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Abstract of Praxis 

 

Forecasting Schedule Delays in IT Project Management Using Predictive Analytics 

Model  

 

IT spending worldwide is projected to continue its growth, whereby using new 

technologies has become a significant factor in success rates of many companies. 

Moreover, IT projects are becoming more complex and more difficult to manage, as 

they involve uncertainty in terms of objectives, project timelines and associated cost. 

There is a significant disconnect between the tools available to project managers and 

the information generated across the entire project management lifecycle. Currently, 

there is a lack of real-time data for project managers and project stakeholders to 

make decisions, which leads to project cost overruns, schedule delays or complete 

project failures. The research established a need for a data-centric approach to IT 

project management, where historical data can be analyzed and used to make 

decisions during the project lifecycle. This research proposed a predictive analytics 

model to address schedule delays so that better decisions can be made to ensure 

project success. Specifically, this model presents an ability to forecast initiation time 

for IT projects based on presence of various identified project issues. This research 

assisted in better understanding of the causes behind schedule delays by providing 

cluster analysis tool, which reveals delays in schedule within various process areas of 

project initiation phase. By utilizing the proposed model in this research in the 

preliminary stages of project initialization, project stakeholders would be able to 

forecast how long a project will take to start. This model along with the cluster 

analysis tool can be used in the beginning stages of project lifecycle, so that the early 

identification of potential problems allows for the making of the necessary 
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adjustments. 
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Chapter 1: Introduction 

 

IT projects help organizations achieve their strategic vision. However, projects are 

becoming more complex and difficult to manage, as they run over cost and schedule. 

Using new technologies is a significant factor in success rates of many companies, 

whereby the projected IT spending worldwide will grow 1.4 % in 2017 (Gartner, n.d.).  

Moreover, many IT projects involve uncertainty where it is difficult to define its 

objectives clearly, estimate completion time, or determine how much it would cost 

(Schwalbe, 2015).   Although every project has different constraints, the notion of triple 

constraint is always present – scope, time and cost.  It is important to address these 

constraints, as well as other limitations such as resources, risks or quality to satisfy the 

project sponsor (Schwalbe, 2015).  However, meeting these constraints is not always the 

case and in fact, according to research project of The Standish Group, in the United 

States the average figures indicate that 52.7% of IT projects will cost over 189% of their 

original estimates, cancellation occurs for 31.1% of these projects and completion 

without overrun costs occurs only 16.2% for software projects (Standish Group, 2015).  

Hence, there is a growing need for better IT project management.  

Most aspects of IT project management activities can be measured throughout 

project lifecycle. However, despite large volumes of data and many different types of 

metrics and tools, IT projects continue to be difficult to predict and risky to undertake, as 

there continues to be a “disconnect between the information needed by project managers 

to make good decisions and the information currently delivered by existing tools” (Buse 

& Zimmerman, n.d.). Hence, this research established a need for a data-centric approach 
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to IT project management, where the IT project manager can analyze real-time data and 

use it to make decisions during the lifecycle of the project.  More specifically, the author 

focused on addressing schedule delays within project lifecycle so that better decision-

making skills ensure project success.  

Employed for 16-years in the Department of IT (DIT) division, at one of the 

largest institutions of higher education in the mid-Atlantic region, the author of this 

research knows firsthand schedule delays in various stages of IT project management 

cycle.  More specifically, the author took part in many projects that took longer than 

expected to start.  Currently institutions of higher education are under tremendous 

pressure to provide value to its customers, as well as its stakeholders.  Not only are 

universities forced to deal with various external market changes, but also must restructure 

and position themselves in such a way as to be able to respond to these changes and 

requests more effectively.  Specifically, these changes represent a shift in student 

demographics, emergence of for-profit corporate and online universities, as well as 

materialization of many lower-cost educational offerings in the market (Johnson, 2014). 

1.1 Problem Statement 

There is a lack of real-time data for IT project managers and project stakeholders 

to make decisions, which leads to project cost overruns, missed target dates, schedule 

delays or even complete project failures. 

1.2 Problem Elaboration  

Many companies, including public and private universities, have experienced 

these project management issues, which led to customer dissatisfaction, service 

degradation and in some cases operational failures.  Moreover, many projects take longer 
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than expected to initiate, where the extension of the whole project lifecycle is beyond the 

anticipated timeframe.  Currently DIT does not have a capability to forecast project 

delays or which projects will complete on time.  

1.3 Thesis Statement 

To ensure successful IT project completion, IT project managers can use 

predictive analytics model to forecast schedule delays.  More specifically, this model 

would be able to predict the expected time for project initiation based on the presence of 

various known project issues, so that problems can be foreseen and identified early, and 

necessary adjustments can be made to make sure that projects complete on time.  

1.4 Background Information 

Currently Division of IT (DIT) employs about 250 full-time staff members, 

providing support and various services to students, faculty, staff, alumni and researchers. 

Project Management Life Cycle group consists of IT Project Management Office (PMO), 

IT Business Process Management group (BPM), Finance System Support (FSS) and 

Business Management and Analytics Group (BMAG).  Project Management Life Cycle 

(PMLC) working group utilizes Project Management Life Cycle Process (GWU, 2016) 

for strategic system, as well as process implementation projects, with the intent to drive 

standardization of methodology, documentation, reporting and approval across different 

university organizational bodies, while enabling clear project ownership.  DIT utilizes 

PMLC process, which consists of the following phases: Initiating, Planning, Solution 

Development, Testing/ Validation and Deploying/Closing as listed in Figure 1. 
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As previously noted, some projects managed by DIT take longer than originally 

anticipated to get off the ground, extending the Initiation phase beyond expected timeline.   

According to GWU PMO standards, acceptable Initiation phase should not extend 30 

days. DIT has developed project intake process, whereby Initiation phase of each project 

consists of the following five process areas: (1) Initial Review, (2) Enterprise Alignment, 

(3) Prioritization of Resources, (4) Commitment of Resources and (5) Approval as listed 

in Figure 2. Additionally, Executive Gate Review Board (EGRB) management awareness 

meeting takes place after the Initial Review, during which the presentation to upper 
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management of upcoming projects occurs.  Also, the following roles participate in the 

DIT’s Initiation phase of project management life cycle: 

Customer / Portfolio Owner – Any university staff or faculty including non-DIT 

customers and internal DIT Customers 

Customer Portfolio Lead – DIT Resource, typically a Project Manager or 

Business Analyst, who works with non-DIT customers to provide advice and 

guidance on DIT Services and to shepherd the Project Request through the 

process. 

DIT Portfolio Lead – Project Manager who works with the DIT Owner to 

shepherd the Project Request through the process. 

Portfolio Owner – Usually a DIT Director responsible for the DIT Portfolio. 

Business Analyst Lead – The Business Analyst assigned to the Customer /DIT 

Portfolio. 

Architect Lead – The Architect assigned to the DIT Portfolio.  

Service Level Manager (SLM) - The SLM assigned to the Customer / DIT 

Portfolio. 

Note that there are several processes shared between Portfolio Leads, BA Analysts, and 

Architects in Figure 2.   
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Figure 2: Project Request Intake Process 

Also, EGRB Meetings occur every two weeks and involve various members of 

university teams, as well as Project Request Presenters (Portfolio Intake Process, 2016).  

The goal of Initial Review is to determine and assign the appropriate Customer/DIT 

Portfolio, assessing business need, scorecard, and any of the additional information to 

determine if this is, indeed, a project and not an operational ticket. Operational ticket 

represents a task, which does not require gathering requirements or funding. During 

Initial Review team members define the period of project execution, propose set of 

deliverables, define goals and objectives, as well as a set of tasks to accomplish them. 

During this phase BA Leads, Customer Portfolio Leads, Academic Customers, and 

Colleges are involved in the process (Portfolio Intake Process, 2016).  During this phase, 
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EGRB management awareness meeting take place, whereby various senior level 

managers, architects, and members of the business analyst team meet to determine if this 

project can move forward.  

The following process area includes Enterprise Alignment (TRB), where members 

of Architectural team work with customers and Business Analysts to determine if this 

request is for an existing service or technical capability, and if several requests originate 

from a common need across the University.  The team must ensure that the proposed 

change aligns with the DIT Architectural Strategy, identifying what teams need to 

participate in the project when it gets prioritized (Figure 2).  Note DIT does not start 

projects until after the project is funded, prioritized, and the appropriate resources are 

aligned.  

The succeeding process area represents Prioritization and Alignment of 

Resources, where the team determines if there are resources for the proposed project 

available, discusses additional roles for the project, as well as establishes the need for a 

proposal if necessary (Portfolio Intake Process, 2016).  

Next in order is Commitment of Resources during which the team confirms if 

there is definition for the minimum project requirements to make sure that the project 

request is ready to commence.  These minimum requirements include the following:  (a) 

visible request with a status and effort tracking; (b) key dates, milestones, plan, or 

schedule identified; (c) statement of scope, business need, benefit or description of the 

project, it’s exclusions, and limitations, as well as it’s critical success factors; (d) 

resources that include funding, committed resources, sponsor who will be accountable for 

collaborating with the partners to ensure status, and current system dates (Portfolio Intake 
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Process, 2016).  

The final phase represents Approval for Proposal, as it involves Portfolio Lead 

reviewing the proposal with the proposal author to determine if additional resources are 

necessary for the project.  Additionally, prioritizing of funding occurs, problems are 

identified, and progressing the project to the next phase of PMLC.  

1.5 Hypothesis 

Due to the complexity of DIT’s project management lifecycle, as well as the need 

to remain competitive in the higher education arena, universities must develop a more 

robust process for managing IT projects.  Therefore, forecasting possible delays in 

projects would allow IT managers and project stakeholders to make data-driven 

decisions.  This would help avoid delays in the project schedule and, therefore, have a 

positive impact on overall project success.  This research focused on proposing a 

predictive analytics model, which would enable forecast initiation time for IT projects 

based on the presence of various identified project issues.  Moreover, this predictive 

model will assist in better understanding of the causes behind delays in project initiation 

so that implementation of appropriate preventive measures can occur before the onset of 

schedule delays.  Two research questions guided this praxis: 

Q1. Can project management issues identified in this praxis be proven to 

influence duration of the initialization phase of project management lifecycle? 

 Q2. Can predictive analytics model be useful in forecasting schedule delays?  

The research tested following hypothesis to answer the above research questions: 

 H1. Project management issues identified in this praxis influence the duration of 

the initialization phase of project management lifecycle.  
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 H2. Quantitative predictive model can be established to forecast schedule delays.  

1.6 Methodology Approach 

 The research presented in this praxis will introduce a predictive model using 

Random Forest (RF) methods, which is one of the most widely used machine learning 

algorithms. More specifically, this model will present an ability to forecast initiation time 

for IT projects based on varies identified project issues. The output of this model 

represents overall duration of project initialization phase in days. The author optimized 

and tested predictive model using randomly generated variables, as well as internal to 

Random Forest algorithm methods. The researcher also performed additional testing by 

creating bootstrapped dataset and utilizing Mann-Whitney-Wilcoxon Test in order to 

determine if identified in this praxis project management issues have an effect on 

initialization phase of project management lifecycle. Additionally, the author presented 

cluster analysis tool, which can be used by project managers in order to uncover root 

causes of schedule delays. Figure 3 represents summary of methods used in this praxis. 
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Figure 3: Summary of Methods Used 

1.7 Praxis Structure  

 The researcher organized this praxis in five chapters beginning with this 

introductory chapter. Chapter Two provides a literature review of principles of IT project 

management complexity, schedule delays in IT project management, currently used 

metrics and tools to address project schedule delays, as well as an overview of predictive 

analytics, machine learning and random forests. This section also identifies critical gaps 

in literature. Chapter Three will detail data collection and proposed in this research 

methodology, which includes descriptive statistics, correlations, linear models, cluster 

analysis and the process of building predictive analytics model. Chapter Four is going to 

cover the results of this research, covering predictive model testing, model analysis, 

model fitting diagnostics, as well as the results of additional simulated testing. Chapter 

Five presents the conclusion to this praxis research and will summarize the chapters 

covered as well the recommendations for future research. 
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Chapter 2: Literature Review 

 

 The fields of predictive analytics and data analysis are vast and have many 

branches. Following Davenport and Harris (2007), the use of predictive analytics is 

popular by various industries for over twenty years, where in the last decade, the number 

of organizations with significant analytical capabilities has doubled. Moreover, the 

advancement of computer technologies and data collection has made it possible to apply 

predictive analytics to nearly every aspect of business. Specific to this research, experts 

in higher education (Smith, 2016) indicated that data management combined with 

analytics could significantly increase the odds that the university will deliver on its goals.   

