performance would not be met.  The model 

performance results provided in Table 5-15 state that NBC correctly predicted that 

required system performance would not be met; while the KNN model falsely predicted 

that required system performance would be met.  Hence, the KNN model performance 

prediction is highlighted red in Table 5-15 because it is a misclassification.    

 

Table 5-15: Model Performance Results for Reworded KPP 45 

 

Case Study 
 

Linguistic 

Quality 

Defects 

 

Performance 

Met 
 

Performance Met 
(Model Prediction) 

 

No. 

 

Description 

 

Number 

 

Truth Data KNN Model NBC Model 

#3 

 
Reworded 

KPP 45 for 

lower 

linguistic 

quality 

 

 

10 

 

 

No 
 Yes 

(4 of 5 nearest neighbors  

had “Yes” labels) 

No   
[P(No) > P(Yes)] 

 

5.2.3.4 Evaluation 

The KNN model used a Euclidean distance function with a k value of five.  Based on 

the data from Appendix A used for model development, the KNN model prior 

probabilities for the classification labels, “performance met” and “performance not met”, 

were 77% and 23%, respectively.   After calculating the Euclidean distances, the KNN 

model determined the classification labels for four of the five nearest neighbors were 

“performance met”.  Thus, the model predicted with 80% posterior probability that 
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required system performance would be met for the instance used in this case study.  

However, this predicted result was a misclassification since the apriori expectation was 

that performance would not be met.  Note, additional details on KNN model performance 

are contained in Appendix D. 

The NBC model also contained prior probabilities for the classification labels, 

“performance met” and “performance not met”, of 77% and 23%, respectively.  After 

calculating conditional probabilities based on the data from Appendix A used for model 

development and applying Bayes Rule as shown in Equation 3.2 of this dissertation, the 

NBC model calculated the probability of “performance not met” for the reworded KPP 

45 was greater than the probability of “performance met”.  Therefore, the Maximum A 

Posteriori probability that required system performance would not be met was a correct 

classification by the NBC model. Note, additional details on NBC model performance are 

contained in Appendix D. 

In all, the predictive performance of the NBC and KNN models in this case study 

showed the models performed congruently with the ROC space graph in Figure 5-2 of 

this dissertation that shows KNN has a 19% false positive rate, while NBC has a zero 

false positive rate.  Given the truth data for this case study was “performance not met”, 

which is a negative result, it is not surprising that the KNN model made a false positive 

prediction.    

5.2.3.5 Conclusion 

This case study successfully illustrated that a KPP requirements statement with high 

linguistic quality could be reworded to worsen its linguistic quality by adding untestable, 



124 
 

weak phrase, vague, and compound requirements linguistic defects. However, only one 

of the models, the NBC model, could accurately predict that required system performance 

would not be met following the rewording of the KPP to worsen its linguistic quality.         

 

5.2.4 Case Study #4:  Assessing KNN and NBC model performance on a poor 

requirements statement contained in the National Oceanic and Atmospheric 

(NOAA) reference book on writing effective requirements 

The following is a case study using an example contained in the National Oceanic and 

Atmospheric Administration  (NOAA) reference book on writing effective requirements.  

The objective of this case study is to determine if the KNN and NBC models will 

accurately predict that required system performance is not satisfied on the referenced   

example of a poor requirements statement.           

5.2.4.1 Introduction 

The following example of an inadequate requirements statement is provided from the 

NOAA reference book on writing effective requirements: 

“The system shall display accurate temperature readings within 15 seconds of 

power-on and/or refresh using a 4-wire thermo-couple to measure room 

temperature and shall support additional temperature displays that have fast 

updates.  The operator should be able to adjust the controls by reading the 

instructions that shall be understood by operators with only a fourth grade reading 

level (Hooks, Farry, Management, Practices, & Automation, 2005)”. 
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The CassBeth linguistic quality analysis of this requirements statement provided in 

Table 5-16 illustrates the statement contains seven linguistic quality defects.    

