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ABSTRACT 

This dissertation contributes to a growing body of research on Project and Portfolio 

Management for the Information System’s LeAgile projects, which require continuous planning, 

delivery, and improvement. It introduces a Bayesian learning approach to continuously assess the 

performance of the LeAgile project and portfolio. The principle of Pasteur’s quadrant is used to 

realize a highly practical solution, which extends the existing wisdom on LeAgile continuous 

planning. Binomial and Exponential distributions are applied to respectively model the number of 

tasks completed and time to completion in LeAgile projects; the Bayesian learning technique is 

implemented to continuously update the models and the performance measures such as project 

baseline and reliability. The accuracy of the Bayesian approach is compared with the traditional 

approaches using real case SharePoint data. Specifically, the continuously predicted new baseline, 

reliability, and project performance at both project-level and portfolio level are compared among 

569 similar tasks of five projects. The results suggest that the evolving Bayesian baselines can 

generate a more realistic measure of performance than traditional static baselines. Similarly, 

Bayesian reliability estimation generated a more realistic metric to continuously plan and measure 

the performance of evolving LeAgile projects and portfolios. This research suggests accurate 

performance estimation can be achieved by continuous learning from immediately prior and 

continuous evolution of baselines. Furthermore, the continual learning approach considers the 

cumulative effect of all past experiences of each task to achieve continuous project reliability and 

performance prediction. This study provides a practical performance prediction tool for decision 

making, enabling LeAgile projects and portfolios to be better managed in the continuously 

changing environments of today. 
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LIST OF TERMS  

This section covers the definitions and acronyms of the complex or uncommon terms used in this 

research. The terms are described in the perspective of them being used specifically in this study. 

• OPM:  Organizational Project Management 

• PMO: Project Management Office 

• Project Systems: Combination of project related work orders, activities, project, programs, 

portfolio as one whole system. 

• IT or IS: Information Technology or Information System 

• Agile project: Project management approach to deliver project scopes in iterations.  

• Waterfall project: Traditional approach to deliver project at once at the end of the project 

life cycle. 

• LeAgile Project: Modern project management approach which uses agile for agility of 

delivery and lean for the continuous improvement. 

• LeAgile Portfolio: Combination of LeAgile tasks, work orders, activities, projects, 

programs for a specific business segment with specific strategic goal. 

• Reliability: Reliability of system or individual component/process is the degree by which 

system will succeed to perform a job in a given environment for a specific period of time. 

• Project Baseline: Project baseline is a range of measurement for success or failure. It is 

usually represented in limits (upper limit and lower limit).  

• Soft Computing: The computational approach to predict the future using present and past 

data. The prediction relies on the logical integration using probabilistic reasoning.
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CHAPTER I 

INTRODUCTION 

The modern project management environment has increased complexity and is 

transforming rapidly to adapt to the changes in the project environment (Moniruzzaman & 

Hossain, 2013). The increased demand for fast project delivery within the changing environment 

of IT projects has stretched complexity even further (Morcov et al., 2020). 

Traditional project management approaches like Waterfall used fixed cost, schedule, and 

scope to evaluate project qualities, as seen in the three solid arms iron triangle in Figure 1.1. 

Controlling these arms of the triangle was sufficient to measure the success or failure of the project. 

However, such a traditional controlling approach has failed to be incorporated into modern 

complex projects. These arms of the iron triangle are planned during the initiation and planning 

phases of the project; usually, a year before the project is formally executed. The project team then 

continues to report their progress based on the outdated project plans and baselines throughout the 

life of the project, in spite of the changes that happened since initiation (Aroonvatanaporn, Sinthop, 

& Boehm, 2010). In the presence of uncertainty in the project environment, the long-term plan and 

baselines are mostly inaccurate, either overestimated or underestimated.  
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Figure 1.1: Project iron triangle (Atkinson, 1999; Van Wyngaard et al., 2011) 

In order to maintain the quality of deliverables for larger enterprise projects with uncertain 

scope, budget and schedule, many approaches have been proposed and tested. One of those 

approaches is Lean-Agile (LeAgile) (Naylor et al., 1999). For projects with continuous and 

LeAgile delivery,  the solid iron triangle becomes dynamic (i.e., continually changing), as 

illustrated in Figure 1.2, and the learning of uncertainties happens throughout the life of the project 

and portfolio. As the learning happens from each cycle, the initially estimated baselines should be 

updated along with the prediction of project reliability, as shown in Figure 1.2. The iterative 

delivery of small scope occurs throughout the life of the project. Unlike traditional approaches, the 

baselines are not kept fixed, and quality is measured as the function of reliability.  
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Learning and Continuous Delivery

Learning

Scope

Schedule

Cost

Delivery 

(product scope)

Initial Baselines

Schedule, Scope, Cost, 

Quality...

Updated Baselines

Schedule, Scope, Cost, 

Reliability (Quality)...

Learning

Scope

Schedule

Cost

Updated Baselines

Schedule, Scope, Cost, 

Reliability (Quality)...

Delivery 

(product scope)

  

Figure 1.2: Learning and continuous delivery 

This research recommends measuring project success through reliability and continually 

update project baselines by learning from past experiences. Reliability has been recognized as a 

primary and one of the most critical measurements of a project. It unifies different project 

parameters (e.g., cost, schedule, scope and so on) and defines the relative project success measures. 

This study adheres to the statement that all the modern LeAgile type projects and their environment 

are dynamic in the presence of uncertainty. Onetime long-term planning and estimation, like in 

traditional approaches, can not provide accurate measures of a dynamic project, team, and portfolio 

performance.  
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Bayesian approach and reliability 

This research uses Bayesian learning and reliability to achieve continuous measurement of 

project performance. Unlike classical statistical analysis, Bayesian learning works effectively for 

the smaller sample size and uses the knowledge from the past to find the new best estimation.   

Bayesian works ideally for uncertain environments when changes are expected throughout the life 

cycle and allows continuous improvement by constantly updating the task and project baselines 

model. The Bayesian approach used in this research is described in more incredible details in the 

section “Proposed evolving baseline method” of chapter II and in the section “Bayesian learning 

approach” of chapter III.  

Agile projects and portfolio 

Agile projects are an iterative approach for incremental delivery of smaller pieces of 

products until a whole product is deployed. Agile projects support changes throughout the product 

development cycle. Each such project may contain multiple teams and allow them to self-organize. 

When agile projects are grouped, then the group is called a program. All the programs, projects, 

and tiniest work orders are collectively called a portfolio.  

Portfolio planning in the agile environment also must follow the agile values and principles 

to stay coherent with the downstream most minor agile processes and teams. Agile Portfolio 

planning and estimation are shared creation, where risks, resources, knowledge, responsibilities, 

and rewards are shared and owned by each group rather than just portfolio leaders. Portfolio 

management requires the continuous corporation to collaboratively realize the strategic corporate 

goals (Camarinha-Matos, 2005). Continuous cooperation can be impossible to maintain manually 
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for larger enterprises; thus, a computer-assisted soft computation is required.  It allows information 

sharing, tracking performance, and teams to particulate in one common platform.  

LeAgile project portfolio 

The Agile model delivers products or processes as its output in multiple increments by 

continually producing a final product's small features. In his book “Essential Scrum,” Kenneth 

quantified performance differences between waterfall and Agile Scrum models (Rubin, 2012). 

Undoubtedly, Agile Scrum is a superior model for certain types of projects than a traditional 

waterfall, but there are inherent limitations of this model. In Agile, learning from these small 

features must contribute to future deliveries; however, this is not always true in actual practice. 

Agile team members' personal experience and perceptions are widely used to estimate user story 

points and relevant tasks; they can be biased and highly inaccurate. If the estimations of project 

tasks and user stories are inaccurate, then the estimates for their parent portfolio will be wrong by 

multiple folds. The agile model uses the simplified bottom-up approach of planning; thus, the 

inaccurate estimation in the task level can exponentially reduce prediction accuracy at the portfolio 

level. The existing standard Agile approaches like Agile Scrum encourage waste removal, but it 

lacks learning, value addition and waste removal, and continuous improvement in practice. To 

better execute agility with lean thinking for continuous improvement, a newer model has recently 

emerged, called Lean-agile (“leagile”), also referred to as LeAgile. The “leagility” philosophy for 

manufacturing production (Naylor et al., 1999). LeAgile continued to spread into many sectors 

like healthcare, professional services, and most recently into the information system and software 

development domain. The LeAgile method applies lean management to reduce waste in the 

process and uses agile’s iterative strategy to support agility and faster delivery. In this model, lean 
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thinking contributes towards project process evolution, and agile focuses on agility and continuous 

delivery. As a result, portfolio and project management processes are also continuously improved 

though out the life of the project and portfolio. 

Research Problem 

One of the biggest problems of project management that challenge higher leadership is 

using the lesson learned efficiently from the historical knowledge base of similar prior efforts. The 

concept of Lean’s continuous improvement is standard in all project management models; 

however, the practicality of implementing lessons learned effectively for continuous improvement 

is non-existent in the real world (Morcov et al., 2020). This study addresses this problem and 

identifies the challenge as not just being uncertainty and complexity of the modern projects; 

instead, it is an inaccurate and outdated process of planning and estimating success.   

Continuous planning is required for such complex projects, where only the short-term 

predictions for the near future are made based on the learning from the recent past. It reduces the 

risk and constantly keeps the portfolio thriving even when constrained by complexity and 

uncertainty (Wang et al., 2012; Guan et al., 2014). However, it is unfortunate that the recent IT 

projects cannot use continuous planning to their full potential (De França et al., 2017). For modern 

projects, the only forms of continuous planning used are sprint iteration planning (originated from 

the agile approach) and software release planning (originated from the traditional waterfall 

approach) (Fitzgerald & Stol, 2014). A practical tool to enable the effective process of continuous 

learning and continuous waste removal (value addition) is still missing. It is also confirmed by the 

recent systematic literature review study by Morcov et al. (Morcov et al., 2020). This study finds- 

IT project complexity is constantly increasing, and there are no practical tools and models available 
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yet for managers to implement learning and achieve true project success (Morcov et al., 2020). 

Furthermore, even the recently published studies failed to provide a simple tool to measure success 

and implement learning continually. The existing relevant studies focused primarily on the 

identification of failure, risk, complexity, dos, and don’ts, but none of them addressed the stated 

challenges (De França et al., 2017; Shehzad et al., 2017; Hong et al., 2011; Cline, 2015; Wang et 

al., 2012; Suomalainen et al., 2015; Krancher et al., 2018).  