Due to the complexity of DIT’s project management lifecycle, as well as the need 

to remain competitive in the higher education arena, universities must develop a more 

different metrics, tools and techniques over the years to analyze and control activities 

during project lifecycle. Buse and Zimmermann (n.d.) found that although these tools can 

present a large amount of data from different sources, they either focus on data collection 

or on the needs of developers.  The research has mostly ignored the needs of project 

managers, where real-world information requirements of project managers are not well 

established. Moreover, project managers are forced to primarily rely on past experiences 

and intuition to make decisions, rather than real-time data. That is because either the 

appropriate tools are not available, these tools are too difficult to use or understand or 

these tools do not present simple and actionable information (Buse & Zimmermann, n.d.). 

In fact, researchers estimate that 40% of major decisions are not based on facts, but on 

manager’s intuition (Davenport, Jeanne, Harris & Thomas, 2010).  According to Menzies 

and Zimmermann (2013), analytics must be real time and actionable, whereby analytics 
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are available to project managers in real time – faster than the rate of change of effects 

within a project so that decision-making can occur on recent data and not outdated data. 

Additionally, as Idoine and Herschel (2016) noted that predictive analytics are often used 

in isolation within specialized departments, rather than utilized across the whole 

organization.  

The literature review begins with defining IT project management and project 

time management, as both are complex and usually are broadly interpreted. The next 

section identified project success and failure, as there are many ways to measure both. 

The third section includes literature including currently documented issues in IT project 

management. The following section focused specifically on schedule delays, which are at 

the center of this praxis. The author presented predictive analytics model to forecast 

schedule delays later in this praxis.  The fifth section focused on the literature review of 

currently used in industry tools and techniques for performing schedule estimates. The 

sixth section presents a brief overview of predictive analytics and its use in IT project 

management. The following section addresses the nature of machine learning and random 

forests, as these methods are utilized to construct predictive analytics model presented in 

this research. The last section identified critical gaps in literature followed by conclusion.  

2.1 Overview of IT Project Management and Project Time Management  

Project Management Institute (2013) defined IT project management as a process 

of planning, organizing, and delineating responsibility for the completion of 

organization’s specific information technology goals, where processes go through stages 

of initiation, planning, executing, controlling and closing.  Since projects are unique, 

dividing each project typically occurs into project phases so that management control is 
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effective, as well as to provide connections to ongoing organizational operations.  

Typically, project life cycle consists of the several processes, each of which is marked by 

completion of one or more deliverables:   

(1) initiation processes authorize the project or phase of a project, 

 (2) planning processes - define project objectives or explore alternative courses 

of action,  

(3) executing processes – coordinate people and resources, 

(4) controlling processes – monitoring and measurement of project objectives,  

(5) closing processes – project objectives are formalized (PMBOK Guide, 2013).  

 The literature identified Initiating phase of project management as that of 

conceptualization of the project where it is critical to formulate goals and objectives 

clearly and precisely so that delivery of the correct product or process occurs.  The 

Initiation phase is the first phase of the overall project process. It serves as a predecessor 

to project planning, where the incorporation of various activities conducted during this 

phase merge into various planning documents. These documents would drive the 

schedule and budget (PMBOK Guide, 2013).  Rosen (2004) noted that identification of 

resources, requirements, funding and existing technologies is crucial at this point for the 

project success.  In terms of resources, Rosen (2004) established a need for the 

identification of employees who will be part of this project or possible change of skill set 

of the existing employees, so that cost and time of training can factor into the project 

lifecycle.  

Requirements need a great deal of attention at this stage – including current and 

future requirements.  Rosen (2004) emphasized understanding of why and how users are 
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performing current tasks associated with their job and what features and changes they 

would like to see in the future release of a project at hand.  Finally, as Rosen (2004) 

noted, Initiation phase should include a process for identification of the existing 

technologies, since creating new technologies based on a new technology can lead to a 

disaster.  Cost effective projects usually utilize internal infrastructure, where existing and 

new employees migrate between projects with ease.  Chemuturi (2013) pointed out the 

need of budgetary estimates during Initiation phase for setting a tentative budget with a 

minimum and maximum expenditures as needed. These budgetary estimates should 

include both, the proposed IT infrastructure and cost of the proposed support 

infrastructure (Chemuturi, 2013).  The overall goal of the Initiation phase is to essentially 

identify the scope of the project so that the management decision-making process does 

not hold up the project. 

Project time management describes project management and control in terms of 

schedule baselines used to measure and report (Chemuturi, 2013).  Moreover, as 

Schwalbe (2015) noted, it defines the processes that are required to ensure timely 

completion of the project and consists of the following seven main processes: (a) 

planning schedule management – identifying the policies, procedures and documentation 

that will be used for planning, executing and controlling all aspects of project schedule; 

(b) defining activities – involves determining specific activities and tasks that project 

team members and stakeholders have to perform; these activities have expected duration, 

cost and resource requirements; (c) sequencing activities – incorporate identifying and 

documenting various relationships between project activities; (d) estimating activity 

resources – includes estimating how many resources, such as people, equipment, and 
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materials should a project team use; (e) estimating activity durations – involves 

estimating the number of work periods required to complete individual activities; (f) 

developing the schedule – involves analysis of activity sequences, resource estimates, and 

activity duration estimates in order to create the project schedule; and (g) controlling the 

schedule – represents controlling and managing changes to the project schedule.  

Effective execution of project time management is essential in preventing schedule 

delays, where using some basic project management tools and techniques is indicated.  In 

fact, optimal project schedule not only monitors status of various milestones and guides 

project team in daily activities, but it also manages resource usage and identifies critical 

path and areas required for escalation (PMBOK Guide, 2013). 

2.2 Definition of Project Success and Failure  

Literature provided many definitions of project success and failure, as well as 

identified various avenues to measure both.  Guillaume-Joseph and Wasek (2016) 

identified nine critical project success factors for software programs. The authors 

included active engagement with stakeholders, program stuff having necessary 

knowledge and skills, senior management support for the programs, end user and 

stakeholder involvement in the development of requirements, end user participation in 

testing of system functionality, government staff were consistent and stable, program 

staff prioritized requirements, program officials maintained regular communication with 

the prime contractor, and sufficient funding for programs.  

Guillaume-Joseph and Wasek (2016) also defined key failure factors in their 

research based on the data from failed software projects, including the following 

indicators: unrealistic project goals and expectations, changing or unclear requirements, 
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insufficient technical knowledge, problematic technology, lack of executive leadership 

support, insufficient user commitment, project cost overruns, project schedule delays, 

insufficient project management and control.  The researchers further indicated that these 

factors work together to contribute to project failure.  Important to this praxis is the 

occurrence of schedule delays, which Guillaume-Joseph and Wasek (2016) identified as 

the leading cause of project termination and abandonment of the project.  Moreover, 

many studies have shown that projects are complex and hard to manage and there is no 

single root cause, but rather multiple causes for failure (Hughes, Dwivedi & Rana, 2015). 

Project Management Institute (Cavarec, 2012) defined project success in terms of user 

and stakeholder acceptance, noting that change in time, scope, and cost does not 

necessary point to project failure.  In fact, the author argued that the definition of project 

success criteria should be so that it is measurable. Literature pointed to the fact that 

traditionally project success measurement is in terms of specific technical indicators, 

mostly time, cost, and quality.  However, researchers concluded that these factors do not 

constitute a firm ground for definition of success or failure, as they only measure 

technical elements (Hughes, Dwivedi & Rana, 2015).  This research aims to define how 

to establish success and failure in terms of delays in schedule. 

2.3 Currently Documented Issues in IT Project Management 

As noted previously, IT projects frequently experience cost overruns, missed 

target dates, or they fail completely due to lack of resources, budgetary pressures, and 

competing priorities.  The literature pointed to the fact that project success and failure 

depend on who is defining it. Chemuturi (2013) found that many IT organizations follow 

either a schedule-driven or process-driven approach when it comes to managing projects, 
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where a very detailed plan is prepared, and each activity is defined with an estimation of 

human, equipment, and time resources needed to complete various tasks.  However, there 

tends to be either overestimation or underestimation of resource requirements, 

consumption of more resources than originally planned, as well as neglect in quality 

assurance.  The key point here is that these estimations are not data-driven and, result in 

unsuccessful projects more than half of the time as reported by the Standish Group. 

Furthermore, Bloch, Blumberg and Laarz (2012) reported that on average, large IT 

projects run 45% over budget and 7% over time, while delivering 56% less value than 

predicted, with software projects exhibiting the highest risk of cost and schedule 

overruns.  In 2015 the Standish Group (Standish Group, 2015 Chaos Report) produced a 

report that included the study of 50,000 projects around the world - everything from 

small project changes to big re-engineering implementations, which indicated that 29% of 

IT projects fail as outlined in Figure 3. 

 

Figure 4: The Modern Resolution (Standish Group 2015 Chaos Report) 

So, what are the most common issues identified in IT project management arena?  

Doraiswamy and Shiv (2012) defined 50 common IT project management issues, 

including problems with requirements, undefined project dependencies, time and cost 
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issues, problems with resource utilization, vendor issues and insufficient technical 

knowledge among others.  Higher education institutions experience similar IT project 

management issues, as Kubilus (2016) noted, such as cost overruns, missed project 

deliverables, inadequate research into the desired outcome, and schedule changes. 

Moreover, these projects also fail for various reasons that include incomplete definition 

of requirements, lack of stakeholder involvement, unrealistic schedules, and inadequate 

change control, undefined project scope, and ineffective documentation and training.  

Furthermore, according to Drasin (n.d.), higher education institutions rely heavily on 

third party software and vendor support. Often organizations buy new piece of 

technology without solid understanding of how to implement it. As a result, projects that 

involve these types of third party software implementations may seem unsuccessful by its 

users. 

2.4  Schedule Delays in Project Management  

Schedule delays constitute one of the major issues identified in IT project 

management. In fact, Schwalbe (2015) noted that managers often cite the need to deliver 

projects on time as one of the biggest challenges.  Furthermore, Levine (2002) noted that 

McKinsey and Company conducted a study that examined the effects of cost overruns 

and schedule delays on company’s profits within a 5-year period. The author found that a 

schedule delay of 6 months resulted in a loss of a third of expected company profit, while 

cost overruns of about 50% reduced company’s profit by 3 to 4 % (Levine, 2002).  

Another study conducted to understand schedule delays and cost overruns was on large-

scale U.S. Department of Defense and intelligence community programs, where schedule 

delays and cost overruns had a devastating effect on these federal acquisition programs 
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(Meier, 2010).  These effects included impact on national security, as the warfighters 

ended up unequipped with the latest technology to fight emerging and ongoing threats, as 

well as taxpayers having to eventually pay for delays and cost overruns with funds used 

for other programs (Meier, 2010). Even though schedule delays constitute one of the 

major issues in IT project management, most of the research on predictive analytics 

overlooks schedule delays.  

2.5 Overview of Industry Tools and Techniques to Perform Schedule Estimates 

Literature identified a variety of project tools and techniques useful to control 

project schedule.  Marks (2012) defined the most popular tools as regular performance 

reviews, which are meetings held to assess the current project status and progress. 

According to Marks (2012), performance reviews usually held with one or more of the 

following reporting techniques: (a) variance analysis – represents a plan minus actual, 

showing the task’s planned time for completion versus the actual time to complete; (b) 

earning value analysis – represents most commonly used method, integrating scope, cost, 

and schedule measures to help the project management team to assess performance and 

(c) resource leveling – utilized to optimize the distribution of work among resources 

where schedule compression is used to identify ways of bringing activities together that 

are behind into the alignment with the plan. However, these techniques report on the 

current state of the project, without considering its future state.  

Project managers can also often utilize estimation techniques to control project 

variables such as cost and schedule. Marks (2012) identified four main methods of 

estimating as follows: (a) bottom-up estimating (analytical), (b) comparative estimating 

(analogous) and (c) parametric estimating (statistical modeling) and top down.  The 
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bottom-up estimating involves identifying each discrete activity required to complete the 

project, having identified all the known constraints, giving the project manager the ability 

to build up activity totals into detailed project estimates.  Comparative estimating, 

defined by comparing current or completed tasks, with some of the measures are 

available. This method is based on experience, rather than opinion and is useful if a 

particular organization had past experience of the same or similar project (Marks, 2012). 

Parametric estimating, also known as statistical modeling, utilizes defined parameters by 

which we can measure specific project (cost and time), to enable the development of 

project deliverables.  This technique utilizes an algorithm that calculates cost and 

duration on historical data.  Finally, top-down approach takes place in the initial stages of 

a project where it is necessary to know overall cost and expected benefit (Marks, 2012).  