   

 

 

Table 5-16:  CassBeth Analysis Results – NOAA Poor Requirements Statement 

 

Requirements Statement 

Linguistic Quality Defects 

Performance 

Met 

Incomplete Untestable 
Weak 

Phrase 
Vague 

Compound 

Reqt's 

 

 

The system shall display 

accurate temperature readings 

within 15 seconds of power-on 

and/or refresh using a 4-wire 

thermo-couple to measure 

room temperature and shall 

support additional temperature 

displays that have fast updates.  

The operator should be able to 

adjust the controls by reading 

the instructions that shall be 

understood by operators with 

only a fourth grade reading 

level.(Hooks, Farry, 

Management, Practices, & 

Automation, 2005) 

0 0 3 1 3 
Not 

Applicable 

(No gov’t 

test ) 

 

 

It should be noted that unlike the previous three case studies, there is no formal 

testing result associated with this requirements statement since it serves just as a 

referenced guidebook example of an inferior requirements statement. Nonetheless, given 

the deficient linguistic quality of this requirements statement, the apriori expectation 

(truth data) as described in Table 5-7 is that required system performance would not be 
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satisfied.  Hence, the KNN and NBC classification models were employed to assess their 

predictive performance on this requirements statement.  The results showed that the NBC 

model correctly predicted that required performance would not be met.  However, the 

KNN model incorrectly predicted that required performance would be met.  The 

methodology, results, evaluation, and conclusions from this case study are provided in 

the succeeding sections. 

5.2.4.2 Methodology 

The process for conducting this case study is described in the following steps:     

1. An example of a poor requirements statement is identified from the NOAA 

reference book on writing effective requirements. 

2. The requirements statement is analyzed in the CassBeth tool to determine the 

linguistic quality has defects. 

3. The linguistic defect results from the CassBeth tool analysis are then input 

into the KNN and NBC models.  

4. The KNN and NBC models output the probability of satisfying required 

system performance.   

5. The predicted performance of the NBC and KNN models are compared to the 

apriori expectation (truth data) of required system performance being met or 

unmet to determine classification performance of the models. 

 

The apriori expectation (truth data) determination is based on the number of linguistic 

quality defects in the requirements statement.   As described earlier in Chapter 5.2.2.1, 

analysis of the data set sample in Appendix A used to develop the predictive models 
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reveals the KPP requirements statements that meet required system performance have a 

mean of 0.8 defects, while the requirements statements that do not meet required system 

performance have a mean of 2.3 defects.  Thus, as depicted in Table 5-7, a requirements 

statement with more than three linguistic quality defects is the point of expected 

transition from meeting required system performance to not meeting required system 

performance.   

5.2.4.3 Results 

Based on the CassBeth analysis results provided in Table 5-16, the requirements 

statement contained three weak phrase defects, one vague defect, and three compound 

requirements defects.  As described in the linguistic quality defect definitions in Chapter 

3.3 of this dissertation, a weak phrase defect contains unquantified or indefinite 

requirements; a vague defect means the requirement statement is ambiguous with a 

continuum of possible interpretations; and a compound requirements defect contains 

multiple needs.   

The linguistic quality defect results were next entered into the NBC and KNN 

models.  Since the requirements statement has low quality with a total of seven linguistic 

defects, per Table 5-7, the apriori expectation is that required system performance would 

not be met.  The model performance results provided in Table 5-17 show that NBC 

correctly predicted that required system performance would not be met; while the KNN 

model falsely predicted that required system performance would be met.  Hence, the 

KNN model performance prediction is highlighted red in Table 5-17 because it is a 

misclassification.    
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Table 5-17: Model Performance Results for NOAA Poor Requirements Statement 

 

Case Study 
 

Linguistic 

Quality 

Defects 

 

Performance 

Met 
 

Performance Met 
(Model Prediction) 

 

No. 