In summary, modern project & portfolio management communities greatly need practices 

to make project constantly successful, adapt to sudden changes, and strategically align to a 

business goal. Most importantly, this study identifies the following research problems as crucial 

challenges which must be addressed and resolved for modern LeAgile projects to be truly 

successful. 

1. Engineering managers (including project managers, leaders, and teams) need to redefine the 

success scale. The modern project requires continually evolving baselines to achieve 

continuous improvement, which is still missing in published studies.  

2. A practical performance measurement tool that allows continuous learning to estimate future 

performance accurately is still missing in the existing literature. Engineering managers will 

need such an estimation tool to help in reliable decision-making for project/portfolio success. 

Research Questions 

The main goal of the research is to provide a practical reliability tool, based on learning 

from prior task experience of LeAgile projects & portfolio, for effective strategic decision making. 

This dissertation begins by considering two preliminary fundamental questions concerning the 
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research problems stated above for LeAgile projects based on continuous learning from the prior 

performance: 

RQ1: How effective are continuously evolving baselines at improving the accuracy of project 

success estimates compared to traditional static baselines?  

Chapter II addresses this question by proposing a Bayesian framework to enable continuous 

learning from prior experience of each task. A quantitative comparison is made against the 

proposed continuously evolving baselines approach against the traditional static baselines 

approach.  

RQ2: How effective is continuous learning at improving the accuracy of the project 

performance forecast in LeAgile projects compared to traditional static models?  

Suppose continuously evolving baselines of RQ1 improve estimate accuracy. In that case, the 

research extends further by asking the second primary research question (RQ2) to understand if 

there is a possibility of generating a practical tool to establish learning and reliability. RQ2 is 

further broken down into three sub-questions to understand better project success and performance 

estimate for tasks, project, and the whole portfolio. 

Chapter III answers RQ2 and its sub-questions by comparing the proposed learning Bayesian approach 

against the two distinct types of traditional approaches. It supplies applied tools to accurately estimate 

task reliability, project reliability, Bayesian factors for effective decision making. 

RQ2.1: Success rate of task: will the continuous learning model provide a more accurate 

estimate of success rate for iterative tasks than traditional static model?  
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Iterative tasks learn with a certain probability from prior failure/success experience in LeAgile 

projects. With every failure/success event, a task’s parameters and distributions can be updated 

and measured against the traditional approach for accuracy.  

RQ2.2: Reliability of task: will the continuous learning model provide a more accurate 

estimate of reliability for iterative tasks than traditional static model?  

The task/success failure distributions of RQ2.1 can be incorporated to define the reliability of the 

task. Iterative task reliability is a posterior estimation of reliability based on the likelihood of 

failure/success and prior knowledge about the failure/success. 

RQ2.3: Reliability of the whole portfolio: will the continuous learning model provide a more 

accurate estimate of reliability for the whole LeAgile portfolio than traditional static model?  

A measure of success or failure of such LeAgile portfolio is directly related to the success or failure 

of each iterative task, deliverables, and team. The portfolio can inherit cumulative reliabilities of 

all tasks as its performance measure. 

Research Objective 

This study aims to establish the best possible solution that enables continuous improvement 

of LeAgile project system by incorporating learning and reliability. This research aims to furnish 

quantifiable reliability metrics as a most dependable aid for informed decision-making. The 

general solution objectives of this research are identified as:  

1. Incorporate continuous evolution of baselines, a dynamic scale for measurement based on 

learning from past experiences. 
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2. Incorporate reliability in LeAgile processes and governances. 

3. Empower IT engineering managers and teams to make accurate forecasts and reliable 

future decisions. 

4. Close the gaps in existing project portfolio management literature knowledgebase; gap 

regarding usage of prior knowledge and lesson learned into newer endeavors. 

5. The solution can be incorporated and used easily by most existing LeAgile projects, with 

limited to no loss of valuable resources & minimal changes in existing OPM standard 

processes.  

 Assumptions 

The research team is aware that the meaning of “success” changes with time, situation, 

project parameters, and internal/external influences.  The meaning of success, failure, task, and 

reliability is different for different projects and may differ for the same project if in a different 

timeline of execution. A list of the main assumptions used in this research are as follow:  

1. The project follows a defined project management standards from the LeAgile model to 

manage the project activities and tasks.  

2. All tasks are iterative and quantifiable. Each task is independent; that is, the success or 

failure of one task will not influence any other task.  

3. The project follows a work breakdown structure hierarchy, with the lowest level being task 

and the highest-level as project portfolio. Tasks roll up to create an activity package; 

activities packages roll to features; then scope; then projects; then programs to reach the 

last top stage as a project portfolio. 
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4. It is assumed that all organizations that manage project portfolios are computer systems 

users with utility tools to gather project metrics for evaluation and computation. 

Delimitations 

In this study, only LeAgile projects and portfolios with high uncertainty and complexity 

are considered. Traditional project delivery models like waterfall, spiral, standard agile, Agile 

SCRUM, Extreme-Programing & standard lean, standard Six-Sigma are out of scope for this study. 

However, this study shall add value to these traditional delivery models. Furthermore, many 

variations of agile delivery models are available, but only the LeAgile continuous delivery is 

considered throughout this study. 

This study uses a computational model, dependent extensively on the Bayesian framework. 

Other better computational models can generate even better results and paraments; the model other 

than the Bayesian framework is excluded from the study's scope.  

This research focuses solely on the reliability of portfolio & decision making in continuous 

project delivery & improvement environment- absolutely based on the Bayesian approximation of 

posterior. Although the research team has acknowledged many forms of reliability and their 

approaches, they are not considered part of the research scope and analysis.  

The study does not intend to cover behavioral and qualitative aspects of LeAgile projects 

and portfolios. 
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 Organization of the Remainder of the Study 

This manuscript is formatted as the article-based dissertation, an approved format for Ph.D. 

work at Texas Tech University. It presents two articles (chapter II and chapter III), both align with 

the central theme of this dissertation. The general introduction, common objective, and the 

problem is addressed and discussed in an introductory chapter (chapter I). A final concluding 

chapter (chapter IV) discusses the findings and summaries of both articles with the broader 

implications of this work. The organization of the remainder of chapters takes this form: chapter 

II (first article), chapter III (second article), and chapter IV (General Research Summary). 

Chapter II 

Chapter II provides the Bayesian approach for learning from immediately prior experience 

to establish an evolving baseline for performance estimation (Chhetri & Dongping, 2020).  The 

proposed evolving Bayesian baselines are found to generate a more realistic performance measure 

than traditional baselines, enabling LeAgile projects and portfolios to be better managed in the 

continuously changing project environments. 

Chapter II is subdivided into article-specific sections: introduction, literature review, 

methodology, results and analysis, conclusion, discussion, the implication of the study, and 

limitations and further research.  

Chapter III 

Chapter II proposes a Bayesian learning approach for continuous planning of complex 

LeAgile project portfolios. It provides practical tools to integrate reliability and learning. 
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Furthermore, a quantitative comparison of the proposed approach is made against the other two 

traditional models.  

Chapter II is subdivided into article-specific sections: abstract, introduction (literature 

review), methods, research data, assumptions, results, discussion, conclusion, and limitations and 

future recommendations.  

 

Chapter IV 

Chapter IV presents the general discussion and conclusions drawn from both articles 

(chapter II and chapter III). It provides broader insights into the implication and results of the 

whole research study itself. General analysis, validity, testing of the problem statement, research 

questions, and solutions are discussed in greater detail. It ends with the general limitations of the 

research and recommendations for further research. 
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CHAPTER II 

CONTINUAL LEARNING WITH A BAYESIAN APPROACH FOR 

EVOLVING THE BASELINES OF A LEAGILE PROJECT PORTFOLIO 

Abstract 

This article introduces a Bayesian learning approach for planning continuously evolving 

LeAgile project and portfolio baselines. Unlike the traditional project management approach, 

which uses static project baselines, the approach proposed in this study suggests learning from 

immediately prior experience to establish an evolving baseline for performance estimation. The 

principle of Pasteur’s quadrant is used to realize a highly practical solution, which extends the 

existing wisdom on LeAgile continuous planning. This study compares the accuracy of the 

proposed Bayesian approach with the traditional approach using real data. The results suggest that 

the evolving Bayesian baselines can generate a more realistic measure of performance than 

traditional baselines, enabling LeAgile projects and portfolios to be better managed in the 

continuously changing environments of today. 

 

Keywords 

LeAgile Project Portfolio; Evolving Bayesian Baselines; Continuous Planning/learning; 

Performance Measurement; Decision Making 
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Introduction 

Today’s project management environment is much more dynamic and complicated than it 

has been in the past few decades. These days, organizations often need to continually change their 

product requirements to adapt to changes in the project environment (Moniruzzaman & Hossain, 

2013). Furthermore, the increased demand for fast project delivery with changing conditions has 

underlined the necessity for project managers to look for better project management solutions and 

resources. 

According to a report on the talent gap for the years 2017–2027 published by the Project 

Management Institute (PMI), by 2027, for the 11 countries analyzed, employers will need 87.7 

million individuals working in project management-oriented roles (PMI, 2013). This surge in 

demand for employees could result in a $207.9 billion loss globally. Moreover, the effectiveness 

of project management execution is rapidly decreasing (Bloch et al., 2012). The 2018 CHAOS 

Report found that only 14% of projects completed in 2017 were genuinely successful; the 

remaining 86% accounted for challenged or failed projects (The Standish Group, 2018).  

McKinsey and Company reported that 17% of large information technology (IT) projects with 

project budgets over $15M go extremely wrong, threatening the existence of the whole company 

(Bloch et al., 2012). Project complexity negatively impacts project success, and the percentage of 

projects with high complexity rose from 35% in 2013 to 41% in 2018 (PMI, 2018). Increasing 

project complexity poses significant challenges in assessing project performance. Continually 

evolving projects and portfolios require an evolving scale of measurement to accurately identity 

failures and successes. It is certain that the project management world will experience an increase 
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in the complexity of IT projects, where traditional tools and models like the waterfall model will 

not be sufficient to measure the performance of modern dynamic projects (De França et al., 2017). 

The published studies discussed in this article (refer to next literature review section) 

mainly focused on the growth of project complexity and the negative impact of massive project 

failures, risk factors, and success criteria; however, none of them explored whether the scale of the 

performance measures used in the current project management industry was effective for modern 

projects. The aim of this study is to establish a new straightforward tool (refer to the proposed 

evolving baseline method section) for managers that will allow them to measure LeAgile project 

and portfolio performance with respect to dynamic and evolving baselines. Specifically, a 

statistical model is developed (refer to methodology section) to assess the evolving baselines of 

LeAgile projects by incorporating continual learning from immediate past performance (refer to 

results and analysis section). This will facilitate the adoption of LeAgile project management in a 

broader range of projects (refer to the implication of the study section), improving their 

management and chances of success. 