In addition to the above-described estimation tools, PMBOK Guide (2013) identifies 

three additional techniques, which include (a) expert judgment - provides 

recommendation on maximum activity duration, as well as determines combining 

methods of estimation and reconciling differences from similar experiences, (b) three 

point estimates - defines program evaluation and review to address uncertainty and risk 

and (c) reserve analysis - involves time reserve allocated to previously identified risk. 

Marks (2012) also noted that the start of the project is the hardest time to estimate since 

there is an elevated level of uncertainty over key factors such as performance of task, 

when and by whom.  Hence, the estimates tend to have wide ranges since there are many 

unknown details at this point.  

2.6 Overview of Predictive Analytics and it’s Use in IT Project Management  

According to Davenport and Harris (2007), the use of predictive analytics is 
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popular by various industries for over twenty years.  The number of organizations with 

significant analytical capabilities has doubled from 28 % to 57 % in recent years.  In fact, 

industries such as manufacturing, logistics, transportation, financial services and 

pharmaceuticals, have included predictive analytics in their processes.  However, Gartner 

researchers, Idoine and Herschel (2016) noted that these techniques are often used in 

isolation within specialized departments, rather than utilized across the whole 

organization.  This research classified predictive analytics as “systematic use of data, 

machine learning techniques and host of statistical algorithms to identify patterns that 

forecast the likelihood of future outcomes based on chunks of historical data” (Farooq, 

2016).  Furthermore, predictive analytics encompasses a form of advanced analytics, 

which examines data or content to produce answers to the question What is going to 

happen? or to be more precise, What is likely to happen?  Distinguished by such 

techniques as regression analysis, forecasting, multivariate statistics, pattern matching, 

predictive modeling, and forecasting (Idonine and Herschel, 2016), predictive models use 

known results to develop a model used to predict values for new set of data.  Research 

points to the fact that R represents an excellent platform to tackle real-world problems, as 

it contains a variety of different packages for implementing different modeling technique.  

Forte (2015) noted that modeling lies at the center of predictive analytics, where a model 

represents state, system, or process that we want to understand so that we can make 

predictions about the world.  

Davenport and Harris (2007) indicated that research also points to a significant 

statistical association between the degree of organizational commitment to analytics and 

high performance, where high-performing businesses were 50% more likely to use 
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analytics, as compared to low performers. Current literature identified predictive 

analytics as a tool to boost organizational performance.  MIT Center for Digital Business 

worked in partnership with McKinsey’s business technology office to test out the 

hypothesis that data-driven companies would be better performers (Dede and Ho, 2012).  

The researchers conducted structured interviews with executives of 330 companies, as 

well as gathered performance data from their annual reports.  The findings showed 

companies in the top third of their industry utilized data-driven decision making, were 

5% more productive and 6% more profitable than their competitors.  Dede and Ho (2012) 

also showed that the findings were statistically significant and economically important, 

with the detection of a measurable increase in the stock market assessments.  

Many industries today utilize predictive analytics to make better decisions, access 

the likelihood of customer dissatisfaction, identify sources of problems, improve 

responsiveness, and reduce cost.  These industries range from governments, 

manufacturing, banking, transportation, and oil to automotive, insurance, retail, 

operations, higher education and many others.  Specific to this research, experts in higher 

education (Smith, 2016) noted that data management combined with analytics can 

significantly increase the odds that a university will deliver on its goals.  However, there 

are also unique challenges to higher education in terms of utilization of predictive 

analytics.  Dede and Ho (2016) noted that higher education sector lacks much of the 

computational infrastructure, tools, as well as human capacity that is a requirement for 

collection, cleaning, distribution, and analysis of large datasets. The literature review 

indicated that using predictive analytics in IT project management has limitations.  

Research pointed to the fact that traditional risk assessment offers some options, but they 
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cannot point to specific control gaps that cause projects to downgrade or fail (Singh, 

2016).  The same research (2016) also stipulated that during the early stages of the 

projects, identification of potential risks occur, but then filed away and usually are not 

actively tracked as part of project management life cycle.  Singh (2016) further noted that 

project metrics based on analytics could enable project managers to measure and observe, 

as well as analyze project performance objectively rather than making vague decisions.  

By implementing predictive analytics model, IT departments would have an ability to 

forecast risks associated with managing IT projects, as well as mitigate these risks 

through all phases of project lifecycle.  Despite this, Singh (2016) noted that most project 

managers are either not aware of this analytical approach or do not feel comfortable 

moving away from the legacy techniques, where even the Project Management Body of 

Knowledge Guide (PMBOK, 2013) does not provide needed details on analytics.  Singh 

(2016) further noted that current high availability of analytical technology can enable 

project managers to separate various processes and systems in complex projects to predict 

their outcomes and behavior.  Singh indicated that project managers can use analytics in 

the following ways: (a) by accessing feasibility of several alternatives in order to choose 

the best option; (b) better manage data overload that has made the capture of meaningful 

information difficult; (c) present better analysis of project portfolios and set more 

efficient prioritization based on data; (d) improve project stakeholder management by 

ability to predict stakeholder responses to various project decisions; (e) predict project 

schedule delays and cost overruns; and (f) improve project processes by providing a 

better view of current situation and forecasting a desired future situation while making 

improvement decisions to address this gap.  
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Buse and Zimmerman (2010) stipulated that there continued to be disconnect 

between the information needed by project managers to make good decisions and the 

information currently derived from existing tools.  Moreover, due to the information-

intensive nature of software engineering, Buse and Zimmerman further proposed the use 

of analytics to leverage data into real, actionable insights.  Singh (2016) declared that 

predictive analytics can assist in forecasting project schedule delays by enabling project 

manager to predict the impact of various completion dates or help to proactively discover 

trends in project schedules.   

There are some predictive analytics offerings in project management space from 

large consulting firms, such as Deloitte’s Predictive Project Analytics (PPA), which is a 

project risk methodology offering the possibility to predict potential risks at any stage of 

the project.  PPA also identifies areas where there needs to be changes or fixes based on 

quantitative analysis of common attributes (Fauser and Schemffold, n.d.). PPA consists 

of a large predictive project database of projects and their attributes.  

Some of the Portfolio Project Management (PPM) companies developed tools 

such as Innotas, which implement Predictive Project Analytics.  PPM software enables 

organizations to track and report on how much resource time is spent on various projects, 

as it makes a distinction between strategic and operational work.  Innotas’ predictive 

analytics solution helps optimize portfolios by predicting what can be done with the 

resources available.  PPA software automatically generates scenarios based on critical to 

a specific organization variable, hence reducing manual analysis.  However, the use of 

these advanced predictive features would require a higher level of PPM maturity to make 

sure that the users can perform predictive tasks. 
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2.7 Machine Learning and Random Forests 

Predictive data analytics involves building and utilizing models that make 

predictions based on patterns extracted from some sort of historical data.  Kelleher, Aoife 

and MacNamee (2015) indicated that using models to make a prediction help 

organizations to make certain decisions, where machine learning is used to train these 

models.  Machine learning refers to various computational methods using experience or 

sample data to refine performance or to make accurate predictions (Mohri, Rostamizadeh 

& Talwalkar, 2012).  Machine learning consists of implementing an efficient and 

accurate prediction algorithm to evaluate a given sample.  Moreover, the success of such 

algorithm depends on the data used and, hence, machine learning is related to data 

analysis and statistics.  In this research, learning techniques represent data-driven 

methods that combine fundamental concepts in computer science with those of statistics, 

probability, and optimization (Mohri, Rostamizadeh & Talwalkar, 2012).  The authors 

further indicated that some of the learning problems include regression, the ordering of 

items according to some criteria or clustering – partitioning items into homogeneous 

regions. Alpaydin (2010) indicated that once defined and learned, model’s representation 

and algorithmic solution for inference has to be efficient as well. The machine learning 

algorithm works by searching through a given set of possible prediction models for the 

model that best shows the relationship between the descriptive features and target feature 

in a dataset (Kelleher, Aoife & McNamee, 2015). 

Roberts (2015) noted that machine learning has several distinct advantages over 

the statistical modeling common in data mining, where the basis for the latter is on a 

mathematically proven theory.  This means that the data analyzed using it must meet 
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those same strong assumptions, limiting its use for analysis of wide categories of data.  

Roberts (2015) further stated that the idea behind machine learning is to use computers to 

test data and find structures, not theories.  Hence, in statistical analysis the process would 

fail if it cannot fulfill a theoretical test to prove some hypothesis; in machine learning the 

process is repeated several times until a successful pattern is found (Roberts, 2015).  

Finally, for the success of the predictive model, predictions for queries not found in each 

dataset are necessary.  Here, as Kellerher, Aoife and McNamee (2015) noted, a model is 

generalized well when it makes the correct predictions for these queries, showing the 

underlying relationship between the descriptive and target characteristics.  

 Random Forests represent an ensample learning method for classification and 

regression proposed by Breiman (2001), which represents one of the widely used 

machine learning algorithms to date.  In fact, Caruana and Niculescu-Mizil  (n.d.) showed 

that unlike linear models, random forests have an ability to map non-linear relationships 

well and solve any classification or regression problem. The researchers (Caruana & 

Niculescu-Mizil, n.d.) performed empirical comparisons between ten supervised learning 

methods while using a variety of performance criteria to evaluate them.  Random forests 

came in second, while boosted decision trees came in first.  Lantz (2013) noted that 

random forests represent ensemble approach, which is based on the idea that combining 

several weaker learners, creates a stronger learner, as demonstrated in Figure 4. 
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Figure 5: Ensemble algorithm approach 

 
Lantz (2013) further noted that the input data is used to build a number of models, 

where allocation function decides if each model will get the full training dataset or 

sample of it; combination function decides how differences between predictors are 

reconciled. Lantz (2013) distinguished the following performance ensemble advantages 

over single models:  

1. Better generalizability to future data – single final prediction incorporates 

opinions of several learners, whereby no single bias can dominate.  Hence, 

reducing the chance of overfitting.  

2. Improved performance on a very large or very small dataset – reduction of 

memory or complexity limits by using several small models in an ensemble, 

rather than one large model.  Also, ensembles work well on very small 

datasets since resampling, such as bootstrapping is a part of the design. 

3. Ability to incorporate data from different domains – ensemble methods 

incorporate aspects from multiple learners. 

4. Better understanding of difficult tasks – ensemble models divide tasks in 

smaller parts, which allows them to better capture complex real-life problems. 

Random forests represent an extension to bagging for classification in regression 

trees, where the basic idea is very similar in the sense that we bootstrap the 
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samples by creating a random subset of data from a given dataset.  The concept of 

bootstrapping involves using the data from a “surrogate population” to approximate the 

sampling distribution of a statistics (i.e. to resample with replacement) from the same 

data creating many bootstrap samples (Singh & Xie, n.d). Bagging (also known as 

bootstrap aggregation) reduces the variance and overfitting, whereby base models are 

developed by changing the training set for every base model. Kotu and Bala (2014) 

described bagging process in a following way: 

1. In each set T of n records, m training sets are developed each with n records 

by the means of sampling and replacement. 

2. Each of the training sets T1, T2, T3…Tm will have the same count of records of 

n as the original set T.  Because of sampling with replacement, duplicate 

records are possible.  This is the bootstrapping part. 

3. Each sampled training set is then used for base model preparation and through 

the process of bootstrapping, we now have obtained a set of m base models, 

where the prediction of each model is aggregated for an ensample model. 

Bagging then represents a combination of bootstrapping and aggregating.  

4. Each of the base training sets Ti contains about 63% of unique training records 

as compared to the original training set T, where sampling with replacement 

of n records contains 1 – (1-1/n)n unique records.  When n gets big enough we 

obtain 1 -1/e = 63.2% unique records on average.  The rest of data is 

duplicates from already sampled data. 

Random Forest (Breiman, 2001) uses in-bag and out-of-bag sampling, where the 

initial sample is divided into two groups. The in-bag sample is constructed using 
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random sampling with replacement (bootstrap aggregation), whereby the sample created 

is equivalent to the size of initial group.  The out-of-bag sample serves as internal model 

validation derived using the in-bag sample. RF grows each tree as follows (Breiman, 

2001): 

1. If the number of cases in a training set is N, then the researcher can take the 

sample of N cases at random with replacement from the original data.  This 

would be the training set for growing the tree (leaving out about one-third of 

the cases from the sample).  Use this oob (out-of-bag) data to get a running 

unbiased estimate of the classification error by adding more trees to the forest.  