 

Description 

 

Number 

 

Truth Data KNN Model NBC Model 

#4 

 
Example of 

poor-quality 

requirements 

statement  

(NOAA) 

 

 

7 

 

 

No 
 Yes 

(5 of 5 nearest neighbors  

had “Yes” labels) 

No   
[P(No) > P(Yes)] 

 

5.2.4.4 Evaluation 

The KNN model used a Euclidean distance function with a k value of five.  Based on 

the data from Appendix A used for model development, the KNN model prior 

probabilities for the classification labels, “performance met” and “performance not met”, 

were 77% and 23%, respectively.   After calculating the Euclidean distances, the KNN 

model determined the classification labels for all five of the nearest neighbors were 

“performance met”.  Thus, the model predicted with 100% posterior probability that 

required system performance would be met for the instance used in this case study.  

However, this predicted result was a misclassification since the apriori expectation was 

that performance would not be met.  Note, additional details on KNN model performance 

are contained in Appendix E. 

The NBC model also contained prior probabilities for the classification labels, 

“performance met” and “performance not met”, of 77% and 23%, respectively.  After 

calculating conditional probabilities based on the data from Appendix A used for model 

development and applying Bayes Rule as shown in Equation 3.2 of this dissertation, the 
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NBC model calculated the probability of “performance not met” for this requirements 

statement was greater than the probability of “performance met”.  Therefore, the 

Maximum A Posteriori probability that required system performance would not be met 

was a correct classification by the NBC model. Note, additional details on NBC model 

performance are contained in Appendix E. 

In all, similar to Case Study #3, the predictive performance of the NBC and KNN 

models in this case study demonstrated the models performed in a manner consistent with 

the ROC space graph in Figure 5-2 of this dissertation that shows KNN has a 19% false 

positive rate, while NBC has a zero false positive rate.  Given the truth data for this case 

study was “performance not met”, which is a negative result, it is not surprising that the 

KNN model made a false positive prediction.    

5.2.4.5 Conclusion 

This case study exemplified that only one of the models, the NBC model, could 

accurately predict that required system performance would not be met for the NOAA 

example requirements statement containing seven linguistic quality defects.  Moreover, 

the KNN model exhibited its higher proclivity (compared to the NBC model) for making 

false positive predictions given the Appendix A data set utilized for model development.         
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5.2.5 Case Study #5:  Assessing KNN and NBC model performance on a high-

quality requirements statement contained in the NOAA reference book on writing 

effective requirements 

The following is a case study using an example contained in the NOAA reference 

book on writing effective requirements.  The objective of this case study is to determine 

if the KNN and NBC models will accurately predict that required system performance is  

satisfied on the referenced example of a high-quality requirements statement.           

5.2.5.1 Introduction 

The following example of an adequate requirements statement is provided from the 

NOAA reference book on writing effective requirements: 

“The XYZ system shall measure room temperature with a control for maximizing 

temperature levels but should also rapidly display room temperature. (Hooks et 

al., 2005)”. 

The CassBeth linguistic quality analysis of this requirements statement provided in 

Table 5-18 illustrates the statement contains two linguistic quality defects.    
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Table 5-18:  CassBeth Analysis Results – NOAA High-Quality Requirements Statement 

 

Requirements Statement 

Linguistic Quality Defects 

Performance 

Met 

Incomplete Untestable 
Weak 

Phrase 
Vague 

Compound 

Reqt's 

 

 

The XYZ system shall measure 

room temperature with a control 

for maximizing temperature 

levels but should also rapidly 

display room temperature. 

(Hooks et al., 2005) 

 

0 0 1 1 0 Not Applicable 

(No gov’t test ) 

 

 

It should be noted that as in Case Study #4, there is no formal testing result associated 

with this requirements statement since it is just a referenced example of a sufficient 

requirements statement. Nonetheless, given there are only two linguistic quality defects 

in this requirements statement, the apriori expectation (truth data) as described in Table 

5-7 is that required system performance would be satisfied.  Hence, the KNN and NBC 

classification models were employed to assess their predictive performance on this 

requirements statement.  The results showed that both models correctly predicted that 

required performance would be met  The methodology, results, evaluation, and 

conclusions from this case study are provided in the ensuing sections. 
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5.2.5.2 Methodology 

The process for conducting this case study is described in the following steps:     

1. An example of a quality requirements statement is identified from the NOAA 

reference book on writing effective requirements. 