The paper (chapter II) is organized as follows. Section 2 reviews the existing work in 

project/portfolio management; continuous planning delivery improvement; comparisons of 

LeAgile, Scrum, and plan-driven approaches; and existing project management challenges. 

Section 3 describes the methodology of this study and the SharePoint optimization data used for 

the evaluation. The methodology outlines the Bayesian continual learning framework and a 

comparison study to validate the proposed model against the traditional plan-driven model. Section 

4 presents the results of this study. Section 5 provides the conclusions and limitations of the current 

study as well as recommendations for future studies.  
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Literature review 

This section presents the findings from related research and case studies to expand our 

current perceptions about project and portfolio management processes. It begins with traditional 

plan-driven approaches and the agile delivery model, then explains the latest LeAgile continuous 

planning and delivery process. 

Project management approaches and challenges 

Theories and concepts about project management are ancient and have been rooted deep in 

all cultures from the stone age to the modern age. Project management has only become a formal 

discipline for delivering and managing novel ideas comparatively recently. As defined by the PMI, 

a project is a unique endeavor that delivers a new or enhanced but always unique solution (PMI, 

2018). It must always have a definitive start and end dates, and is a combination of quality, risk, 

procurement, time, cost, schedule, resource management, and most importantly, scope, integration, 

and the communication of management disciplines (PMI, 2018). 

Project and portfolio management processes have improved since their inception; however, 

their failure rate has not decreased (Iriarte & Bayona, 2020). KPMG (Klynveld Peat Marwick 

Goerdeler) International Limited conducted a survey in New Zealand on projects managed in 2010 

and 2012. It found an unexpected increase in project failure rates in 2012 when compared with the 

2010 survey data (KPMG, 2013). Similarly, the PMI analyzed their project performance in 2015 

and found only 64% of the projects met their goals; the failed projects either had scope creep or 

simply could not survive (PMI, 2015). The report recommended the use of lessons learned to 

improve the project success rate. Furthermore, the 2013 CHAOS Report found a similar result, 
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where only 39% of the projects succeeded (The Standish Group, 2013). The 2014 CHAOS Report 

further found that the rate of success—on-time and on-budget— was only 9% (The Standish 

Group, 2014). Similarly, a study was conducted to understand the confidence level of project 

managers regarding project success (Geneca, 2011). It suggested that about 75% of managers lack 

confidence that their projects will be successful in the end. Most respondents claimed that the 

uncertainty associated with success criteria makes it difficult to deliver to expectations consistently 

(Geneca, 2011; Bezdrob et al., 2020). A recent study (Özturan et al., 2019) confirms this fact that 

the larger sized projects are extremely complex; thus, the successful completion rate of such larger 

projects is much lower than smaller projects. Basit et al. looked into why projects are failing a lot 

more than past within recently published 33 relevant studies and found the top three reasons for 

in-house projects as “overrun budget & resources”, “unrealistic estimated schedule,” and 

“technical complexity” (Shehzad et al., 2017). It is known that the complexity always increases 

with uncertainty (Dikmen et al., 2020) and demand for faster software development (Hong et al., 

2011) are creating unrealistic schedules. These studies leave us with the conclusion that project 

performance measurement is changing over time (Fadaki et al., 2020); the way we define and 

measure project success in a complex environment may be outdated (Shehzad et al., 2017; Iriarte 

& Bayona, 2020; Bezdrob et al., 2020) and a change is required to establish a common language 

for success (Pinto & Mantel, 1990; Morcov et al., 2020).  

Traditional plan-driven approaches like waterfall models are falling short in delivering the 

right product in the modern environment, especially when the project idea is extremely new, and 

the execution happens in an uncertain and complex environment. A plan-driven approach estimates 

everything during the early phases and the baselines (boundaries) are defined by fixed project plans 

(Pinto & Morris, 2004). Such an approach cannot learn and improve continually based on recent 
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executed events. As a replacement for the traditional approach, multiple types of agile and lean 

models are emerging to provide better solutions. One of the most famous agile delivery models is 

scrum. Schwaber was the first known scholar with several publications to support agile scrum as 

a new iterative and complex adoptive system to deliver pieces of the product in iterations with 

minimal upfront architecture design and planning effort (Schwaber, 1997; Schwaber & Beedle, 

2002; Schwaber, 2004; Schwaber & Sutherland, 2017; Cline, 2015). It was reported that waterfall 

requires ten times more effort than scrum, whereas the velocity of scrum is seven times faster than 

waterfall, and the customer satisfaction of scrum is significantly better than waterfall (Rubin, 

2012). Agile itself has improved in diverse ways in the last two decades. The disciplined agile 

delivery (DAD) model has gained fame in the last few years. DAD is a people-first agile 

framework that is specifically generated by picking the best elements of other Agile models like 

XP, Scrum, and Kanban (Ambler & Lines, 2012). Disciplined Agile (DA) became so popular after 

2012 that the PMI recently adopted it with four new different certification programs. The DA 

Toolkit supports continuous improvement and scalability while allowing team members to choose 

their way of working (WoW) (Ambler & Lines, 2020). 

A continuous process of learning and improvement is required to sustain competitive 

advantages and thrive in rapidly changing market conditions (Al-Baik & Miller, 2016). It is not an 

overnight process; continuous improvement, also popularly known as Kaizen, and the process of 

waste removal for value addition, a Lean approach, cannot be achieved immediately. It is a 

continually evolving process (Al-Baik & Miller, 2016). Traditional plan-driven and standard agile 

models still cannot comprehend the possibility of system evolution for a set of complex projects. 

It requires system thinking, which enables all three aspects: Kaizen, Lean, and Agility, like the 

LeAgile delivery model. 
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Evolving LeAgile project portfolio baselines 

To incorporate lean strategies in agile projects, a new version of the project delivery model 

has emerged Lean-agile (leagile), as referred as LeAgile. In 1999, Naylor et al. proposed the 

leagility philosophy for manufacturing production (Naylor et al., 1999). Later, the LeAgile idea 

continued to evolve into many sectors like healthcare, professional services, and most importantly, 

into software development. (De França et al., 2017; Naylor et al., 1999; Mishra et al., 2018; 

Rahimnia & Moghadasian, 2010; Kasims, 2018; Rodríguez et al., 2012; Wang et al., 2012; 

Suomalainen et al., 2015). The LeAgile method applies lean management to reduce waste in the 

process and uses agile’s iterative strategy to support agility and faster delivery. In this model, lean 

thinking contributes towards project process evolution, and agile focuses on agility and continuous 

delivery. As a result, portfolio and project management processes are also continuously improved 

in the LeAgile model. 

To transform the complexity of modern projects, LeAgile requires continuous planning 

and efficient decision-making strategies. In general, existing agile and LeAgile approaches invest 

in minimal upfront architecture design and planning; project teams are expected to deliver faster 

on “not-all-known” scope in smaller packages (Schwaber & Beedle, 2002; Cline, 2015). In his 

book (Cline, 2015), Cline argues against the agile teams’ mindsets of “no-up-front-anything” and 

“learning upfront is a waste of time.” He suggests that minimal necessary planning and learning 

are required to deliver a product as expected by business versus no planning at all. In the software 

development domain, where projects are managed in a dynamic and complex environment, current 

versions of agile and LeAgile models are incapable of continually planning for the immediate 

future (Kasims, 2018; Rodríguez et al., 2012). One of the reasons is that these models have not 
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been extensively used in software development, and another is that the technology of software 

itself is advancing faster than the software development life cycle. These existing project delivery 

models cannot efficiently address the evolving baselines needed to seek accurate performance 

measurements for the continuous planning of large project portfolios. 

The standard portfolio management is defined as the coordinated management of 

interrelated projects by which an organization evaluates, selects, prioritizes, and allocates its 

limited resources to accomplish the best organizational strategies (PMI, 2017). One of the critical 

steps in this process is portfolio prioritization based on project baseline measurements, which is 

prone to extreme missteps because of the complexities involved in decision making during project 

selection and project task allocation (Archer & Ghasemzadeh, 1999). The traditional plan-driven 

approach uses a fixed portfolio baseline, which is created during the planning phase and stays fixed 

until the end of the project (Sweetman & Conboy, 2018). By contrast, the LeAgile model has a 

dynamic baseline that evolves over time (Sweetman & Conboy, 2018). Figure 2.1 illustrates a 

portfolio with four plan-driven projects and two LeAgile projects. Plan-driven projects have 

straight lines, representing the fact that there is no change in the baselines. By contrast, LeAgile 

projects have dynamic baselines that constantly shift. In reality, the measurement of success in a 

complex and dynamic environment should follow evolving baselines rather than the fixed 

baselines of the plan-driven approach. Besides, a study by Fadaki et al. found that if both leanness 

and agility equally embedded in system and continually evolved, then the higher performance is 

achievable (Fadaki et al., 2020). 

 



Texas Tech University, Sagar Chhetri, May 2021 

 

22 

 

 

Figure 2.1: Portfolio baselines for plan-driven projects and LeAgile projects 

 

Similarly, the study (Archer & Ghasemzadeh, 1999) proposed an IT portfolio management 

process framework, which references the concept of continually self-organizing portfolios based 

on learning from the analysis, screening, continuous optimization, and adjustment of the portfolio 

to achieve evolution and success. In a rapidly changing environment, a portfolio becomes 

exceptionally complex. The plans and strategies will not work if they stay static throughout the 

life of the portfolio; instead, they should continually evolve with the experience gained from recent 

past events (Archer & Ghasemzadeh, 1999). Continuous planning and improvement are crucial in 

keeping the portfolio alive (reduced risk) given modern complexity (Wang et al., 2012; Guan et 

al., 2014). 

In the IT project management context, according to Fitzgerald and Stol (Fitzgerald & Stol, 

2014), the only forms of continuous planning used are sprint iteration planning, developed from 

the agile approach, and software release planning. Continuous planning has not yet become 
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widespread throughout all organizations, especially in the context of software development (De 

França et al., 2017). In addition, a mindset to achieving consistent success has not been established. 

Only 2.5% of companies complete their projects successfully (PWC, 2014). Consistently 

delivering successful projects is the key to the genuine success of a business (Cooke-Davies, 

2002). Consistent success requires: i) direct “line-of-sight” feedback on project progress; and ii) 

incorporation of “learning from experience” for the continuous improvement of project 

management processes and practices (Cooke-Davies, 2002; Rahimnia & Moghadasian, 2010, pp. 

106-109). 