2. If there exist M input variables, then m<<M is specified whereby at each 

node, m variables are selected at random out of the M and the best split on 

these m is used to split the node.  The value of m held constant as the tree 

grows.  Each tree grows to the largest possible extent (there is no pruning). 

3. The prediction of new data is performed by aggregating the other predictions 

on the n-tree. 

In random forests there is no need for cross-validation or a separate test set to get 

unbiased estimate of the test set error – it is estimated internally during the run, as 

follows (Breiman and Cutler, n.d.):  

1. Construction of each tree utilizes a different bootstrap sample of the original 

data, leaving out about one-third of the cases of the bootstrap sample and not 

used in the construction of the k-th tree 

2. Each case left out in the making of the k-th tree is put down the k-th tree to get 

a classification – test set classification is obtained for each of the cases in 
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about one-third of the trees.  This way, we can obtain a test set classification 

for each case in about one-third of the trees; in the end of this process, we take 

j to be the class that got most of the votes every time case n was out-of-bag.  

Out-of-bag (OOB) error, also called out-of-bag estimate, represents a method 

of measuring prediction error of random forests.  Hence, the proportion of 

times that j is not equal to the true class of n averaged over all cases is the 

OOB error estimate. This has been proven to be unbiased in many tests. 

Breiman (1996b) also noted that by using out-of-bag estimated values for the outputs 

instead of the actual training set outputs gives more accurate trees.  Simple and accurate 

out-of-bag estimates provide for the generalization error of bagged predictors and unlike 

cross-validation, these do not require additional coding.  Furthermore (Breiman, 2001) 

the rate of forest error depends on two things: (a) the correlation between any two trees in 

the forest, where increasing the correlation increases the forest error rate; and (b) the 

strength of each individual tree in the forest, where a tree with a low error rate is a strong 

classifier and increasing the strength of the individual trees would decrease the forest 

error rate.  Therefore, if we reduce the number of random variables used in each tree 

(mtry parameter in random forest R algorithm) we would reduce both the correlation and 

the strength.  On the other hand, increasing mtry, would increase both correlation and 

strength. 

2.8 Knowledge Gaps in Literature   

 IT project management is complex and broadly defined, where project managers 

work simultaneously on potentially conflicting constraints forced by customers, 

developers, testers and managers (Buse and Zimmermann, n.d.). As IT projects continue 
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to grow in size and complexity making project management more difficult, IT project 

management will require more advanced tools. At the same time, the fields of predictive 

analytics and data analysis has been expanding where increasingly organizations are 

turning to predictive analytics to increase their competitive advantage. Moreover, 

analytics should be available in real time, so that project managers can make decisions 

based on recent and not outdated data.  

A literature search investigated the extent of integration of predictive analytics 

into IT project management. However, even though throughout the years the research 

community has proposed different metrics, tools and techniques to analyze and control 

activities during project lifecycle, there is limited use of predictive analytics in IT project 

management. The author of this praxis found that the research community proposed tools 

to present current data, rather than forecast future events where the needs of IT project 

managers remain mostly ignored.  

Hence, this research identified a large gap in application of predictive analytics in 

the field of IT project management. This gap presents an important opportunity to use 

predictive analytics model presented in this research in the field of IT project 

management, specifically in the Initialization phase of project lifecycle. This predictive 

model would provide IT project managers with a tool to forecast schedule delays, 

transforming decision-making process into data-driven activity rather than a guessing 

game. 

2.9 Literature Review Summary  

The review of the literature revealed that IT project management represents series 

of processes, which go through the stages of initiation, planning, executing, controlling 



 

32  

and cost.  Initiating phase of project management life cycle (PMLC) represents the first 

phase where the overall goal is to identify the scope of the project so that management 

can make decision on either funding the project or not.  Project time management 

describes the management of a specific project and control in terms of schedule baselines, 

as it defines the processes necessary to deliver on timely completion of project tasks.  

Effective execution of project time management is essential in preventing schedule 

delays.  Research also examined previously conducted studies on definition of project 

success and failure, establishing that no one clear definition exists, as there are many 

factors contributing to both project success and project failure.  Moreover, the measure of 

project success is often in terms of user and stakeholder acceptance.  

Review of the literature also examined currently documented issues in IT project 

management, identifying cost overruns, missed target dates or failure as some of these 

issues.  There tends to be either overestimation or underestimation of resource 

requirements, which are not data driven.  Schedule delays constitute one of the major 

issues identified in IT project management.  Project management industry does utilize 

various tools and techniques, which perform schedule estimates.  Some of these most 

popular tools being regular performance reviews and number of reporting techniques, 

which report on the current rather than predict future outcomes.  

Research points to the fact that predictive analytics successfully employed by 

various industries for over twenty years, demonstrating a significant statistical association 

between the degree of organizational commitment to analytics and high performance.  

These industries range from manufacturing and financial services, to pharmaceuticals, 

transportation and many others.  Machine learning used to train predictive analytics 
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models, as it consists of a various forms of data-driven learning techniques that combine 

fundamental concepts of computer science and statistics, whereby random forests 

represents one of the widely utilized ensample methods.  Finally, as literature review 

shows, predictive analytics in IT project management has not been widely used, whereby 

there are some predictive software offerings from Deloitte and Innoatas.  
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Chapter 3: Methodology 

 

3.1 Data Collection 

The data for this research and subsequent predictive model was collected from the 

TeamDynamix database, which serves as a back-end to TeamDynamix platform utilized 

for DIT’s project management portfolios. TeamDynamix is a cloud-based portfolio and 

resource management solution, which is tailored specifically for higher education 

institutions, as it provides Project Portfolio Management (PPM) and IT Service 

Management (ITSM) capabilities. The data collected included information for 181 IT 

projects, whereby all the process areas for project Initiation phase (Initial Review, EGRB 

meetings, Enterprise Alignment, Prioritization of Resources, Commitment of Resources 

and Approval) have corresponding dates in the database. Additionally, the researcher 

gathered data from the University’s SharePoint Project Management Teamsites, which 

serves as a platform that provides content for related project management activities. The 

researcher utilized various Lessons Learned documents collected from SharePoint for the 

181 projects to expand data collection to not only project dates and project activities, but 

to project issues as well.  

3.2 Methodology 

DIT has developed project intake process, where Initiation phase of each project 

consists of the following five process areas: (a) Initial Review, (b) Enterprise Alignment, 

(c) Prioritization of Resources, (d) Commitment of Resources and (e) Approval.  

Additionally, Enterprise Management awareness (EGRB) meeting takes place after Initial 

Review, where upper management is made aware of the upcoming projects, as shown in 

Figure 5. 
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Figure 6: Summary of Project Initialization Process areas 

 
The objective of this research was to develop a solution that would support data-

centric approach to IT project management, where real-time data can be analyzed and 

used to make decisions during the lifecycle of the project. More specifically, this research 

aimed to develop a predictive model that would be able to forecast schedule delays.  This 

research also provided measures to identify why some projects take longer than others to 

initiate, where the Initiation phase represents the first stage in project management 

lifecycle.  To accomplish this, the author first calculated the time for each process area to 

complete in the project initiation phase.  The researcher performed data analysis (both 

computations and plots) in R statistical environment and Excel.  The researcher 

performed data analysis to understand project data. Specifically, the researcher used 

descriptive statistics to find out how long each process area of the project initialization 

phase takes.  The researcher used correlations and linear regressions to reveal the 

connections between the duration of the different process areas in the Initiation phase.  

This information deemed important, because it showed how different process areas 

influenced each other.  Based on the information for the duration of each of these areas, 

the researcher performed cluster analysis by distinguishing several groups of projects 

with different patterns of the project duration.  In short, the researcher used descriptive 

statistics, correlations, linear regressions and cluster analysis to learn as much as possible 

about project data and to look at it from different angels in order to understand and 
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explore project data fully.  

Finally, the researcher developed a predictive analytics model that can forecast 

total number of days for the project initialization phase based on the input for the first 

several steps and some other variables. This model was completed using random forest 

methods, which represented the class of machine learning techniques that are aimed to 

predict characteristic of data based on previous observations. We have used this approach 

because of its high productivity.  

Based on the process areas depicted in Figure 6 the researcher has distinguished 

eleven steps of the project initialization demonstrated as follows: 

 

Figure 7: Eleven Steps of Project Initialization Process 

3.2.1 Descriptive Statistics  

The researcher used descriptive statistics to depict basic features of the eleven steps 

for the project initialization phase, which revealed the length of each step and showed 

which steps took longer to complete. The author described the duration of the above 

eleven steps of the project initialization in terms of the following, as shown in Table 1: 
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Table 1: Variables Obtained Using Descriptive Statistics 

Maximum Maximum number of days project takes to get off the ground  

Minimum Minimum number of days project takes to get off the ground 

Mean Unbiased estimate of the population mean, variance, skewness 
and kurtosis coefficients are based on deviations from the mean; 
highly affected by extremely low or high values 

Mode Value that appears most often in the dataset 

Median Value which separates the higher half of the sample from the 
lower half; outliers or extreme values do not affect it; is the 50th 
percentile 

Standard Deviation Shows how far the values from the mean are located; the higher 
the standard deviation, the further values from the mean are 

Variance Also shows how far the values from the mean are located 

Range Difference between the highest value and the lowest value in the 
data vector 

Skewness Describes the asymmetry of the distribution 

Kurtosis  Describes the shape of the distribution 

Percentage  1%, 5%, 25%, 50%, 75%, 95%, and 99%  

IQR (Interquartile Range) Difference between 75th and 25th percentile  

(1st Quartile) – (1.5 * IQR) Lower Fence for outliers  

(3rd Quartile) + (1.5 * IQR) Upper Fence for outliers 

 

To obtain these terms the author used R statistical functions to display results, as 

well as to show data plots. Noted that the author defined outliers by using John Tukey’s 

(1977) methodology, which defined inter-quartile range (IQR) as the interval between the 

25th percentile and 75th percentile, as well as defined lower and upper fences for the 

outliers. The author first discovered that: 

• Step 3 (From the End of Initial Review to Presentation to EGRB Awareness),  

• Step 4 (From Presentation of EGRB Awareness to the Start of Enterprise 

Alignment),  

• Step 5 (From Start of Enterprise Alignment to End of Enterprise Alignment),  

• Step 7 (From Start of Resource Prioritization to End of Resource Prioritization),  

• Step 9 (From Start of Commit of Resources to End of Commit of Resources and  

• Step 11 (From Start of Approval to End of Approval) revealed to be problematic. 

Here Table 2 and Figure 7 depict summary statistics and plot for Step 3: 
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Table 2: Step 3 (From End of Initial Review to Presentation of EGRB Awareness) 
Summary Statistics 

Parameter Value 

Maximum 326 
Minimum 0 

Mean 28.975 
Mode 0 

Median 10 
Standard deviation 62.61394 

Variance 3920.506 
Range 0, 326 

Skewness 3.492612 
Kurtosis 11.76157 

1% 0 
5% 0 

25% 6.00 
50% 10.00 
75% 17.75 
95% 142.65 
99% 313.36 

Interquartile Range 11.75 
(1st Quartile) – (1.5 * IQR) -11.625 
(3rd Quartile) + (1.5 * IQR) 35.375 

 

 

 

Figure 8: Step 3 (From End of Initial Review to Presentation of EGRB Awareness) Plot 
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The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side.  The average number of days that it 

takes for this step to complete (or mean) is 29 days, while the median is 10 (half of the of 

the projects perform this step in less than two weeks).  The standard deviation is 

relatively high (sd=63), which shows the presence of outliers in the sample (maximum 

duration is 326 days), which also influences the mean (mean=29).  

Table 3 and Figure 8 demonstrate summary statistics and plot for long step 7 as follows: 

Table 3: Step 7 (From Start of Resource Prioritization to End of Resource Prioritization) 
Summary Statistics 

 
 

Parameter Value 

Maximum 308 
Minimum 0 

Mean 31.98851 
Mode 0 

Median 12 
Standard deviation 55.46201 

Variance 3076.035 
Range 0, 308 

Skewness 3.022464 
Kurtosis 10.13979 

1% 0 
5% 0 

25% 2 
50% 12 
75% 34.5 
95% 131 
99% 277.04 

Interquartile Range 32.5 
(1st Quartile) – (1.5 * IQR) -46.25 
(3rd Quartile) + (1.5 * IQR) 83.25 
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Figure 9: Step 7 (From Start of Resource Prioritization to End of Resource Prioritization) 
Plot  

The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side.  The average number of days that it 

takes for this step to complete (or mean) is 32 days, while the median is 12 (half of the of 

the projects perform this step in less than two weeks).  The standard deviation is 

relatively high (sd=55), which shows the presence of outliers in the sample (maximum 

duration is 308 days), which also influences the mean (mean=32).  Appendix A of praxis 

has all of the descriptive statistics summaries and associated plots for the rest of the steps. 