2. The requirements statement is analyzed in the CassBeth tool to determine the 

linguistic quality defects. 

3. The linguistic defect results from the CassBeth tool analysis are then input 

into the KNN and NBC models.  

4. The KNN and NBC models output the probability of satisfying required 

system performance.   

5. The predicted performance of the NBC and KNN models are compared to the 

apriori expectation (truth data) of required system performance being met or 

unmet to determine classification performance of the models. 

 

The apriori expectation (truth data) determination is based on the number of linguistic 

quality defects in the requirements statement.   As described earlier in Chapter 5.2.2.1, 

analysis of the data set sample in Appendix A used to develop the predictive models 

reveals the KPP requirements statements that meet required system performance have a 

mean of 0.8 defects, while the requirements statements that do not meet required system 

performance have a mean of 2.3 defects.  Thus, as depicted in Table 5-7, a requirements 

statement with more than three linguistic quality defects is the point of expected 

transition from meeting required system performance to not meeting required system 

performance.   
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5.2.5.3 Results 

Based on the CassBeth analysis results provided in Table 5-18, the requirements 

statement contained one weak phrase defect and one vague defect.  As described in the 

linguistic quality defect definitions in Chapter 3.3 of this dissertation, a weak phrase 

defect contains unquantified or indefinite requirements; and a vague defect means the 

requirement statement is ambiguous with a continuum of possible interpretations.   

The linguistic quality defect results were next entered into the NBC and KNN 

models.  Since the requirements statement has ample quality with a total of two linguistic 

defects, the apriori expectation according to Table 5-7  is that required system 

performance would be met.  The model performance results provided in Table 5-19 show 

that NBC and KNN correctly predicted that required system performance would be met.    

 

Table 5-19: Model Performance Results for NOAA Poor Requirements Statement 

 

Case Study 
 

Linguistic 

Quality 

Defects 

 

Performance 

Met 
 

Performance Met 
(Model Prediction) 

 

No. 

 

Description 

 

Number 

 

Truth Data KNN Model NBC Model 

#5 

 
Example of 

high-quality 

requirements 

statement  

(NOAA) 

 

 

2 

 

 

Yes 
Yes 

(3 of 5 nearest neighbors  

had “Yes” labels) 

Yes  
[P(Yes) > P(No)] 
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5.2.5.4 Evaluation 

The predictive performance of the NBC and KNN models in this case study revealed 

the models performed similar to the results in Case Study #1 and Case Study #2, which is 

consistent with the performance analysis described in Chapter 5.1 of this dissertation.  

The models demonstrated high classification accuracy and overall generalized well to the 

new data presented in this case study.    

The KNN model used a Euclidean distance function with a k value of five.  Based on 

the data from Appendix A used for model development, the KNN model prior 

probabilities for the classification labels, “performance met” and “performance not met”, 

were 77% and 23%, respectively.   After calculating the Euclidean distances, the KNN 

model determined the classification labels for three of the five nearest neighbors were 

“performance met”.  Thus, the model predicted with 60% posterior probability that 

required system performance would be met for the instance used in this case study.  Note, 

additional details on KNN model performance are contained in Appendix F. 

The NBC model also contained prior probabilities for the classification labels, 

“performance met” and “performance not met”, of 77% and 23%, respectively.  After 

calculating conditional probabilities based on the data from Appendix A used for model 

development and applying Bayes Rule as shown in Equation 3.2 of this dissertation, the 

NBC model calculated the probability of “performance met” for this requirements 

statement was greater than the probability of “performance not met”.  Therefore, the 

Maximum A Posteriori probability that required system performance would be met was a 
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correct classification by the NBC model. Note, additional details on NBC model 

performance are contained in Appendix F. 

Taking into consideration that the truth data for this case study was “performance 

met”, which is a positive result, the likelihood of either model making a false negative 

prediction was low, which is consistent with the ROC space graph shown in Figure 5-2.  