In modern project management practice, it has become critical to establish a learning 

system that incorporates lessons from failures with immediate adaptation to sudden changes while 

maintaining the transparency of knowledge throughout multiple project teams to strategic portfolio 

leaders (Cooke-Davies, 2002; Sommer, 2004; Discenza & Forman, 2007). Furthermore, the 

recently published CHAOS Report introduces a new definition of project success called “pure 

success.” Pure success is the successful delivery of high customer satisfaction and the generation 

of a high return on value to the organization (The Standish Group, 2018). Classic success is the 

completion of the project on-time and on-budget based on predefined baselines and quality. The 

report compared pure success with the classic definition of success and found drastic changes in 

the rates of reported success (The Standish Group, 2018). When the new definition of success is 

used, the project success rate decreased to 14% from 36%, and the challenged project rate 

increased from 45% to 67% (The Standish Group, 2018). This report reveals that the traditional 

approach of estimating the performance and baselines produces inconsistent and inaccurate results 

for modern projects. To achieve pure success, the management team needs to continuously learn 

from executed tasks and change their product requirements to adapt to changes in the project 
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environment. Pure success requires lean process improvement and learning. Few recent studies 

used computer-assisted algorithms to establish learning in a project, like learning and feedback 

loop system (Krancher et al., 2018), work package size optimization for value improvement (Li & 

Hall, 2019), Bayesian approach for portfolio risk identification and reduction (Guan et al., 2014; 

Ghasemi et al., 2018), Bayesian approach for traditional waterfall-type earned value planning 

(Caron et al., 2013) and modeling uncertainty (Dikmen et al., 2020). The existing studies for 

success of LeAgile project system mainly focused on the risk factors, continuous improvement 

factors, complexity aspects, pros and cons, definitions, acceptance of agile or lean, and causes of 

failures (De França et al., 2017; Shehzad et al., 2017; Hong et al., 2011; Cline, 2015; Wang et al., 

2012; Suomalainen et al., 2015; Krancher et al., 2018). However, we found no study which 

provided a practical and convenient solution for engineering managers on the implementation of 

learning to reduce these challenges and complexities. This finding supports systematic literature 

review study by Stefan et al., suggesting IT project complexity is increasing and there are no 

practical tools and models available yet for managers to achieve true project success (Morcov et 

al., 2020). 

This article argues that the increase of failure in a large complex project is not just because 

of the task performance; rather, it is because of the static scale used to measure the tasks. The scale 

should increase or decrease based on the recent experience of prior tasks. To address these 

challenges, this study supplies a simplistic learning tool to measure the performance of modern 

projects. Specifically, the objective of this study is to seek a more accurate estimation of project 

baselines against which iterative tasks can be measured in a dynamic environment based on 

continual learning from prior experience. 
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The study moreover aims to answer whether the evolving baseline provides a better 

performance measurement scale than the static baseline of the traditional plan-driven approach. A 

likelihood ratio test and Bayesian model is developed (next section) for the continuous estimation 

of evolving project baselines based on learning from recent past performance. 

Methodology 

This study is one of the first efforts to establish a practical performance measurement using 

the Bayesian continual learning approach for LeAgile portfolio management. This article focuses 

on the actual process improvement for a whole portfolio using the project-level tasks’ experience. 

The proposed framework provides a simple formula to achieve learning and reduce uncertainty. 

This study follows the principle of Pasteur’s quadrant from systems engineering (Figure 2.2) to 

both enhance project management knowledge and realize the immediate use of Bayesian 

continuous learning (Stokes, 1997). Furthermore, the likelihood ratio test is performed to compare 

the accuracy of the proposed model against a traditional model (refer to section comparison of 

approaches). 

Pasteur’s quadrant was named after Louis Pasteur, whose work exemplifies both 

advancements in wisdom on the subject matter and results with high social benefits by making 

them immediately available for use. 
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Figure 2.2: Pasteur’s quadrant 

The static baseline approach in project management is an example of the Edison quadrant, 

which has high immediate usability but little improvement in knowledge, as presented by the 

bottom right block of Figure 2.2. Our proposed evolving baseline approach incorporates both the 

immediate applicability and improvement in knowledge located in the top right block of Figure 

2.2. Specifically, Bayesian theory is used in our approach to estimate the evolving baseline by 

continually measuring the performance of executed tasks and predicting the confidence bounds of 

the baseline based on the newly learned posterior distributions. Figure 2.3 provides an overview 

of this study, which illustrates the proposed Bayesian evolving baseline approach, the traditional 

static baseline approach, and their comparisons to choose the model with the best performance. 

This section is further divided into three subsections—the first subsection presents the 

details of the process flow and steps taken during analysis. The second subsection develops the 

proposed evolving baseline approach further by mathematically describing how the evolving 
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baseline is generated from learning and Bayes rule. The third subsection presents a brief 

description of the traditional baseline approach used for comparison. 

Methodology flow steps 

In a traditional static baseline approach, the project team uses the historical lessons learned 

from past projects or make a rough order-of-magnitude estimation to establish baselines (e.g., 

mean, upper, and lower bounds of the probability of task failure) for future measurement. The 

baselines are often determined during the initiation and planning phases; they are then used 

throughout the entire life of the project. 

For the traditional static baseline approach, as seen in the left section of Figure 2.3, the 

same POC baseline is used until the end of project life to measure performance. By contrast, in the 

proposed approach, the right section of Figure 2.3 continually updates its as soon as new learning 

occurs. In each measurement iteration, the count of failed tasks and total tasks from the completed 

bucket is grabbed and passed instantly to the Bayesian model. Measurement iteration in this article 

is defined as the cycle of measurements done for the completed tasks. It is not the same as the 

terms “iteration” or “sprint”, which are used in adaptive models and agile scrum. A new event 

means a task or a set of similar jobs have been completed at a certain rate of success or failure 

when a measurement is collected. 
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Figure 2.3: Methodology: comparison of static and evolving baselines 

In the last step of this study, we compare the traditional static baseline approach and the 

new Bayesian evolving baseline approach to identify the best performing model (refer to gray 

blocks in Figure 2.3 and section comparison of approaches). A baseline is often described by its 

mean and confidence bounds. The baselines generated by both approaches are compared with each 

other to evaluate their usability and accuracy. The model with the most realistic baseline is chosen 

as the best performing model. 

Bayesia

n model 
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Proposed evolving baseline method 

The iterative nature of tasks and activities in a LeAgile type model creates the possibility 

of qualitative measurements of the smallest tasks or activities. Furthermore, quantifying task 

scope/deliverables depends on the approach to the work breakdown structure (WBS) (Ghane, 

2014). It is practically impossible to implement continuous improvement without a quantifiable 

work package or task (Ghane, 2014). In project management, a “rule of thumb” for task estimation 

is the “80-hour” rule: it suggests decomposing the whole project scope until task size reaches 80 

hours per deliverable. It helps in determining when to stop dividing deliverables into smaller 

elements. It is also followed in an agile scrum, where the standard sprint size is two weeks long. 

This study uses data with the “80-hour” rule to quantify the task as a failure or success (refer to 

the section on research data for details). This study uses success and failure probabilities to 

measure the performance of tasks and projects. A Bayesian model is used to derive the evolving 

baselines; the equations and computational steps are described in detail here. 

As shown in Figure 2.3, the Bayesian model combines the lessons from the new events and 

past knowledge to continually predict the new posterior parameters, which provides an updated 

and more accurate estimation of the baseline parameters such as average success and/or failure 

probabilities as well as their upper and lower bounds. The posterior parameters also become prior 

parameters (past knowledge) for future measurement iterations. The mathematical details are 

described as follows. 

Each task can either succeed or fail, which can be considered a Bernoulli trial. Therefore, 

the probability 𝑃(𝑥) of observing 𝑥  failures in 𝑛  tasks can be obtained from the binomial 

distribution as 
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𝑃(𝑥) =   (𝑛
𝑥

)𝑝𝑥(1 − 𝑝)𝑛−𝑥  (1) 

where 𝑝 is the probability of failure per task. For complex projects/portfolios in a dynamic 

environment, the failure probability of each task may change as the projects develop. The failure 

rate may depend on shifts in market conditions, technological advancements, legal requirements, 

project environment, and resources. Therefore, it is crucial to continuously update the failure 

probability 𝑝  based on learning from the immediate past. This can be achieved through the 

Bayesian learning algorithm described below. 

In the Bayesian framework, priors 𝑔(𝑝) and likelihood 𝐿(𝑥|𝑝) function are required to 

compute the posterior 𝑔(𝑝|𝑥)as follows:  

Posterior 𝑔(𝑝|𝑥) ~ Likelihood 𝐿(𝑥|𝑝) * Prior 𝑔(𝑝) (2) 

where symbol “~” represents “directly proportional to” and the likelihood of observing 𝑥 

failure from 𝑛 tasks can be calculated using the binomial distribution as 

𝐿(𝑥|𝑝) =  (𝑛
𝑥

)𝑝𝑥(1 − 𝑝)𝑛−𝑥 , where 𝑥 = 0,1,2, … 𝑛 (3) 

For binomial likelihood, a natural choice of the prior for failure probability 𝑝 is the beta 

distribution (Tobias & Trindade, 2011), where the prior (beta distribution) probability density 

function (PDF) ) 𝑔(𝑝) with shape parameters 𝛼, 𝛽  > 0 is given as 

𝑔(𝑝) =  
𝑝𝛼−1(1−𝑝)𝛽−1

𝐵(𝛼,𝛽)
   (4) 

where 
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𝐵(𝛼, 𝛽) =  
𝛤(𝛼)𝛤(𝛽)

𝛤(𝛼+𝛽)
 ~ 

(𝛼−1)!(𝛽−1)!

(𝛼+𝛽−1)!
   

Further, using Equation (2), the posterior distribution of 𝑝  can be derived as follows 

(Tobias & Trindade, 2011): 

𝑔(𝑝|𝑥)~  
𝑝𝛼+𝑥−1(1−𝑝)𝛽+𝑛−𝑥−1

𝐵(𝛼+𝑥,𝛽+𝑛−𝑥)
  (5) 

The posterior distribution of failure probability 𝑝 also follows a beta distribution with 

parameters 𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 and 𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟  

𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟  ~  𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑥  (6) 

𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟~ 𝛽𝑝𝑟𝑖𝑜𝑟 + 𝑛 − 𝑥.   (7) 

where 𝛼𝑝𝑟𝑖𝑜𝑟  and 𝛽𝑝𝑟𝑖𝑜𝑟  are the prior parameters 𝛼  and 𝛽  in Equations (4)–(5). The 

posterior beta distribution can then be used to estimate the baseline measurement, i.e., the failure 

probability and confidence bounds. Specifically, the following formulas can be used to estimate 

the baseline parameters. 