This Appendix clearly shows full results of descriptive statistics, which are discussed 

later in praxis.  

The author then obtained summary statistics for the sum of each step to find out 

how long do most of the projects take to get off the ground in DIT.  Depiction of the 

findings are in Table 4 and Figure 9 as follows: 
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Table 4: Sum of all steps summary statistics 

 

Parameter Value 

Maximum 603 
Minimum 7 

Mean 108.4713 
Mode 34 

Median 60 
Standard deviation 114.7683 

Variance 13171.76 
Range 7, 603 

Skewness 1.769295 
Kurtosis 3.157214 

1% 7.86 
5% 15 

25% 30.5 
50% 60 
75% 130 
95% 342.80 
99% 424.98 

Interquartile Range 182 
(1st Quartile) – (1.5 * IQR) -183 
(3rd Quartile) + (1.5 * IQR) 545 

 

 

Figure 10: Overall time for the projects  
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The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for the projects to get off the ground (mean) is 108 days, while the median is 60 

(half of the of the projects perform this step in two months). The standard deviation is 

relatively high (sd=115), which shows the presence of outliers in the sample (maximum 

duration is 603 days), which also influences the mean (mean=108).  

To summarize, the average duration of the eleven steps of project initiation  

depicted in Figure 10: 

 

Figure 11: Average duration of the eleven steps in days 

Here red markers represent duration of the eleven steps in days.  The vertical lines 

show the minimum and maximum duration of the periods in days.  The figure shows:  

• Step 3 (From the End of Initial Review to Presentation of EGRB 

Awareness) takes 29 days to complete on average with the maximum 
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duration of 326 days.  

•  Step 4 (From Presentation of EGRB Awareness to the Start of Enterprise 

Alignment) takes 17 days to complete on average with maximum duration 

of 267 days 

• Step 5 (From Start of Enterprise Alignment to End of Enterprise 

Alignment) takes 21 days to complete on average with maximum duration 

of 413 days.  

• Step 7 (From Start of Resource Prioritization to End of Resource 

Prioritization) takes 32 days on average to complete with maximum 

duration of 308 days.  

• Step 9 (From Start of Commit of Resources to End of Commit of 

Resources) takes 8 days to complete on average with maximum duration 

of 77 days.  

• Step 11 (From Start of Approval to End of Approval) takes 19 days to 

complete on average with maximum duration of 313 days).  The 

researcher further used this information in cluster analysis.  

Figure 11 examines quartiles of different projects: 
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Figure 12: Boxplot distribution of projects  

Here the boxes represent interquartile range (75th percentile), where the median 

separates data into upper and lower halves.  The first quartile represents the median of the 

lower half of the data and the third quartile represents the median of the upper half of the 

data. The whiskers represent minimum and maximum values that are not considered the 

outliers. Additionally, presence of outliers is calculated as any value greater than Q3 + 

1.5 x IQR (interquartile range) or any value less than Q1 – 1.5 x IQR. Outliers are 

represented as circles and we can observe that many projects are out of the median and 

take a long time to complete.  This information will be further utilized in the 

implementation of predictive model. 
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3.2.2 Correlations – connections between the steps 

The author examined project data by using correlation to understand how different 

variables interact with each other. Correlation represents a statistical measure that 

suggests the level of linear dependence between two variables that appear in pairs 

(Correlation Coefficients, n.d.). In the case of correlation, we look at various trends 

shared between two variables, whereas with regression we would look at the relationship 

between independent and dependent variables. We measure correlation coefficient on a 

scale that varies from +1 through 0 to -1, where the complete correlation between two 

variables is noted by either + 1 or -1 - when one variable increases as the other increases 

the correlation is positive and when one variable decreases as the other increases it 

becomes negative (Correlation and Regression, n.d.). Below is the list of correlation 

coefficients, which was obtained using R cor() function.  This table represents 

correlations between the duration of different steps in project initialization.  Bold face 

font represents positive correlations where we only colored moderate correlations 

between 0.3 and 0.6 absolute value as shown in Table 5. Anderson and Flynn (1996) note 

that a question of “what is a strong correlation?” has several answers, where generally 

statisticians refer to correlation close to zero as showing “no correlation”; a correlation 

between 0 and 0.3 as “weak”; a correlation between 0.3 and 0.6 as “moderate”; a 

correlation between 0.6 and 1.0 as strong; and a correlation of 1.0 as “perfect”. However, 

a question of “what is a strong correlation” also depends on a specific application, where 

correlation of height and weight is generally in the neighborhood of 0.8 and correlation of 

heart rate and blood pressure is about 0.2 (Anderson & Flynn, 1996).  



 

46  

 

Table 5: Correlations between the steps 

 1 2 3 4 5 6 7 8 9 10 11 

1 1 -0.12 -0.1 -0.09 0.14 -0.04 -0.11 -0.03 -0.07 -0.03 0.07 

2 -0.12 1 -0.08 0.08 0.01 -0.06 0.02 -0.08 0.07 -0.05 0.04 

3 -0.1 -0.08 1 0.3 0.01 -0.1 -0.04 -0.06 0.09 -0.04 0.07 

4 -0.09 0.08 0.3 1 -0.04 -0.04 0.15 0.29 0.09 0.24 -0.06 

5 0.14 0.01 0.01 -0.04 1 0.29 0.03 -0.03 0.06 -0.04 -0.02 

6 -0.04 -0.06 -0.1 -0.06 0.29 1 -0.03 -0.01 -0.12 -0.03 0 

7 -0.11 0.02 -0.04 0.15 0.03 -0.03 1 0.41 -0.06 0.47 -0.13 

8 -0.03 -0.08 -0.07 -0.13 -0.03 -0.05 0.41 1 -0.11 -0.02 0.02 

9 -0.07 0.07 0.09 0.09 0.06 -0.12 -0.06 -0.11 1 -0.06 0.31 

1

0 

-0.03 0.05 -0.04 0.24 -0.04 -0.03 0.47 0 -0.06 1 0.34 

1

1 

0.07 0.04 0.07 -0.06 -0.02 0 -0.13 0.02 0.31 -0.03 1 

 

The researcher made the following observations: 

1. There are few interconnections between different steps 

2. Positive correlations indicate that in case of long duration of a step, the other step 

more likely will be long as well.  At the same time, if a step is short, the other step 

will also be short.  

3.2.3  Linear Models 

Yan and Xiaogang (2009) described statistical model as a “description of a state 

or process, whereby linear regression requires that model is linear in regression 

parameters”.  These authors (2009) further described regression as a “method to discover 

the relationship between one or more response variables (also called dependent variables) 

and the predictors (independent variables)”.  Hence, with linear regression we predict the 

value of an outcome variable based on one or more independent variables, where the goal 

of using linear regression is to model a continuous variable Y as a mathematical function 

of one or more X variable(s), so that we can use regression models to predict Y when we 
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only have value for X (Prabhakaran, n.d.). We generalize this mathematical equation as 

follows: 

                             (Equation 1) 

Here and  are regression coefficients, where is y intercept,   is the slope of the 

simple linear regression line, x is independent variable and  represents the error term that 

part of Y the regression model is not able to explain (Yan and Xiaogang, 2009). The 

dependent variable in this praxis represented by the overall time for the project 

initialization (sum of days) and an independent variable is represented by the duration of 

each step.  The researcher estimated the duration of the whole project Initialization phase 

(sum of each step) based on the duration of each individual step, whereby the researcher 

used the independent variable (duration of each step) to estimate dependent variable (sum 

of all days).   

Hence, adjusting the equation for the project of interest results in equation shown 

as follows: 

   where:   (Equation 2) 

Y is a dependent variable, in this case the overall time for the project initialization (sum 

of days) 

A is Y intercept (the constant) 

B is the slope of the line of from the regression analysis 

x is an independent variable (duration of each step) 

Error  

The researcher built linear regressions using lm() function in R. The researcher 

ran eleven linear models for each of the steps, whereby each step was quantified. Table 6 
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contains results of regression models that were deemed statistically significant. Note that 

Intercept in Table 6 represents the expected value of overall time for project 

initialization (sum of days) when we consider longevity for each individual step 

(independent variable). For example, it takes 134 days for project to initialize when we 

consider duration for Step 8 (From End of Resource Prioritization to Start of Commit 

Resources). Estimate represents a slope, or in our case the effect a particular step has on 

overall time for project initialization. For example, the slope term in our linear model 

indicates that for every day increase in Step 8, overall time for project initialization 

increases by 2-3 days. P-value – the predictor with low p-value (< 0.05) indicates that 

changes in the value of predictor are related to changes in the response variable.  

Also, following Equation 2, the regression equation for Step 8 (From End of 

Resource Prioritization to Start of Commit Resources) is as follows: Overall project 

duration (sum of days) = 134.4 – 2.1999(Step 8) 

 
Table 6: Results of Linear Regression Modeling 

Period Intercept A Estimate (predictor) P-Value 

Step 3 108.9224 1.4175 (Step 3 duration) 0.000000123 
Step 4 118.3434 1.6585 (Step 4 duration) 0.0000003905 
Step 5 124.0490 1.0961 (Step 5 duration) 0.000978 
Step 7 94.0492 1.6456 (Step 7 duration) 0.00000000375 

Step 8 134.4762 2.1999 (Step 8 duration) 0.0000210 
Step 9 123.30 2.89 (Step 9 duration) 0.0000730 

Step 11 126.8510 
1.0177 (Step 11 duratio

n) 
0.0000998 

 

Table 6 shows that in cases of step 5 (From Start of Enterprise Alignment to End of 

Enterprise Alignment) and step 11 (From Start of Approval to End of Approval), the 

increase in 1 day of the step leads to increasing in 1.1 and 1.0 days of the overall project 

initialization.  Here we talk in such cases about the effect size, in this case it is very 
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small.  So, the changes in the step do not influence the duration of the whole project 

strongly.  In the case of Step 3 (From End of Initial Review to Presentation of EGRB 

Awareness) , Step 4 (From Presentation of EGRB Awareness to Start of Enterprise 

Alignment) and Step 7 (From Start of Resource Prioritization to End of Resource 

Prioritization), the increase in 1 day of the step leads to increasing 1.4-1.7 days of the 

overall project initialization.  In case of Step 8 (From End of Resource Prioritization to 

Start of Commit Resources) and Step 9 (From Start of Commit Resources to End of 

Commit Resources), the increase in 1 day of the step leads to increasing 2-3 days of the 

overall project initialization. We can clearly see that Steps 8 and Steps 9 affect the 

duration of the Initialization phase the most. 

Although the use of linear regression can perform predictions, the researcher 

faced the problem of endogeneity, which occurs when a predictor is correlated with the 

error term in the model and caused by the causality between dependent and independent 

variables (Hox & Roberts, 2011).  In the context of this research each of the eleven steps 

is correlated with the overall duration of the project.  Note that endogeneity problem is 

particularly relevant in the context of time series analysis of casual processes (Hox & 

Roberts, 2011).  The residuals here represent errors that are not explained by regression 

equation and are computed with resid() function in R, as well as coded in Figure 12 and 

visualized in Figure 13 and Figure 14: 
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Figure 13: Code Sample – Endogeneity Problem  

 
Figure 14: Residuals Plot Example A  
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Figure 15: Residuals Plot Example B 

 
For the linear regression, we would like the residuals to be unbiased or have an 

average value of zero in any thin vertical strip, as well as homoscedastic where the spread 

of the residuals should be the same in any thin vertical strip and exhibit homogeneity, 

normality and independence (Linear Regression, n.d.).  We can see form Figure 13 and 

Figure 14 that it is not the case here - the residuals should be normally distributed, falling 

in a symmetrical pattern and have a constant spread throughout the range. Also, the 

interrelations between residuals and dependent (or independent) variable should not be 

linear. We can see from the above plots the presence of connections between dependent 

variable and residuals, as they are linear.  The author concluded that in the frame of this 

research, linear regression models cannot be used for prediction, as it violates the basic 

assumptions of linear regression.  Thus, we used linear regressions only to demonstrate 

the connections between the duration of each step of the project and the overall project 
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duration.  We will have to use more complicated methods to form predictive model. 