5.2.5.5 Conclusion 

This case study exemplified that the KNN and NBC models will accurately predict 

that required system performance is satisfied on the referenced NOAA example of a 

high-quality requirements statement.                   

 

5.3 Case Studies Results Synopsis 

The five case studies explored in Chapter 5.2 exercised the KNN and NBC predictive 

models over a range of requirements statements with varying levels of linguistic quality.  

The case studies results summary in Table 5-20 illustrates model classification accuracy 

is consistent with the performance comparison presented in Chapter 5.1 of this 

dissertation.  Specifically, the NBC model performed exceptionally well by providing 

accurate predictions in all five case studies; while the KNN model performed accurate 

prediction in three of the five cases.   

According to the ROC graph in Figure 5-2 of this dissertation, the NBC model has a 

zero false positive rate, while the KNN model has a higher proclivity (compared to the 

NBC model) for making false positive predictions given its 19% false positive rate.    
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This provides rationale for the KNN model’s false positive predictions in Case Study #3 

and Case Study #4.  Note, the KNN model performance prediction is highlighted red in 

Table 5-20 for Case Study #3 and Case Study #4 because they are misclassifications.     

Overall, the results from the five case studies further support the research hypothesis 

that required end-system performance can be determined through use of predictive 

modeling based on requirements statements linguistic quality factors.  In addition, the 

results advance the evidence that the KNN and NBC models deliver strong predictive 

performance in this research application.       

Table 5-20: Case Studies Results Synopsis 
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Chapter 6 - Summary and Conclusions 

 

6.1 Summary 

The first chapter of this paper provided background on the need for higher quality 

requirements statements given the “downstream” issues with defects and performance 

due to poor requirements; and set the stage for this research hypothesis that end system 

operational performance can be determined through use of predictive modeling based on 

requirements quality attributes.  This chapter also covered the background on the DoD 

and DHS acquisition processes that yielded the data for this research. 

The second chapter provided a litany of related research in the areas of requirements 

quality, requirements analysis, requirements defect detection techniques, and machine 

learning classifiers; and described the intent of this research to bridge the gap in the 

prevailing body of knowledge by providing empirical evidence of the predictive 

relationship between requirements quality and end system operational performance.   

The third chapter of this paper described the model development and validation 

methodology and provided the sources and descriptive statistics of the data used for 

model construction.  This chapter defined the linguistic quality factors (Vague, Weak 

Phrase, Compound Requirements, Untestable, and Incomplete); outlined the regression 

analysis and machine learning techniques (BLR, NBC, SVM, and KNN); and described 

the analysis tools used for this research.  
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The fourth chapter of this paper provided results on the linguistic defects in the 

requirements statement data used for this research and showed that by far, Compound 

Requirements is the most significant linguistic defect in the data.  Next, results were 

presented from development of the BLR model and the following machine learning 

approaches, NBC, SVM, and KNN.  This included validation results, sensitivity analysis, 

data fit analysis, and ROC graph analysis results.  A summary and comparison of all 

modeling results along with five case studies of KNN and NBC model performance 

against general data were then presented in the fifth chapter of the paper.  

6.2 Conclusions 

This paper introduced four classifiers that use requirements quality factors to predict 

system operational performance, and were created using empirical data from current 

major acquisition programs in the federal government.  The first approach used the more 

traditional statistical modeling approach of BLR.  Following an iterative factor 

elimination process, a significant, well-fitted model was developed containing two 

independent variables, Compound Requirements and Vague.  The overall classification 

accuracy of this model was 74 percent.  The fact that only two independent variables 

were found significant is directly attributed to the limited data set used in this research as 

described in Chapter 3.2 of this dissertation.   