The mean of the posterior beta distribution (i.e., the mean failure probability) can be 

computed using (Tobias & Trindade, 2011, pp. 530): 

𝑚(𝑝) =  
𝛼𝑝𝑟𝑖𝑜𝑟+𝑥 

𝛼𝑝𝑟𝑖𝑜𝑟+ 𝛽𝑝𝑟𝑖𝑜𝑟+𝑛
  (8) 

The credibility interval of the failure probability (𝑝) at 90% credibility can be calculated 

using the following equations (Tobias & Trindade, 2011, pp. 530): 
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Lower Credibility Interval: LCI =𝐵𝐸𝑇𝐴𝐼𝑁𝑉(0.05,   𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑥 , 𝛽𝑝𝑟𝑖𝑜𝑟 + 𝑛 − 𝑥 )          (9) 

Upper Credibility Interval: UCI= 𝐵𝐸𝑇𝐴𝐼𝑁𝑉(0.95,   𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑥 , 𝛽𝑝𝑟𝑖𝑜𝑟 + 𝑛 − 𝑥 )        (10) 

where BETAINV is the inverse of the beta distribution. The posterior parameters are passed 

to the next iteration as new priors to continuously update the beta distribution of failure probability 

for baseline estimation. The proposed model offers a continually evolving baseline based on newly 

learned information as compared to the static baseline approach where the baseline measurements 

stay constant throughout the project lifetime. 

Traditional static baseline method 

In the traditional static baseline approach, the binomial distribution (Equation (1)) is used 

to calculate the POC baseline. Similar to the Bayesian approach where a 90% credibility interval 

is used, for the traditional approach we also used a 90% confidence interval. The upper and lower 

bounds of failure probability (𝑝) at the confidence level 90%, given 𝑥 failures in the 𝑛 total tasks, 

can be calculated using the beta distribution as (Tobias & Trindade, 2011). 

Lower bound: BETAINV(0.05, 𝑥, 𝑛 −  𝑥 +  1)  

Upper bound: BETAINV(0.95, 𝑥 +  1, 𝑛 −  𝑥)  

The POC baseline is static throughout the life of the project. 

Research data 

We used real case data from the ABC Health Care company for our “SharePoint 

optimization (SO)” portfolio. “ABC” is not a real name as the company wishes to stay anonymous. 
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The main goal of the SO effort was to optimize the usage of SharePoint by incorporating continual 

learning from the performance of each SO task. The SO effort was initiated because of a sudden 

increase in the chargeback of the SharePoint service, which increased from $67 per Gigabyte (GB) 

in 2016 to $85 per GB in 2020. The business case for this SO portfolio was to realize a direct 

benefit of $19.28 M within two years. 

Furthermore, the SO effort focused on establishing a self-learning process to continually 

optimize the performance of all SharePoint accounts. Six weeks of data were gathered for the first 

“outreach” phase of the SO effort. It included 3,113 SharePoint accounts with at least two site 

control admins and multiple site business owners. The SO portfolio followed a continuous delivery 

model with LeAgile strategies for process optimization. All SharePoint tasks of projects 

continually moved from the “to-do” bucket to “in-progress” and then to the outreach “completed” 

bucket. 

Each task was associated with each SharePoint account and was completed independently 

by different site control admins and site business owners from a different department. Each task 

contained 17 questions to gather analytical data regarding the effective usage of the SharePoint 

account. The site control admins and site business owners had to run the few reports from their 

SharePoint dashboard to complete the task. The completed bucket contained all the project tasks 

completed successfully, and the failed tasks stayed in the in-progress bucket until they were fixed. 

We counted the task as failed if the task exceeded the due date. The due date for each task was set 

to two weeks after generation. Successful tasks were color-coded green. The failed and challenged 

tasks were grouped together and marked red. The overall portfolio status was measured every two 

weeks and reported in strategic leadership meetings. A breakdown of the project tasks for each 
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measurement iteration is summarized in Table 1.1. A measurement iteration in this study is defined 

as a status-reporting cycle of the whole portfolio, a two-week cycle. 

Table 1.1: SO outreach data 

Measurement iterations  SO projects Challenged (red) Succeeded (green) 

Iteration 1 59 17 42 

Iteration 2 303 66 237 

Iteration 3 267 22 245 

The POC for process improvement and optimization was used before the start of the SO 

portfolio. Forty early adopters, who wanted to move to optimization as soon as possible, were 

engaged in the POC effort, which generated ten failed project tasks out of the 40 POC tasks, and 

this failure rate was used as the starting baseline for the whole project portfolio. 

Results and analysis 

Results for the traditional static baseline 

The traditional plan-driven approach uses a historical point of reference to estimate all the 

baselines during the inception of the project. The baseline stays fixed and is the only baseline used 

to measure the performance of future tasks for all measurement iterations. Baseline estimates in 

the traditional approach is given in Table 2.1 and Figure 2.4, where the point estimation and the 

confidence interval of the point estimation are calculated respectively and stay the same over 

several iterations. 

The point estimation of the failure probability of 0.25 is obtained, given that 10 out of 40 

tasks failed in the project portfolio. As explained in Section 3 (Equation (5)), POC effort predicts 
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that the estimated failure probability will fall within the lower confidence interval of 0.142 to the 

upper confidence interval of 0.387 at a 90% confidence level. The mean, lower, and upper bounds 

are presented in Figure 2.4 by solid, dashed, and dotted lines, respectively. 

Table 2.1: Traditional static baseline results 

Binomial distribution parameters Historical knowledge Iteration 1 Iteration 2 Iteration 3 

Point Estimate (Mean) 0.25 0.25 0.25 0.25 

Lower Conf. Interval 0.142 0.142 0.142 0.142 

Upper Conf. Interval 0.387 0.387 0.387 0.387 

 

 

Figure 2.4: Static baseline based on the POC effort. 

In a plan-driven approach, significant efforts are invested in controlling the baselines of 

project plans (Pinto & Morris, 2004). Changes in such models must usually go through a strict 
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change control process, which is not efficient in a dynamic LeAgile environment. By contrast, 

enterprise LeAgile projects and portfolios continue to adapt to the changes in requirements and the 

environment. For the LeAgile model, it is critical to continually update the baseline and measure 

the success and failure adaptively as the projects and portfolios progress. In the next section, we 

illustrate the proposed continual learning strategy to dynamically update the baseline after each 

iteration as new failure data become available. 

Results for the proposed evolving Bayesian baseline 

In the previous section, the POC identified the prior failure probability of a portfolio, i.e., 

on average, 10 out of 40 SO outreach tasks failed. This information was used in the Bayesian 

learning approach to update the posterior distribution of failure rate at each iteration. The posterior 

produces a new baseline, which can be used to measure the performance of future tasks. 

It is assumed that the initial failure probability from POC data (previous section) follows a 

beta distribution with parameters 𝛼𝑝𝑟𝑖𝑜𝑟 = 10 and 𝛽𝑝𝑟𝑖𝑜𝑟 = 30 before iteration 1 of Weeks 1 and 2. 

After iteration 1, failure data were collected (see Table 1.1), where 17 failures were observed out 

of a total of 59 SO targets. Following the equations given in Section 3, the posterior distribution 

of the failure probability 𝑝  can be obtained as a beta distribution with the shape and scale 

parameters calculated as follows: 

𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟  ~  𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑥 = 27 

𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟~ 𝛽𝑝𝑟𝑖𝑜𝑟 + 𝑛 − 𝑥 = 72 
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Here, 𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟  is 𝛼𝑝𝑟𝑖𝑜𝑟 increased by the number of observed failures 𝑥 and 𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 is 

𝛽𝑝𝑟𝑖𝑜𝑟 increased by the number of successes (𝑛 − 𝑥), as shown in Equations (6) and (7). Given 

the parameters of the posterior distribution of 𝑝, the average failure probability can be calculated 

using Equation (8) as follows: 

𝑚(𝑝) =  
𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑥 

𝛼𝑝𝑟𝑖𝑜𝑟 +  𝛽𝑝𝑟𝑖𝑜𝑟 + 𝑛
= 0.273 

Accordingly, the LCI and UCI at 90% confidence level are 

Lower Credibility Interval alpha=0.05 = 0.202 

Upper Credibility Interval alpha=0.95 = 0.349 

This procedure is repeated for multiple measurement iterations to update the baselines. As 

shown in Table 2.2, for each iteration, the posterior is updated, generating new Bayesian baselines 

for future tasks. 

Table 2.2: Predicted Bayesian posterior and beta parameter results 

Parameters Prior 

Posteriors 

Iteration 1 a Iteration 2 b Iteration 3 c 

𝛼 10 27 93 115 

𝛽 30 72 309 554 

𝑚(𝑝) 0.25 0.273  0.231 0.172 

LCI 
 

0.202 0.198 0.148 

UCI 
 

0.349 0.267 0.196 

 
a Weeks 1 and 2, where failed x=17, total n= 59 

b Weeks 3 and 4, failed x= 66, total n=303 
c Weeks 5 and 6, failed x=22, total n=267 
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Figure 2.5 shows the evolution of the baseline based on the information learned from each 

iteration (every two weeks). The lesson from Weeks 1 and 2 suggests an average failure probability 

of 0.273 with an LCI of 0.202 and a UCI of 0.349. The estimated credibility interval from Weeks 

1 and 2 will be used as the new baseline to measure the performance of Weeks 3 and 4. During 

Weeks 3 and 4, more tasks were assigned, and a few failures occurred; the mean reduced to 0.231 

with a credibility interval of (0.198, 0.267) at a 90% confidence level. The failure probability for 

Weeks 3 and 4, shown by the middle three lines in Figure 2.5, stayed below the upper bound of 

credibility interval predicted by Weeks 1 and 2. This means that Weeks 3 and 4 performed better 

than Weeks 1 and 2. Moreover, the gap between the UCI and LCI of Weeks 3 and 4 is smaller than 

that of Weeks 1 and 2, which is an indication of the improvement in task performance during 

Weeks 3 and 4. 

 

Figure 2.5: Evolving baselines using the Bayesian learning approach 
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Similarly, information learned from Weeks 3 and 4 creates a new baseline for Weeks 5 and 

6. The performance of the tasks for Weeks 5 and 6 is evaluated against the baseline from Weeks 3 

and 4, as shown in Table 2.2. The mean failure probability from Weeks 5 and 6 is estimated as 

0.172, which is also a sign of improvement in the performance during these Weeks when compared 

with the means and Credibility intervals of Weeks 3 and 4 and Weeks 1 and 2. Furthermore, the 

gap between the UCI and LCI has been reduced significantly in Weeks 5 and 6 when compared to 

those of prior iterations. 