 3.2.4 Cluster Analysis 

The author performed cluster analysis to further understand project data.  Cluster 

analysis is the technique for the grouping of similar objects, where clusters represent 

different groups.  More specifically, clustering method represents a “multivariate 

statistical procedure that starts with a data set that contains information about a sample of 

entities and attempts to reorganize these entities into relatively homogenous groups” 

(Aldenderfer & Blasahfield, 1984).  The goal of cluster analysis is to group objects in 

such a way as to be related to one another and different from the objects in other groups, 

where the greater the homogeneity within a group and the greater the difference between 

groups, the better or more distinct the clustering.  Cluster analysis is often used in 

classification tasks where it creates a labeling of objects with class (cluster) labels, 

driving these labels from the data (Tan, Stienbach & Kumar, 2006).  In the frame of this 

research the author clustered the projects based on the steps duration, where projects that 

belong to the same cluster showed similar duration for the same steps.  Based on this 

classification the researcher was able to distinguish several types of projects and 

determine which steps of project initialization were more time consuming.  The 

researcher utilized K-means clustering (n.d.), which is the most commonly used 

unsupervised machine learning algorithm for dividing a data set into a set of k clusters, 

where k represents the number of groups that are pre-specified by the analyst.  This 

method is unsupervised because there is no response variable, which means that the 

algorithm looks to find relationships between the n observations without training by a 

response variable (Tan, Stienbach & Kumar, 2006).  Tan, Stienbach and Kumar further 
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note (2006) that in k-means clustering, each cluster represented by its center, which 

correlates to the mean of points assigned to the cluster, where the basic idea is to define 

clusters so that there is minimization total intra-cluster variation (also known as total 

within-cluster variation). Noted that the researcher utilized kmeans() function in R, 

which works as follows according to Tan, Steinbach and Kumar (2016): 

1. We first choose K initial centroids, where K is a user-specified parameter and 

represents number of clusters. 

2. Then each point is assigned to the closest centroid and each collection of points is 

assigned to the cluster. 

3. We repeat the assignment and update steps until no point changes clusters or until 

the centroids remain the same.  

The algorithm iterates through two steps: 

1. Reassign data points to the cluster whose centroid is closest. 

2. Calculate new centroid of each cluster. 

Repeat these two steps until the reduction of the within cluster variation cannot 

occur any further.  Calculate the within cluster variation as the sum of the Euclidean 

distance between the data points and their respective cluster centroids.   

The researcher has applied k-mean clustering algorithm using R statistical 

environment (kmeans function) to the dataset on the duration of project initialization. 

Based on the duration of the project initialization steps the author clustered the projects 

into groups and described patterns, which are inherent for each of the clusters.  For this 

research the author identified three, four, five and six clusters.  Visualize the clusters as a 

radar chart, where visualization was performed in Excel radar plot.  Radar chart 
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represents a graphical method of displaying multivariate data in the form of a two-

dimensional chart of three or more quantitative variables represented on axes starting 

from the same point. The researcher applied kmeans() R function to create three, four, 

five and then six clusters, coding to produce four different Excel files for each of the 

clusters (3,4,5 and 6); the researcher then used these Excel files to create radar charts to 

visualize clusters.  Figure 15 presents a sample of these visualizations: 

 

Figure 16: Cluster Analysis – Radar Chart Summary  

On the first iteration of cluster analysis, the researcher identified three clusters 

and distinguished the following groups, as shown in Figure 16:  
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Figure 17: Cluster Analysis – Three Clusters 

  

Each star represents a cluster, whereby each of the clusters has a specific markup 

(such as solid line, dashed line, etc.) so that a distinction can be made between the 

clusters. Lines 1, 2 and 3 represent k or the number of clusters.  The length of the line 

represents the average duration of this project initialization step for the corresponding 

cluster.  The longer the line, the more precise step takes for the projects from this cluster, 

where the side of each of the clusters is proportional to the number of days. The 

researcher made the following observations depicted in Figure 16: 

 
1. Cluster 2 in Figure 16 (depicted in solid line) showed very fast duration of all 

the steps as it took 14 days for the most time consuming 5th step (Start of 

Enterprise Alignment to End Enterprise Alignment). 

2. Cluster 1 in Figure 16 (depicted in round dotted line) can characterized by 

long 11th step (From the Start of Approval to the End of Approval), as on 

average it takes 261 days for this cluster of projects. 



 

56  

3. Cluster 3 in Figure 16 (depicted in dash line) has relatively (in comparison 

with other clusters) long 3rd step (From the End of Initial Review to the Start 

of Presentation to EGRB Awareness).  It takes 190 days on average for this 

cluster, while for other clusters the duration of this step varies from 11 to 15 

days.  The fifth step (From the Start of Enterprise Alignment to the End of 

Enterprise Alignment) takes 113 days on average, and 7th step (From the Start 

of Prioritization of resources to the End of Prioritization of resources) takes 

156 days on average.  

The longer steps revealed the most difficult and time-consuming procedures for 

the project initialization.  To summarize three clusters revealed long Step 3 (From the 

End of Initial Review to Presentation of EGRB Awareness), Step 5 (From Start of 

Enterprise Alignment to End of Enterprise Alignment), Step 7 (From Start of Resource 

Prioritization to End of Resource Prioritization) and Step 11 (From Start of Approval to 

End of Approval).  

On the second iteration, the researcher identified four clusters and made the 

observations as shown in Figure 17:  
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Figure 18: Cluster Analysis – Four Clusters  

 

1. Cluster 1 in Figure 17 (depicted in round dotted line) is characterized by a very 

long Step 5 (From the Start of Enterprise Alignment to the End of Enterprise 

Alignment), as it takes 325 days on average to complete this step. 

2. Cluster 2 in Figure 17 (depicted in solid line) had very fast duration for all of the 

steps. 

3. Cluster 3 in Figure 17 (depicted in dashed line) had a very long 11th step (From 

the Start of Approval to the End of Approval), as it took 261 days on average to 

finish this step. 

4. Cluster 4 in Figure 17 (depicted in heavy solid line) had relatively (in comparison 

with other clusters) long 3rd step (From the End of Initial Review to the 

Presentation to EGRB Awareness), as it took 220 days on average to complete it, 

and long 7th step (From the Start of Prioritization of Resources to the End of 

Prioritization of resources), as it took 211 days on average.  For other clusters it 

took from 6 to 131 days for the 3rd step and from 8 to 44 days to perform 7th 

step. 
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The analysis of four clusters revealed similar characteristics to three cluster 

analysis findings - long Step 3 (From End of Initial Review to Presentation of EGRB 

Awareness), Step 5 (From Start of Enterprise Alignment to End of Enterprise 

Alignment), Step 7 (From Start of Resource Prioritization to End of Resource 

Prioritization) and Step 11 (From Start of Approval to End of Approval). 

The researcher then ran the third iteration and identified five clusters, making the 

following observations as shown in Figure 18:  

 

 
Figure 19: Cluster Analysis – Five Clusters  

1. Cluster 1 in Figure 18 (depicted in round dotted line) showed a bit longer 

duration for Step 10 (From the End of Commit Resources to the Start of 

Approval), as it took 33 days on average, while for other clusters it took 0 

days. 

2. Cluster 2 in Figure 18 (depicted in solid line) showed long duration for Step 4 

(From the Presentation to EGRB Awareness to the Start of Enterprise 

Alignment), as it took 267 days on average to complete this step.  Step 7 

(From the Start of Prioritization of Resources to the end of Prioritization of 
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Resources) took 308 days on average, and Step 8 (From the End of 

Prioritization of Resources to the Start of Commit Resources) took 242 days 

on average.  

3. Cluster 3 in Figure 18 (depicted in dashed line) can characterized by a long 

duration of Step 3 (From the End of Initial Review to the Presentation to 

EGRB Awareness), as it took 229 days on average to complete this step.  Step 

5 (From the Start of Enterprise Alignment to the End of Enterprise) took 135 

days on average, and Step 7 (From the Start of Prioritization of Resources to 

the End of Prioritization of Resources) took 125 days on average.  

4. Cluster 4 in Figure 18 (depicted in heavy solid line) showed very fast duration 

of all the steps. 

5. Cluster 5 in Figure 18 (depicted in long dash dot line) characterized by long 

11th step (From the Start of Approval to the End of Approval), as it took 267 

days on average to complete this step. 

In summary, cluster analysis for five clusters reveled that Step 3 (From End of 

Initial Review to Presentation of EGRB Awareness - which was also shown as long in 

cluster analysis for three and flour clusters), Step 4 (From Presentation of EGRB 

Awareness to Start of Enterprise Alignment), Step 5 (From Start of Enterprise Alignment 

to End of Enterprise Alignment - also reported as long in cluster analysis for four 

clusters), Step 7 (From Start of Resource Prioritization to End of Resource Prioritization - 

reported as long in cluster analysis for three and four clusters), Step 8 (From End of 

Resource Prioritization to Start of Commit Resources) and Step 11 (From Start of 

Approval to End of Approval) were shown to take longer.  
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On the final iteration, the researcher has identified six clusters and made the 

following observations as shown in Figure 19:  

 

 
Figure 20: Cluster Analysis – Six Clusters 

 

1. Cluster 1 in Figure 19 (depicted in round dotted line) characterized by long 

11th Step (From Start of Approval to End of Approval), as it took 261 days on 

average. 

2. Cluster 2 in Figure 19 (depicted in solid line) showed very fast duration for all 

the steps 

3. Cluster 3 in Figure 19 (depicted in dashed line) showed very long 10th Step 

(From End of Commit of Resources to Start of Approval), as it took 366 days 

on average to complete. 

4. Cluster 4 in Figure 19 (depicted in heavy solid line) characterized by long 4th 

step (From Presentation of EGRB Awareness to Start of Enterprise 

Alignment), as it took 267 days on average.  Step 7 took 308 days on average 

and step 8 took 242 days on average. 
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5. Cluster 5 in Figure 19 (depicted in long dash dot line) has relatively long Step 

3 (From End of Initial Review to Presentation of EGRB Awareness), as it 

takes 294 days on average, and Step 7 (From Start of Resource Prioritization 

to End of Resource Prioritization) takes 179 days on average. 

6. Cluster 6 in Figure 19 (depicted in dash dot line) has relatively long Step 3 

(From End of Initial Review to Presentation of EGRB Awareness), which 

takes 132 days on average and very long Step 5 (From Start of Enterprise 

Alignment to Start of Resource Prioritization), as it takes 326 days on average. 

To summarize we again see Step 3 (From End of Initial Review to Presentation of 

EGRB Awareness), Step 4 (From Presentation of EGRB Awareness to Start of Enterprise 

Alignment), Step 5 (From Start of Enterprise Alignment to End of Enterprise Alignment), 

Step 7 (From Start of Resource Prioritization to End of Resource Prioritization), Step 8 

(From End of Resource Prioritization to Start of Commit Resources) and Step 11 (From 

Start of Approval to End of Approval) as being long.  Additionally Step 10 (From End of 

Commit of Resources to Start of Approval) also took a long time to complete.  This sort 

of classification can be used as an option to identify different patterns of project 

evolvement and it can be used by experts (such as project managers or anyone familiar 

with inner workings of a project) as the project goes through various phases of 

Initialization phase.  For example, an expert can look at these clusters and see why 

several steps take a long time for many projects.  The researcher deems cluster analysis as 

an important tool that can be utilized in the initialization phase of the project management 

lifecycle in order to identify delays in schedule. 

We have divided our project data in 3, 4, 5 and 6 clusters and observed that in all 
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of them Step 3 (From End of Initial Review to Presentation of EGRB Awareness), Step 5 

(From Start of Enterprise Alignment to End of Enterprise Alignment), Step 7 (From Start 

of Resource Prioritization to End of Resource Prioritization) and Step 11 (From Start of 

Approval to End of Approval) take a long time.  The researcher cannot determine why 

these steps take longer than others, but an expert who is involved in a project would be 

able to use this cluster analysis to shed some light on why these steps take longer to 

complete. Hence, experts can use cluster analysis as a tool to shorten length of project 

initialization by uncovering root causes of these delays. 

3.2.5  Building the model 

The goal of this research was to predict the duration of the project Initialization 

phase.  We can perform this prediction based on the first steps of project Initialization, 

taking into consideration duration of these steps and some additional information about 

the projects.  The author incorporated additional data found in Lessons Learned 

repository that included information about various project issues for 181 projects.  The 

following issues were identified in the Lessons Learned repository (these issues were 

reported throughout the project lifecycle, including eleven steps of project Initialization 

phase):  

1. Issues with Vendors,  

2. Funding,  

3. Resources,  

4. Requirements, 

5. Security,  

6. Dependency with other projects,  
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7. Scope of project,  

8. Analysis of current architecture/software,  

9. Engagement from stakeholders and  

10. Dependency on pilot completion.  

By utilizing this model in the early stages of project initialization, project 

managers or project stakeholders could predict how long it will take for a project to 

begin. Not only would project team members be able to make data-driven decisions 

whether to proceed with a project, this would also allow them to adjust various factors 

(such as vendors or requirements or resources, for example) to see how long a project 

will take if the project contains these factors.  For example, if we are deciding whether to 

use a vendor or to use in-house expertise in a project, we could use this predictive model 

to forecast project initialization with and without vendor support and make an appropriate 

data-driven decision.  In short, this predictive model would let project managers more 

effectively manage uncertainty of the project. 