Next, three machine learning approaches, NBC, SVM, and KNN were used to create 

classifiers utilizing the same data used for developing the BLR model.  All three machine 

learning approaches generalized well to new data and had overall classification 

accuracies ranging from 81 to 86 percent, which exceeded accuracy of the BLR model.  
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The performances of the four classifiers were depicted on a ROC graph that plotted true 

positive rate against false positive rate.  The graph illustrated the performance of SVM 

and BLR was effectively random classification.  However, KNN and NBC may be 

considered conservative classifiers as they showed good performance based on their 

positions in the upper left quadrant of the graph.  Both make positive classifications only 

with strong evidence so they make few false positive errors.   Given the good 

performance of KNN and NBC depicted on the ROC graph, five case studies were 

explored to exercise the KNN and NBC models against general data.  The predictive 

performance of the models demonstrated in these case studies showed both models 

performed well; but NBC revealed overall better performance, which is consistent with 

the ROC graph assessment.   Given the nature of the data set used in this research, it is 

evident the NBC Classifier has overall superior performance and is selected as the 

preferred model.   

In all, the results from this research addressed the dissertation hypothesis and research 

questions as follows: 

 H1 Hypothesis  - The four classification approaches of BLR, NBC, SVM, and 

KNN used in this research confirm the H1 Hypothesis that required end-system 

operational performance can be determined through use of predictive modeling 

based on requirements statements linguistic quality factors;  

 Research Question a) – Given the data used in this research, compound 

requirements, weak phrases, and vague statements are the defects with the most 

impact on required performance, with compound requirements having the single 

largest defect contribution; 
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 Research Question b) – Based on the number of overall requirements defects in 

the data used for this research, aircraft systems is the system type with the most 

issues with requirements quality; 

 Research Question c) – The descriptive statistics for the requirements quality 

defects from the empirical data used in this research are :  

Table 6-1: Descriptive Statistics 

              N    Mean   SE Mean   StDev     Minimum       Q1      Median     Q3     Maximum 

              32     9.22      1.87        10.57         0.00            2.00       6.00      12.50      54.00 

 

 Research Question d) – Accounting for the data used in this research, the KNN 

and NBC approaches depict superior performance from the ROC analysis and 

provide the best results for predicting operational performance based on 

requirements quality factors.  Moreover, the application of the KNN and NBC 

models using general data showed strong performance consistent with the ROC 

analysis. 

6.3 Future Research 

There are several areas of prospective research to further the investigation described 

in this dissertation.  These areas include model enhancement, alternative modeling 

approaches, and piloting.  Table 6-2 further describes these research areas; and Figure 6-1 

depicts the process to pilot the predictive model.   
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Table 6-2:  Future Research Summary 

Research Area Methodology 

 
Model 

Enhancement 
 

 Enhance the models with 
additional data points 

 Consider using data from other 
government agencies such as 
NASA and the FAA 

 
Alternative 
Modeling 

Approaches 
 

 Use alternate prediction models 

 Consider Decision Trees and 
Neural Networks 

 Consider combining modeling 
techniques 

 
Piloting 

 

 Pilot use of the model in a new 
systems engineering project 

 Utilize model as front-end risk 
management tool and assess how 
its use impacts improvements in 
requirements statements 

 

 

 

Figure 6-1: Process to Pilot Predictive Model 

 

Conduct of the future research described in this section will enhance model validity and 

provide additional verification that insight on probability of successful operational 

performance based on predictive modeling can influence requirements decisions on the 

front end of the systems engineering process.  
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Appendix A – Requirements Defects Data Set 
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Appendix B – Model Performance Case Study #1 

 

Table B-1:  KPP 67  
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Table B-2: KPP 67’ 
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 Table B-2 (cont):  KPP 67’ 
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Appendix C – Model Performance Case Study #2 

 

Table C-1:  KPP 119 
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Table C-2:  KPP 119’ 
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Table C-2 (cont):  KPP 119’ 
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Appendix D – Model Performance Case Study #3 
 

Table D-1:  KPP 45  
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Appendix E – Model Performance Case Study #4 

 

Table E-1:  NOAA Writing Guidebook Case Study - 4 
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Appendix F – Model Performance Case Study #5 

 

 

Table F-1: NOAA Writing Guidebook Case Study - 5 

 