When looking at the whole iteration sets, as presented in Figure 2.5, the mean failure 

probability continued to decrease, nearing 17% in the last iteration. The failure probability 

decreased continually, and the performance of the task increased iteration by iteration. Similarly, 

the width of the credibility intervals gap reduced with each new iteration. This confirms that the 

variations in task failure probability are decreasing, and that the task performance is becoming 

more consistent. 

 

Figure 2.6: Predicted PDF of the posterior distributions for each iteration result 
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Moreover, as the number of iterations increase, the PDF of the posterior distribution of the 

failure probability 𝑝  moves left and its tails PDF become thinner (Figure 2.6). The posterior 

distribution of iteration 3 has a peak centered at 0.17 with thinner tails than the posterior 

distributions of iterations 1 and 2. This again shows continuous growth towards a lower rate of 

failure and tighter confidence bounds. In simpler terms, iteration 3 predicts that the failure 

probability of iteration 4 will stay within 0.148 to 0.196 at a 90% confidence level. If the failure 

rate in the fourth future iteration goes above 0.196, then the project portfolio is considered to be 

challenged, in contrast to the traditional approach, where the portfolio would not be considered 

challenged until the failure rate reaches 0.387. 

The evolving baseline of the Bayesian approach showed a decrease in the posterior mean 

and a decrease in the spread between the upper and lower limits. This stands for the fact that with 

each iteration, the performance improves. That is, the failure rate (𝑝) decreasing as the effort count 

(𝑛) increases—a genuine intention of the LeAgile delivery model (Tobias & Trindade, 2011). 

Comparison of approaches 

The traditional plan-driven approach identifies a baseline during the start of the project, 

and the baseline stays static throughout all iterations (Table 2.1 and Figure 2.4). By contrast, the 

evolving baseline approach continues to predict new baselines for future measurement iterations. 

As an example, the experience of the second measurement iteration predicts the new baseline for 

the third iteration. The failure probability of the task for the third iteration is predicted to be within 

0.198 to 0.267 at a 90% confidence level. The task portfolio is considered to be challenged if the 

rate of actual task failure exceeds 0.267 in the third measurement iteration, versus the traditional 

approach where the task will not fail until the rate exceeds 0.387. As a result, the baselines evolved 
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using the proposed Bayesian model are more accurate and realistic than those of the traditional 

approach. 

A likelihood-ratio test (LRT) (Aho, 2013, pp. 511) was conducted to find a better model 

of evolving project baselines. During LRT, we compared the likelihood values of the traditional 

model against the proposed Bayesian model. The null hypothesis is defined as the performance of 

the Bayesian model is the same as the traditional model, and the alternative hypothesis is Bayesian 

model has better performance. The likelihood-ratio test statistic (LRT statistic) is calculated as  

−2 𝑙𝑜𝑔𝑒 (
L𝑡𝑟𝑎𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙

L𝐵𝑎𝑦𝑠𝑖𝑎𝑛
), where 𝐿𝑡𝑟𝑎𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙  is the likelihood values of the traditional model and 

𝐿𝐵𝑎𝑦𝑠𝑖𝑎𝑛 is the likelihood value of the Bayesian model. The LRT statistic is 5.919. This provides 

a significantly small p-value, 0.015. Reject the null hypothesis at 𝛼 = 0.05. The LRT test supports 

the fact that the Bayesian approach is a better model than the traditional model. 

The Bayesian approach provides a more accurate measurement of project and portfolio 

performance than the plan-driven method. The Bayesian approach responds quickly to changing 

project variables that can positively or negatively impact project performance. These variables can 

be changes in the team environment, market, resources, law/regulations, technology, weather, or 

the recent coronavirus impact. The confidence bounds of the evolving baseline can increase or 

decrease and move up or down based on learning from the immediate past, unlike the static 

baseline of the traditional approach, where the confidence bounds stay the same throughout the 

project lifetime. Continuous forecasting is much easier if managers can immediately get a new 

predicted baseline for future iterations. 
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Our proposed approach recommends the maintenance of only two parameters (𝛼, 𝛽) to 

estimate evolving baselines continually. Managing only two parameters simplifies the 

“applicability” of the proposed approach. The computation required to calculate the updated 

baseline is straightforward; anyone with Excel can use the built-in BETAINV function to obtain 

the posterior distribution, mean failure probability, and upper/lower confidence limits for new 

baselines. 

Conclusions 

It is evident in the project management world today that most organizations have moved 

towards agility and lean delivery models. Nevertheless, the leaders of project management offices 

and project managers are still trying to catch up with this trend. This transformation is rapid, and 

limited resources and tools are available to aid continuous planning and decision making. This 

article provided an applied framework (a Bayesian evolving baseline approach) for modern 

LeAgile projects. The analysis demonstrated the advantages of the proposed approach over the 

traditional static baseline approach using SO portfolio data. The LRT findings of this study suggest 

that the evolving Bayesian baseline is a more accurate and realistic scale for measuring the success 

or failure of a LeAgile project and portfolio than the traditional static baseline. The result suggests 

that the continuous evolution of baselines based on learning can better estimate task performance 

for future planning. The proposed model can be easily integrated into any existing LeAgile project 

for continuous decision making. Furthermore, it is applicable to any type of project delivery model 

as long as the tasks of the project can be measured in terms of success or failure; they are 

independent and very similar in nature. 
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Discussion 

Most complex enterprise projects are challenged more now than they were in the past few 

decades. The use of the outdated static baseline models to measure LeAgile project progress could 

be one of the reasons for the increase in project failures. The static baseline of the traditional plan-

driven model does not apply to all types of contemporary projects and portfolios, especially when 

there is a constant change in the project scope, budget, resources, and environment. It is a known 

fact that a static baseline does not account for the recent changes in the project environment. This 

study showed that the performance measurement of a static baseline produces suboptimal results 

for modern LeAgile projects, as continuous learning and improvement are not considered in the 

traditional approach. 

This article recommends the use of the Bayesian learning approach to estimate a 

continually evolving baseline and then use the learned baseline to measure success and reduce 

complexity. Our analysis found that the proposed evolving baseline provides more accurate 

performance predictions for the future effort of LeAgile projects/portfolios than the traditional 

static baseline. The evolving Bayesian baseline can closely capture the nature of project and 

portfolio progress despite the ever-changing project variables and environmental factors. The 

Bayesian learning-based evolving baseline approach can achieve both continuous learning and 

continuous planning in a joint framework for any LeAgile project portfolio. 

Implication of the study 

Learning from recent events has become a crucial element in complex projects with 

unknown project scope. Projects that follow the LeAgile model for continuous delivery can benefit 
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from the proposed strategy. This study developed a continual learning approach to estimate 

evolving baselines in a complex and dynamic project environment and proved that constant 

improvement is achievable through iterative learning. Evolving baselines generated from the 

continuously updated posterior predictions can incorporate “lines of sight” and “feedback loops” 

for a whole portfolio of LeAgile project systems. 

This article is not limited to the data (SO optimization tasks) and the LeAgile model we 

used for our research. The mathematical solution provided by this study can be used in all types 

of projects and their portfolio as long as they maintain measurable task performance metrics like 

any simple work order to a complex project system. It can be implemented practically in any 

project as long as the work packages or tasks are iterative, measurable, and independent. It can 

benefit project and portfolio models such as DevOps, microservices, and leagile, which require 

continuous planning, continuous improvement, and continuous delivery. Furthermore, this study 

opens a new avenue for machine learning and artificial intelligence technologies to be applied in 

the software project management field to optimize existing project management processes and 

performance measurement standards. 

In contrast to the static nature of the traditional approach, continual learning from recent 

experiences of proposed approach provides more accurate and reliable estimates of project and 

portfolio baselines. The continual learning from recent experiences is more recent and closely trails 

the changes in the project environment, thus reduces uncertainty. The justification for integrating 

Bayesian theory into project delivery models is that the Bayesian approach allows all possible 

subjective and objective input variables to be incorporated while producing quantifiable results. 

The outputs of the Bayesian model are measurable posterior metrics that are generated using 



Texas Tech University, Sagar Chhetri, May 2021 

 

45 

 

continuously updated inputs due to changes in environments, changes in project structures, and 

even unknown priors. The prediction becomes more accurate as it matures with new learning. The 

results are impactful, especially when the project environment and scope are dynamic, and the 

baselines continue to change. Hence, the major implications of the study are the following: 

• The study provides a straightforward and accurate tool for forecasting the performance of 

LeAgile projects and portfolios. 

• The study uses the binomial distribution, which is widely used in project management to 

measure task performance and status. 

• The evolving baseline approach is easy to use, and users with minimal statistical knowledge 

can implement it in LeAgile projects or portfolios. 

• The proposed tool can contribute to informing decision making and planning. For example, it 

will empower managers and leaders to obtain reliable estimations of the performance of in-

progress tasks/teams/projects and accurately plan upcoming projects in the portfolio pipeline. 

Limitations and further research 

This study was limited to LeAgile-type projects and portfolios. It used the binomial 

distribution to ensure the straightforward applicability of the evolving baselines in LeAgile project 

and portfolio. The binomial distribution can easily incorporate the most popular approach of task 

status reporting (task failure or success) to model task performance and predict future events. 

However, other models like the exponential or proportional hazards models could be used to 

describe failure mechanisms concerning project time, budget, and cost. Additional reliability 

models and measurements, such as survival models, hazard functions, and reliabilities, were not 

fully explored in this article. Future studies could incorporate such reliability models to predict 
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overall project portfolio system reliability. A comparison study can be done to identify the most 

accurate model with reliable performance estimates. 

As a final remark for future works, it is important to note that the task experience and 

learned performance estimates used in the article are highly quantitative. They must be quantifiable 

enough to be used easily in the proposed solution in order to make exceptionally reliable decisions. 