3.2.6  Application of RF for Predicting Overall Project Duration 

The researcher predicted the overall project initialization phase based on the 

information about the duration of the following first steps as shown in Figure 20: 

 

 

Figure 21: Predictive Model Steps 

 
Noted the researcher did not include all of the issues found in the Lessons learned 
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repository in the predictive model because there were not enough data for some of them. 

The following issues were included in the model: (a) Issues with Vendor, (b) Funding, (c) 

Resources and (d) Requirements, as shown in Figure 21. 

 

Figure 22: Predictive Model Steps and Input Variables  

 
The researcher used R statistical environment to code predictive model using random 

forests.  R provides randomForest() package, which contains various functions that assist 

in building random forest model.  The researcher utilized randomForest() in the 

following way: 

 

1. The researcher split project data of 181 projects into two parts using 

createDataPartition() function to create test and training partitions in R.  Note 

that each partition may have a larger or smaller proportion of some classes, which 

can lead to an omission of a class from the training dataset – a potentially big 

problem since the model cannot then learn this class.  However, 

createDataPartition() takes care of this issue, as it creates partitions based on 

stratified holdout sampling, which ensures that the generated random partitions 

have about the same proportion of each class as the full dataset (Lantz, 2013).  

2. The researcher then created f_train dataset (145 projects) for the training of the 

model and f_test dataset (36 projects) for the testing of the model.  The training 

dataset was used to generate the model, which was applied to the test dataset to 
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generate predictions for evaluation.  

3. The model was then trained by using randomForest() R function, where we pass 

the following “sum~ s.4_3, s.5_4, s.6_5, s.7_6 + 

Vendor+Funding+Resource+Requirements” (total number of days between 

Steps 3 and 4, Steps 4 and 5, Steps 5 and 6, Steps 6 and 7 and predictors Vendor, 

Funding, Resource and Requirements).  This formula estimates our dependent 

variable sum (overall project duration) based on the independent variables 

(duration of above steps and predictors).  

4. The researcher then predicted the results for testing partition (f_test) based on the 

results of the model and estimated how much the model deviates from the real 

results.  This estimation can be utilized when comparing to other models.  Again, 

since we partitioned the data into training and testing set, we are directly 

validating our trained model on independent data. 

5. Next, the researcher predicted the duration of projects in the test sample  

Note that random forest randomizes the variable selection during each tree split 

whereby it is not prone to overfitting unlike other models.  Overfitting takes place when 

we explain training data, instead of finding patterns, so the model fits well to the training 

dataset, but fails to the validation dataset.  Lantz (2013) notes that we cannot explain 

noise by definition, so an attempt to explain it will ultimately lead to erroneous 

conclusions that do not generalize well to the new cases. 
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Chapter 4: Research Results 

 

This chapter provides the results of this praxis as well as answers two primary 

research questions:  

1.  Can project management issues identified in this praxis be proven to 

influence the duration of the initialization phase of project lifecycle? 

2.  Can predictive analytics model be useful in forecasting schedule delays?  

Quantitative predictive model was established to forecast schedule delays. The 

predictive model was run based on the input of the first steps of the Initialization phase of 

project management lifecycle, as well as documented in Lessons Learned repository 

project issues, as discussed in Chapter 3, Methodology. The model was tested utilizing 

random variables, as well as evaluated based on internal to Random Forest algorithm out-

of-the bag error rate estimate. Additionally, the researcher performed model fit analysis. 

Based on these evaluations, the researcher deemed the model to be of good quality, as 

being useful in forecasting schedule delays. The researcher also performed simulated 

testing utilizing Mann-Whitney-Wilcoxon Test and established that identified in this 

praxis project management issues have an effect on initialization phase of project 

management lifecycle.  

This chapter is summarized below and is introduced in separate sections. The first 

section provides results of predictive model testing using random variables. Next section 

discusses output of the out-of-the bag error estimate for the predictive model. The third 

section provides model fitting diagnostics. The final section presents results of the 

simulated testing using Mann-Whitney-Wilcoxon Test.  
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4.1 Model testing utilizing random variables 

The researcher first ran the model with randomly generated values for all the 

independent variables, including duration of days between first steps and values for 

Vendor, Funding, Resource and Requirements (0 represents that there were no issues 

found with these and 1 represents an issue).  

 

Figure 23: Predictive Model Results Sample 

Results sample depicted above shows randomly generated values for the first four 

steps, as well as random values for Vendor, Funding, Resource and Requirements.  Pred 

column represents duration of the overall project initialization in days.  For example, in 

line 11, we can see that if first steps of project initialization were going to take two, zero, 

seven and zero days respectively and we would have issues with Resources, then this 

project would take 68 days to start.  

4.2 Predictive Model Analysis Utilizing Out-of-bag error rate estimate 

As noted in Chapter 2, Literature Review, it was determined that in random 

forests there is no need for cross-validation or a separate test in order to evaluate the 

model. Random Forest includes an internal validation in the form of out-of-bag error 

estimate as a method of measuring the prediction error of a model (Breiman, 2001). Let 

us recall, as Breiman (2001) indicated that the rate of forest error depends on two values: 
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(a) the correlation between any two trees in the forest (increasing the correlation 

increases the forest error rate); and (b) the strength of each individual tree in the forest 

(tree with a low error rate is a strong classifier and increasing the strength of the 

individual trees would decrease the forest error rate). The researcher utilized out-of-bag 

error rate to help find an optimal mtry value (number of random variables used in each 

tree).  The author tested random forest model by running it with different ntree and mtry 

parameters, to find optimal performing algorithm.  The latter parameter ntree represents 

the number of trees used in a forest.  Here we find the optimal number of trees (random 

forest builds the model with the default value of 500); we test the algorithm with different 

ntree values and set mtry to default, while recording OOB error rate so that it stabilizes 

and reaches its absolute minimum, as shown in Figure 23.  Additionally, the author ended 

up using value of 6 for mtry.  

 

Figure 24: Results of testing with ntree parameter  

Noted that having more trees would eventually affect performance, which is not 

an issue since we are using relatively small dataset.  As we examine Out-of-bag estimate, 

we can see that it levels out at 500 trees and starts going up afterwards.  Percent variance 
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explained (%Var(y)) refers to percentage variance of error compared to total variance.  

We can also observe this tendency in Figure 24: 

 

Figure 25: Error rate of Random Forest 

Hence, the author kept the default value for ntrees at 500 and we can see that the error 

rate levels out at about 500 tree mark. 

4.3 Model Fitting Diagnostics  

One of the simplest ways to access model fit in random forests is to examine 

model summary provided by R when we type the name of the model (model_rf) as shown 

in Figure 25. 
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Figure 26: Model RF Summary 

The summary depicted in Figure 25 presents two metrics: mean of squared 

residuals and %Var explained.  The mean of squared residuals is a useful metric if we are 

comparing two different models.  Percent variance explained also called pseudo-R 

squared, represented by 1 – mse(Var(y).  It is a measure of how well out-of-bag 

predictions explain the target variance of the training set (percentage variance explained 

by the model).  Unexplained variance could be due to true random behavior or lack of fit.  

The author feels that Percent variance explained (%Var explained) of 50.08 (shown in 

Figure 25) is a good indicator taken into consideration the number of outliers that the 

project data has, whereby some steps take substantially long time to complete and some 

complete in just one day.  

The researcher also plotted predicted and actual values.  Here f$test_sum 

represents real data (testing sample), containing overall duration of projects in days, 

whereas prediction represents data (overall project duration) that our model predicts as 

shown in Figure 26:  
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Figure 27: Predicted Values Compared to Actual Values 

Note that predictions of a good model are expected to be equal or very close to the 

actual values (see Figure 30), where most points should be on or close to the diagonal 

line. We can see that this is clearly the case except for a few outliers. Hence, the 

researcher feels that predictive model is of good quality and can be used to forecast 

schedule delays.  

4.4 Simulated Testing Utilizing Mann-Whitney-Wilcoxon Test 

Although random forest algorithm provides internal model validation, the researcher 

decided to conduct further testing of the validity of the predictive model by utilizing 
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Mann Whitney-Wilcoxon Test.  This test is like t-test without the normality or equal 

variance assumption with the requirement that the two samples are independent.  

Furthermore, Wilcoxon Test uses ranks instead of raw values, where the assignment of 

ranks to data values are relative to both samples combined, and we test whether 

observations in one population tend to have higher values (ranks) than those from the 

other population (Elliott & Woodard, 2016).  The author created a bootstrapped dataset to 

perform simulated testing, utilizing Mann-Whitney-Wilcoxon Test.  Bootstrapping allows 

selection of examples multiple times through a process of sampling and replacement.  

The author utilized R sample() function, which performs sampling with replacement, 

producing duplicate observations as shown in Figure 27. 

 

Figure 28: Bootstrapping procedure  

As a result of running sample() function multiple times, the author obtained a 

sample with the most indicators of issues for Vendor, Funding, Requirements, and 

Resources (data_sim).  Figure 38 shows the observed differences in the presence of these 

indicators: 
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Figure 29: Fraction of Problems – Simulated vs Real data 

The author then conducted Wilcoxon Test by utilizing original and bootstrap samples. 

The results of Wilcoxon Test are shown in Figure 29. 

 

 

Figure 30: Wilcoxon rank sum tests results  

 
Under the null hypothesis of Wilcoxon Test the distributions in the two groups 

(data_sim –simulated data and prediction – predicted values of the overall project 

duration using real data) are identical.  To test the hypothesis, the author applied 
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wilcox.test function in R to compare these two independent samples.  The p-value of 

0.0001151 is less than the .05 significance level, we can conclude that medians of these 

two distributions are different.  Here the alternative hypothesis of “true location shift is 

not equal to 0” is another way of stating that there is a shift in the distribution of the 

population to the left or right of the other, which infers different medians.  Hence, we 

reject the null hypothesis and state that the samples are not identical.  Although we do not 

know how exactly identified in this praxis project management issues such as Issues with 

Vendor, Funding, Resource, and Requirements affect overall project duration, this test 

shows that these distributions are not identical. Hence, the presence of these issues in the 

sample influences the duration of projects. 
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Chapter 5: Conclusion 

 

5.1 Research Overview 

 The proposed research presented in this study investigates two overarching 

research questions of whether identified in this praxis project issues influence 

initialization phase of project management lifecycle and whether predictive analytics 

model can be useful in forecasting schedule delays. The research is aimed to assist in 

addressing the complexity and uncertainty of IT projects by presenting an avenue that 

allows to make data-driven decisions at the beginning stages of project initiation.  Taken 

into consideration that expected IT spending worldwide will continue its growth, the 

well-known project management triple constraint of cost, time, and scope is here to 

stay. The literature review presented in this study showed that predictive analytics in 

IT project management has not been utilized widely. The three outcomes because of 

this research were as follows: (a) the development of a quantifiable predictive model 

that project managers can be used to forecast schedule delays; (b) utilization of 

Mann-Whitney-Wilcoxon Test showing that identified in this praxis project 

management issues influence initialization phase of project management lifecycle 

and (c) cluster analysis as a tool to assist project managers with understanding the 

causes behind schedule delays. Although the hypothesis set in this praxis did not 

include investigating the reasons behind schedule delays, during data analysis phase 

the researcher uncovered that cluster analysis tool presented in this research can be 

used by project managers to better understand the root causes behind delays.  

 This research provided a quantifiable predictive model that can forecast 

schedule delays based on input of the first steps of the Initialization phase of project 



 

76  

management lifecycle, as well as identified in this praxis project issues. This 

approach involved using one of the most popular machine learning techniques - 

random forests to build the predictive model.  The idea of random forests was 

proposed by Leo Breiman (2001), adding an added layer of randomness to bagging 

technique, whereby constructing classification and regression trees using the best 

among the subset of predictors randomly chosen at each split (Liaw & Winer, 2002).  

Moreover, because random forest randomizes the variable selection during each tree 

split, it is not prone to overfitting unlike other methods. The research also 

demonstrated internal validation within random forest, as well as utilized additional 

validation. Project managers can utilize this model in the beginning stages of project 

Initiation phase so that they can make better decisions based on data and not on 

intuition or guessing. For example, the model can be deployed as the project goes 

through the first steps of the initialization process, where a project manager can input 

the data that they have on hand to see how the project schedule would change. The 

model in its current implementation takes in four project management issues 

(problems with Vendor, Funding, Resource and Requirements). Project manager can 

play around with these issues to see how they would affect project timeline and make 

decisions based on model output. These decisions can include whether to use a 

vendor or additional funding, for example. This way project manager can anticipate 

the impact of these variables ahead of time, thus making better decisions. 