Future work may attempt to use a qualitative learning approach or deep machine learning approach 

in a hugely dynamic project to identify if evolving baselines perform better than static baselines. 
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CHAPTER III 

PROJECT PORTFOLIO RELIABILITY: A BAYESIAN APPROACH FOR 

LEAGILE PROJECT  

Abstract 

We propose an applied Bayesian learning approach for continuous planning and evolution 

of information system projects and portfolios. Unlike traditional information system project 

management approaches, the proposed approach considers the cumulative effect of all past 

experiences to achieve continuous performance and reliability prediction for information system 

projects. The results of quantitative comparisons with other common estimation approaches, such 

as non-learning point estimates and traditional Bayesian approach, using real case data indicate 

that the proposed approach can generate a more realistic metric to continuously plan and measure 

the performance of evolving LeAgile projects or portfolios. This study can support decision 

makers, engineering teams, and the management by supplying a practical and scalable project 

performance prediction tool for continuous planning and system evolution. 
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Introduction 

As noted by Budzier (2011), modern information system (IS) projects are massive in scope 

and influence, to the extent that potential failures can devastate entire corporations, cities, and even 

nations. Their global survey of 1,471 IS projects revealed that one in six projects showed a cost 

overrun of 200% on average and a schedule overrun of almost 70%. A $5,000,000 project can lead 

to a loss of almost $200,000,000; this is a classic “black swan” event (Budzier, 2011). This 

potential pitfall is a result of the minimal upfront planning efforts in modern software development 

life cycle (SDLC) models such as standard Agile and standard Lean. Another reason is that despite 

the minimal attempts to forecast complexity and plan for the future, engineering managers and 

project leaders expect their teams to deliver in an unknown scope continually and rapidly (Cline, 

2015; Schwaber & Beedle, 2002). Modern IS projects are usually unique endeavors with definitive 

start and end dates and often associated with unknowns, complexity, and uncertainty (PMI, 2017; 

Anantatmula, 2010). This study addresses a scarcely explored field in IS, particularly in uncertain 

and complex LeAgile projects/portfolios using double loop learning and Bayesian reliability. It 

aims to support engineering managers and leadership in highly accurate decision-making using a 

project performance prediction tool for continuous performance evaluation and evolution.  

Complexity is one of the main reasons for project failure and challenges (overruns); it is 

often caused by significant project size, conflicting goals, large budgets, and overambitious goals 

set by engineering managers and their sponsors (The Standish Group, 2015; Mirza & Ehsan, 2017; 

Dikmen et al., 2020; Xia & Lee, 2005) . This problem is evident in the recent Project Management 

Institute (PMI) report; the failure percentage of highly complex projects increased from 35% in 

2013 to 41% in 2018 (PMI, 2018). With increases in project size, complexity also increases, and 
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the likelihood of success falls significantly for longer projects, as noted by the Standish Group 

(2015). Their new Size-Complexity Matrix confirms that very complex projects have both the 

highest challenge rate (57%) and the highest failure rate (28%) when compared with less-

complicated projects in a project portfolio. The CHAOS report found that only 6% of the projects 

in FY 2011–2015 in the top-size category succeeded, 51% were challenged, and 43% failed 

entirely. These large projects had a considerably lower success rate at 6%, compared with 61% for 

small projects (The Standish Group, 2015). The recent 2018 CHAOS report found that only 14% 

of total projects in 2017 were genuinely successful; the remaining 86% accounted for challenged 

or failed projects (The Standish Group, 2018). The CHAOS report recommends “to improve 

success by breaking up large software projects into multiple small projects, with early delivery for 

success, quicker return on value, and greater customer and user satisfaction” (The Standish Group, 

2015). A recent study by Shehzad et al. (2017) focused on the reason for projects failing more 

often than those in the past and identified the actual failure and risk factors from multiple published 

studies. They identified 37 risks factors for inhouse IS projects from 33 relevant articles out of 

4507 different articles collected from different sources; the top three of the risk factors are overrun 

budget and resources, unrealistic estimated schedules, and technical complexity (Shehzad et al., 

2017). These three factors are interrelated. Complexity is known to always increase with 

uncertainty (Dikmen et al., 2020; Xia & Lee, 2005) and unrealistic demand for faster software 

development (Hong et al., 2011), thereby creating unrealistic schedules for modern projects.  To 

minimize the involved risk, engineering managers persist to increase the number of resources that 

make projects overrun their budget quickly. This has been confirmed in another study (Mirza & 

Ehsan, 2017); the results showed that projects with higher complexity tend to have larger cost or 

schedule overruns. The need for formalizing the process of evaluating project success and failure 
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has increased for complex projects; otherwise, managing project outcomes will become very 

difficult (Anantatmula & Rad, 2018). 

The simple approach to break down large projects into smaller pieces, which is a widely 

accepted approach in traditional project management, may not be sufficient to achieve lower 

complexity and quicker return on value (Li & Hall, 2019). To transform project complexity and 

deliver real value, modern projects must invest in strong continuous planning (CP), double-loop 

learning, and efficient decision-making strategies for long-term benefits (Hansen & Møller, 2016). 

Even the most famous SDLC models, such as Agile Scrum and Lean, must evolve towards efficient 

and rapid delivery by continually learning and removing waste in the process. These existing 

models still follow the single-loop learning approach, in which goals, values, plans, and rules are 

put into operation without measuring their value (Ruhe & Wohlin, 2014). Alternatively, evaluating 

governing variables, called double-loop learning, can lead toward the evolution of decision-

making in changing and uncertain contexts (Ruhe & Wohlin, 2014). IS development teams and 

engineering managers in their quest for agility must establish a norm of continuous feedback 

learning to eliminate obstacles in the rapid feedback process and encourage accelerated collective 

learning processes and actional intelligence through waste removal (lean) (Krancher et al., 2018; 

Albors-Garrigos, 2016; The Standish Group, 2015; The Standish Group, 2018). Examples of this 

approach can be found in newer SDLC models, such as Lean and Agile (LeAgile) and DevOps. 

These models attempt to incorporate agile delivery and continuous improvement via waste 

removal (Lean) by unifying them with double-loop learning.  

Recently, there has been an outburst in the number of articles on managing risk, 

complexity, and uncertainty by using rapid and double-loop learning for CP and continuous 
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improvement along with machine-learning-assisted algorithms (Krancher et al., 2018; Sinha & 

Thomson, 2006; Dikmen et al., 2020; Guan et al., 2014; Ghasemi et al., 2018). Nevertheless, the 

actual usage is still limited in complex projects and portfolio governance (Wang et al., 2012). 

Every organization is different with unique project management standards and processes. Each 

organization must establish a system of learning for continuous improvement while maintaining 

agility to embark on the journey of “leagile software development” (Wang et al., 2012; Hansen & 

Møller, 2016). 

The systematic combination of the agility model and lean improvements is known as Lean-

Agile (LeAgile) (Naylor et al., 1999). LeAgile is an applied strategy that focuses on the removal 

of waste and delivery in smaller pieces to respond reasonably to volatile market demands (Van 

Hoek et al., 2001). The Lean component of LeAgile focuses on operational techniques to improve 

resource productivity, and the Agile component attempts to determine a comprehensive strategy 

to deliver accurately in an unpredictable marketing environment (Sanchez & Nagi, 2001). LeAgile 

was developed from the standard Agile model and a Lean mindset; it has been a well-known 

principle for continuous improvement in the production industry for the past few decades. Owing 

to the growth of technology and extensive need to handle complex products and projects, it soon 

became part of the SDLC (Wang et al., 2012). The LeAgile delivery framework, despite being a 

relatively recent model, has grown in popularity for its ability to simplify the complexity of modern 

projects, use of CP, and efficient decision-making. Researchers have discussed the lean-agile-ness 

in many sectors such as lean-agility in healthcare service (Mishra et al., 2018) and LeAgile in 

professional services (Rahimnia & Moghadasian, 2010) and software development Kasims, 2018; 

Rodríguez et al., 2012; Wang et al., 2012; De França et al., 2017; Myers, 1999; Suomalainen et 

al., 2015). Furthermore, a study by Fadaki et al. (2019) confirmed the importance of LeAgile and 
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showed that if both leanness and agility are equally embedded within a system, then higher 

performance can be achieved. Kasims (2018) found that the delivery speed (agility) does not have 

to be compromised to deliver high-quality products (lean). 

Many recent studies have been conducted to address the challenges related to CP, 

continuous Lean improvement, Agile delivery, and reliability analysis of complex IS projects. 

However, few attempts have been made to combine these pieces into one integrated project system. 

Although agile models can be extremely effective at a project level for smaller projects, they 

exhibit extreme complexity when scaled at the portfolio level; therefore, there is a need for 

adaptiveness at the project portfolio level (Sweetman & Conboy, 2018). In addition, having an IS 

project portfolio management function within an organization improves the likelihood of meeting 

(1) quality expectations (lean-ness), (2) project deliverables (agility) (Anantatmula & Rad, 2018), 

and (3) effective project governance (Loch & Sommer, 2017). The cumulative effect of interrelated 

possible risk factors must be considered as an entire integrated IS project, instead of looking at 

them independently as a separate task or a project. Bashir et al. (2020), Suomalainen et al. (2015), 

and De França et al. (2017) investigated the correlation between projects, products, CP, and agile 

delivery, considering both project and portfolio as an integrated system that can continuously 

evolve by learning from past experiences. According to Suomalainen et al. (2015), CP in a 

turbulent business environment can only be achieved by considering three planning levels 

(organizational, strategic, and business) holistically as one project/portfolio system. Such a system 

requires significantly shorter learning and planning cycles to improve transparency and 

knowledge-sharing across all associated projects and tasks. Similarly, De França et al. (2017) 

analyzed a Brazilian software company that was transforming from an agile model towards CP. 

They recommend that CP efforts should examine both portfolio and team holistically, and 
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quantitative methods other than interviews and workshops should be used to acquire more in-depth 

knowledge for performance estimation. In addition, De França et al. (2017) found that there is a 

shortage of technical literature describing how CP could be achieved in software organizations.  

Myers (1999) proposed a continuous planning and execution framework (CPEF) for 

continuous delivery of complex project/portfolio. The CPEF suggests that the project plans must 

be modified continually to adapt to the unpredictable and dynamic project environments. It 

requires the ability to produce open-ended plans that can evolve in response to the changes in the 

environment. The success of the CPEF is achieved only after implementing evolving project plans 

that are updated continually based on experience from recent events. Undoubtedly, open-ended 

evolving project plans can aid in effective decision-making on project and team performance. To 

establish such accurate evolving project plans, it is important to define a mathematical model that 

can incorporate all project variables, and then establish a soft computation system that can generate 

results for that mathematical model (Mathkour & Al-Wakeel, 2011). It would be impossible to 

manually analyze all the possible project parameters, such as changes in cost, schedule, time, 

quality, and environment. Studies conducted by Kwan (2010), Zhang et al. (2003), Shehzad et al.  

(2017), and Li & Hall (2019) are the best examples we found that can be leveraged to define project 

variables accurately and implement a soft computing model for LeAgile project/portfolio. 

Similarly, regarding the Bayesian approach, Caron et al. (2013) provided a practical model with 

the simplicity of Bayesian learning, but only for traditional waterfall-type earned value planning. 