 The second key finding of this study showed mathematically that project 

management issues affect project schedule. The researcher performed simulated 

testing utilizing Mann-Whitney-Wilcoxon test, which uses ranks instead of raw 
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values. To accomplish this the author created a bootstrapped dataset that allowed 

selection of examples multiple times through the process of sampling and 

replacement. This test rejected the null hypothesis that distributions of the two 

groups (simulated data and predicted values of the overall project duration using real 

data) are the same. Although the researcher did not establish the reason for why such 

project management issues as Vendor, Funding, Resources and Requirements affect 

overall project initialization phase of project management lifecycle, Mann-Whitney-

Wilcoxon test showed that the presence of these issues influences the duration of 

projects.  

   This research also offered a solution of cluster analysis, which can enable 

project managers to analyze captured data to understand the reasons behind delays in 

schedule.  The author created three, four, five and six clusters, which revealed 

slowness in similar process areas of the project initialization phase.  Although the 

author could not determine the reason behind these delays, an expert who is involved 

in a project, would be able to use cluster analysis as a tool to uncover root causes of 

delays. 

By utilizing the proposed in this research model in the early stages of project 

initialization, project stakeholders would be able to forecast how long a project will 

take to start.  This model along with the cluster analysis tool can be used in the 

initialization stage of project lifecycle, so that potential problems could be foreseen 

and identified early, and necessary adjustments could be made.  

5.2 Limitations and Future Research  

 The research of this praxis contains limitations in terms of the size of the project 
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data set collected from the TeamDynamix database.  However, the random forest method 

works well on very small datasets because ensemble methods involve bootstrapping as 

part of the design (Lantz, 2013).  The researcher recommends to expand the predictive 

model to the larger data sets in various higher education institutions.  TeamDynamix 

provides Project Portfolio Management solutions specifically for the higher education 

community. Also, education technology is projecting 17 % annual growth, reaching $252 

billion by 2020 (TeamDynamix, n.d).  Hence, it is reasonable to expect for the project 

data growth within the higher education space. The researcher also would like to measure 

the performance of the predictive model on large datasets beyond higher education arena.  

Incorporating additional project management issues into the model build 

represents area for future research. The author identified four project issues such as Issues 

with Vendor, Funding, Resource and Requirements. However, as shown in Literature 

review (Chapter 2), there are multiple other project issues that are currently documented 

in IT project management. Doraiswamy and Shiv (2012) defined 50 common IT project 

management issues, including undefined project dependencies, time and cost issues and 

insufficient technical knowledge among others. These additional issues have a potential 

to reveal new findings about the state of a project. 

The researcher also recommends to add cost overrun analysis to future research, 

as the predicted model presented in this praxis can be expanded to forecast cost overruns 

as well.  
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Appendix A  

 

     Descriptive Statistics Summary and Plots for the Eleven Steps of Project Initialization  

Step 1 – From the Submitted Request to the Start of Initial Review 

Parameter Value 

Maximum 99 

Minimum 0 

Mean 3.494253 

Mode 0 

Median 0 

Standard deviation 14.19374 

Variance 201.4622 

Range 0, 99 

Skewness 4.876176 

Kurtosis 25.40223 

1% 0 

5% 0 

25% 0 

50% 0 

75% 0 

95% 13.70 

99% 63.74 

Interquartile Range 0 

(1st Quartile) – (1.5 * IQR) 0 

(3rd Quartile) + (1.5 * IQR) 0 
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The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 3 days, while the median is 0 (half of the of 

the projects perform this step in 0 days). The standard deviation not very high (sd=14), 

which shows there are not so many outliers in the sample (maximum duration is 99 days). 

 

Step 2 – From the Start of Initial Review to the End of Initial Review 

Parameter Value 

Maximum 13 

Minimum 0 

Mean 1.057471 

Mode 0 

Median 0 

Standard deviation 2.158576 

Variance 4.659449 

Range 0, 13 

Skewness 3.403206 

Kurtosis 13.70071 

1% 0 

5% 0 

25% 0 

50% 0 

75% 1.00 

95% 4.70 

99% 11.28 

Interquartile Range 1 

(1st Quartile) – (1.5 * IQR) -1.5 

(3rd Quartile) + (1.5 * IQR) 2.5 
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The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 1 day, while the median is 0 (half of the of the 

projects perform this step in 0 days). The standard deviation is low (sd=2), which shows 

the presence of few outliers in the sample (maximum duration is 13 days). 

 

Step 3 – From the End of Initial Review to the Presentation to EGRB Awareness 

Parameter Value 

Maximum 326 

Minimum 0 

Mean 28.975 

Mode 0 

Median 10 

Standard deviation 62.61394 

Variance 3920.506 

Range 0, 326 

Skewness 3.492612 

Kurtosis 11.76157 

1% 0 

5% 0 

25% 6.00 

50% 10.00 
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75% 17.75 

95% 142.65 

99% 313.36 

Interquartile Range 11.75 

(1st Quartile) – (1.5 * IQR) -11.625 

(3rd Quartile) + (1.5 * IQR) 35.375 

  

 

The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 29 days, while the median is 10 (half of the of 

the projects perform this step in less than two weeks). The standard deviation is relatively 

high (sd=63), which shows the presence of outliers in the sample (maximum duration is 

326 days), which also influences the mean (mean=29). 
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Step 4 – From the Presentation to EGRB Awareness to the Enterprise Alignment  

Parameter Value 

Maximum 267 

Minimum 0 

Mean 17.09 

Mode 0 

Median 35 

Standard deviation 83.35863 

Variance 6948.662 

Range 0, 267 

Skewness 1.046582 

Kurtosis 0.1549067 

1% 0 

5% 0 

25% 4 

50% 35 

75% 92 

95% 249 

99% 263.4 

Interquartile Range 88 

(1st Quartile) – (1.5 * IQR) -128 

(3rd Quartile) + (1.5 * IQR) 224 

 

 

The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 
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takes for this step to complete (or mean) is 17 days, while the median is 35 (half of the of 

the projects perform this step in 35 days). The standard deviation is relatively high 

(sd=83), which shows the presence of outliers in the sample (maximum duration is 267 

days), which also influences the mean (mean=17). 

Step 5 – From the Start of Enterprise Alignment to the End of Enterprise Alignment 

Parameter Value 

Maximum 413 

Minimum 0 

Mean 20.65517 

Mode 0 

Median 7 

Standard deviation 52.47631 

Variance 2753.763 

Range 0, 413 

Skewness 5.688798 

Kurtosis 36.43922 

1% 0 

5% 0 

25% 0 

50% 7 

75% 19.5 

95% 70.8 

99% 262.5 

Interquartile Range 19.5 

(1st Quartile) – (1.5 * IQR) -29.25 

(3rd Quartile) + (1.5 * IQR) 48.75 
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The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 21 days, while the median is 7 (half of the of 

the projects perform this step in one week). The standard deviation is relatively high 

(sd=52), which shows the presence of outliers in the sample (maximum duration is 413 

days), which also influences the mean (mean=21). 
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Step 6 – From the End of Enterprise Alignment to the Prioritization of Resources 

Start 

 

Parameter Value 

Maximum 206 

Minimum 0 

Mean 8.666667 

Mode 0 

Median 0 

Standard deviation 29.53753 

Variance 872.4659 

Range 0, 206 

Skewness 4.534838 

Kurtosis 23.52769 

1% 0 

5% 0 

25% 0 

50% 0 

75% 0 

95% 69.50 

99% 122.17 

Interquartile Range 0 

(1st Quartile) – (1.5 * IQR) 0 

(3rd Quartile) + (1.5 * IQR) 0 

 

 

The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 
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takes for this step to complete (or mean) is 9 days, while the median is 0 (half of the of 

the projects perform this step in 0 days). The standard deviation is relatively high 

(sd=30), which shows the presence of outliers in the sample (maximum duration is 206 

days), which also influences the mean (mean=9). 

 

Step 7 – From the Start of Prioritization of Resources to the End of Prioritization of 

Resources 

 

Parameter Value 

Maximum 308 

Minimum 0 

Mean 31.98851 

Mode 0 

Median 12 

Standard deviation 55.46201 

Variance 3076.035 

Range 0, 308 

Skewness 3.022464 

Kurtosis 10.13979 

1% 0 

5% 0 

25% 2 

50% 12 

75% 34.5 

95% 131 

99% 277.04 

Interquartile Range 32.5 

(1st Quartile) – (1.5 * IQR) -46.25 

(3rd Quartile) + (1.5 * IQR) 83.25 
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The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 32 days, while the median is 12 (half of the of 

the projects perform this step in less than two weeks). The standard deviation is relatively 

high (sd=55), which shows the presence of outliers in the sample (maximum duration is 

308 days), which also influences the mean (mean=32). 
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Step 8 – From the Prioritization of Resources End to the Start of Commit Resources 

 

Parameter Value 

Maximum 242 

Minimum 0 

Mean 5.551724 

Mode 0 

Median 0 

Standard deviation 31.7471 

Variance 1007.878 

Range 0, 242 

Skewness 6.313292 

Kurtosis 40.28907 

1% 0 

5% 0 

25% 0 

50% 0 

75% 0 

95% 6.1 

99% 178.36 

Interquartile Range 0 

(1st Quartile) – (1.5 * IQR) 0 

(3rd Quartile) + (1.5 * IQR) 0 

 
 

  The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 6 days, while the median is 0 (half of the of 
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the projects perform this step in 0 days). The standard deviation is relatively high 

(sd=32), which shows the presence of outliers in the sample (maximum duration is 242 

days), which also influences the mean (mean=6). 

Step 9 – From the Start of Commit Resources to the End of Commit Resources 

 

Parameter Value 

Maximum 77 

Minimum 0 

Mean 8.091954 

Mode 2 

Median 5 

Standard deviation 10.5606 

Variance 111.5263 

Range 0, 77 

Skewness 3.657147 

Kurtosis 19.14638 

1% 0 

5% 0 

25% 2 

50% 5 

75% 10 

95% 26 

99% 40.88 

Interquartile Range 8 

(1st Quartile) – (1.5 * IQR) -10 

(3rd Quartile) + (1.5 * IQR) 22 

 

 



 

96  

 The structure of the distribution is positively skewed, which means that the mass of 

the distribution is concentrated on the left side. The average number of days that it takes 

for this step to complete (or mean) is 8 days, while the median is 5 (half of the of the 

projects perform this step in 5 days). The standard deviation is relatively low (sd=11), 

which shows that there are not so many outliers in the sample (maximum duration is 77 

days). 

Step 10 – From the End of Commit Resources to the Start of Approval 

 

Parameter Value 

Maximum 366 

Minimum 0 

Mean 4.352941 

Mode 0 

Median 0 

Standard deviation 39.69548 

Variance 1575.731 

Range 0, 366 

Skewness 8.89508 

Kurtosis 78.05081 

1% 0 

5% 0 

25% 0 

50% 0 

75% 0 

95% 0 

99% 61.92 

Interquartile Range 0 

(1st Quartile) – (1.5 * IQR) 0 

(3rd Quartile) + (1.5 * IQR) 0 
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   The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 

takes for this step to complete (or mean) is 4 days, while the median is 0 (half of the of 

the projects perform this step in 0 days). The standard deviation is high (sd=37), which 

shows that there is one outlier in the sample (maximum duration is 366 days). 
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Step 11 – From the Start of Approval to the End of Approval 

 

Parameter Value 

Maximum 313 

Minimum 0 

Mean 19.49425 

Mode 0 

Median 0 

Standard deviation 64.64822 

Variance 4179.392 

Range 0, 313 

Skewness 3.574817 

Kurtosis 11.94495 

1% 0 

5% 0 

25% 0 

50% 0 

75% 0 

95% 136.10 

99% 305.26 

Interquartile Range 0 

(1st Quartile) – (1.5 * IQR) 0 

(3rd Quartile) + (1.5 * IQR) 0 

 

 

The structure of the distribution is positively skewed, which means that the mass 

of the distribution is concentrated on the left side. The average number of days that it 
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takes for this step to complete (or mean) is 19 days, while the median is 0 (half of the of 

the projects perform this step in 0 days). The standard deviation is relatively high 

(sd=65), which shows the presence of few outliers in the sample (maximum duration is 

313 days). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