A recent study showed that engineering projects are negatively impacted if systems engineers and 

engineering managers lack systemic understanding of reliability (Sols & Salado, 2019). 
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The following relevant studies motivated our research method. Zhang et al. (2003) applied 

an artificial neural network recommender system for project performance. Caron et al. (2013) 

proposed a simplified Bayesian prediction model. We were also inspired by the exploration 

approach Kwan (2010) to identify project variables from, patterns of failures (Shehzad et al.,  

2017), project delays (Bashir et al., 2020), deliberately optimizing work-package size for value 

improvement (Li & Hall, 2019), importance of systemic understanding of reliability (Sols & 

Salado, 2019), interrelatedness of project factors (Bashir et al., 2020), success factors (Cooke-

Davies, 2002), and adaptiveness at the project portfolio and effective project governance 

(Sweetman & Conboy, 2018; Loch & Sommer, 2017). Our study presents a straightforward 

method for using prior learning, reliability, and continuous improvement for highly accurate 

decision-making in LeAgile project portfolio systems.   

IS projects and portfolio such as LeAgile, DevOps, and Scalable Agile, with continuous 

delivery and continuous improvement processes are challenged by the involvement of many 

resources, cross-dependent project parameters, minuscule iterations, quick delivery, ever-evolving 

product scope, and evolving project performance measurement baselines. These issues make the 

entire project system exceptionally complex to manage. A summary of recurring themes regarding 

challenges for such project management practices stated in previous studies can be summarized as 

follows.  

• Implementation of CP and the LeAgile project delivery models has been inadequately 

researched in IS area (Suomalainen, 2015). CP remains a new concept in IS project 

management, and there is a lack of efficient tools to continuously evaluate the project and 

portfolio performance. 
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• It is important to establish a feedback learning system for complex projects, such as IS 

LeAgile project, to continuously learn from past efforts to improve future performance and 

ensure the successful execution of large-scale projects and portfolios. 

• There is a need for reliability tools and soft computing models that can predict project 

matrices such as cost, schedule, quality, and baselines to achieve continuous learning and 

feedback planning.  

We conducted an in-depth review of the existing literature to further understand the 

possibility of establishing an applied mathematical model for complex information 

project/portfolio systems. The existing research in LeAgile project systems mainly focused on the 

identifying risk factors, continuous improvement factors, complexity aspects, pros and cons, 

definitions, acceptance of agile or lean, and causes of failures (Krancher et al., 2018; Hong et al., 

2011; Wang et al., 2012; Shehzad et al., 2017; Budzier, 2011; Cline, 2015; Schwaber & Beedle, 

2002; De França et al., 2017; Suomalainen et al., 2015; Discenza & Forman, 2007; Fitzgerald & 

Stol, 2014). However, none of the studies have attempted to provide practical and convenient 

applied mathematical models for engineering managers to implement learning and reduce these 

challenges. A practical and comprehensive tool for measurement of complexity and performance 

of modern projects is still missing in the IS literature and in practice (Mirza & Ehsan, 2017). 

This study aims to address the aforementioned challenges and develop a practical 

continuous learning tool to aid in decision-making for engineering managers of complex LeAgile 

projects or portfolios. The goal is to investigate whether continuous learning can provide a better 

estimation of task performance in a LeAgile project or portfolio. This study delivers a reliability 

tool to measure and predict task performance based on continuous learning from prior experience 
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with similar tasks. Specifically, we develop a Bayesian reliability model to predict task and project 

performance. The model incorporates continuous evolution that can learn and improve over past 

performance. It closes the gaps in the existing LeAgile project portfolio management literature 

where the usage of prior knowledge and lessons learned in newer endeavors has been limited. The 

objective of this study is to provide a practical learning tool for engineering managers and IS 

leaders to effortlessly implement CP for in-progress projects, make informed decisions, and 

accurately plan upcoming LeAgile projects in the portfolio pipeline. The tool can be applied with 

ease in any continuous delivery projects such as LeAgile, without affecting valuable resources or 

existing standard processes in organizational IS project management. 

Methods 

The proposed approach follows Pasteur’s quadrant systems engineering method to enhance 

project management intelligence and simultaneously focuses on applicability (Stokes, 1997) (see 

the top-right block of Figure 3.1). This use-inspired basic research is convenient to apply in any 

LeAgile project or portfolio and advances the existing understanding of performance measurement 

for continually evolving complex LeAgile projects.  

Figure 3.2 shows an overview of this study. A Bayesian learning model is developed to 

learn from the past experience of tasks; the performance of the proposed Bayesian method is 

compared with two traditional approaches: a point estimation approach and the traditional 

Bayesian approach (Figure 3.2). Proof of concept (POC) data were used as the earliest knowledge 

for all three approaches. 
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Figure 3.1: Pasteur’s quadrant (use-inspired) , adapted from (Stokes, 1997, pp. 73) 

Traditional point estimate 

Point estimate approaches are commonly used in project management to calculate 

performance metrics. They are easy to implement but lack the ability to incorporate prior 

knowledge. The waterfall model is one traditional approach that provides a one-time estimation of 

the project parameters at the point of project initiation and planning. The estimations then stay 

fixed throughout the lifetime of the project, as illustrated in the first swimlane of Figure 3.2. 
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Figure 3.2: Process flow of all three approaches 

Reliability has been proven to be of paramount importance to project management teams 

and engineering leadership (Sols & Salado, 2019). In dynamic projects such as LeAgile, variations 

in quality impact project reliability, which can cause significant declines in productivity. 

Reliability refers to the probability that a task or a project will perform as intended within a specific 

period. Many reliability models, such as the exponential distribution model, Weibull distribution 

model, and proportional hazards model, have been developed in the engineering domain to 

quantify the failure and success of a project from historical data. The exponential model is the 

most commonly used, as it has a straightforward model structure and is easy to implement. In the 
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point estimation approach, to approximate the performance of each task, we assume that time to 

completion (TTC) of a task in a project/portfolio follows an exponential distribution. Given the 

distribution parameter of completion rate, the probability of the task finishing at a given time can 

be calculated using the cumulative distribution function (CDF) of the exponential model. The point 

estimate of the completion rate (�̂�) is the ratio of the total number of completed tasks 𝑁 to the total 

time taken by all completed tasks 𝑇, i.e., 𝜆 ̂ = 𝑁/𝑇. The probability density function (PDF) of 

TTC at time 𝑡 is shown in Equation (Tobias & Trindade, 2012): 

𝑓(𝑡; 𝜆 ̂) =  { �̂�𝑒−𝜆 ̂𝑡   𝑡 ≥ 0
0            𝑡 < 0

                                          (1) 

Furthermore, the exponential distribution is also widely used to define survival functions 

and analyze lifetime data. The memoryless property of exponential distribution makes future 

survival (reliability) time independent of the past elapsed time Gelman et al. (2013). The CDF of 

the exponential distribution at time 𝑡 is defined in Equation 2: 

𝑅(𝑡) = 1 − 𝑒−𝜆 ̂𝑡                                                (2) 

The CDF provides the probability of a task finishing in 𝑡  hours, which defines the 

reliability of the task. As the total probability of surviving and failing must equal one, i.e., 𝑅(𝑡) +

 𝐹(𝑡) = 1, the failure probability of the task can be obtained as in Equation 3. 

𝐹(𝑡) = 1 − 𝑅(𝑡) = 𝑒−𝜆 ̂𝑡                                            (3) 

In the point estimate approach, the completion rate (𝜆 ̂) is identified during POC, and it is 

updated as the average of the completed tasks to total time-taken. One example of this approach's 

usage is Earned Value Management (EVM) strategy to manage projects.  In EVM, planned 
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percentage complete is used to calculate Planned Value (PV), and actual percentage complete is 

used to calculate Earned Value (EV). Both PV and EV are the averages of completed work by total 

time planned or total time taken. The schedule performance index of EVM uses both EV and PV 

to calculate the project performance rate to meet the planned schedule at a point in time; the point 

estimation approach. 

Furthermore, a paper (Caron, Ruggeri, & Merli, 2013) extended the EVM planning by 

implementing a Bayesian approach. It is essential to understand the differences between the 

proposed approach in this study verses the approach provided in the PMI article (Caron, Ruggeri, 

& Merli, 2013). Both these approaches use entirely different concepts to solve the similar problem 

of estimating project performance accurately by using learning. This research is associated with 

dynamic and iterative LeAgile type projects, but PMI paper is best used for waterfall models with 

Earned Value Analysis. This research uses reliability and Bayes Factor as project evaluation 

measures, and the PMI paper uses earned value parameters as the performance measure. 

Traditional Bayesian approach 

The Bayesian model has gained increasing popularity in project management, as it can 

quantify the uncertainty associated with the estimated project performance metric. This is a 

statistical model that assumes that the input follows a certainty probability distribution (the 

hypothesis of the project performance). The model infers an accurate estimation of the distribution 

(the updated belief of the project performance) with data and observations. Specifically, this 

approach uses Bayes’ theorem to update the project parameters based on the prior information and 

the likelihood information from new events in a recent measurement iteration (see middle section 

of Figure 3.2). Bayes’ rule with hypothesis H and new data D (Downey, 2013) is defined as 
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𝑝(𝐻|𝐷) =  
𝑝(𝐻).𝑝(𝐷|𝐻)

𝑝(𝐷)
                                             (4), 

where 𝑝(𝐻) is a prior hypothesis, 𝑝(𝐻|𝐷) is the posterior, 𝑝(𝐷|𝐻) is the likelihood of data 

𝐷 under the hypothesis, and 𝑝(𝐷) is the probability of the data under any hypothesis.  

The traditional Bayesian approach does not update prior experience from previous 

measurement iterations; instead, it uses a fixed prior (POC prior, for this study) as the prior for all 

iterations. This is a single-loop learning approach. The prior hypothesis is estimated from POC 

before the initiation of the project, and performance metrics are assessed independently for each 

iteration. In this approach, the estimation of project parameters relies greatly on POC knowledge. 

The middle section of Figure 3.2 illustrates how each iteration uses data to update the POC prior 

to obtain the posterior. In this paper, we propose a Bayesian learning approach, introduced in the 

next section, to continually evolve the prior hypothesis by learning likelihood from recent events. 

Bayesian learning approach 

The proposed Bayesian learning model applies Bayes’ rule to iteratively update the 

posterior estimate of the completion rate of each task based on the prior inferred from the past 

measurement iterations and the likelihood of recent events, as shown in the right section of Figure 

3.2. The mathematical descriptions and details of iteration flows are illustrated in Figure 3.3, which 

shows how the prior and the event data contribute in generating learned posterior for each 

measurement iteration. 

In Figure 3.3, the top swimlane represents measurement iteration 1 (itt1). This iteration 

starts with the POC prior and uses data from a recent event to create the posterior Bayesian gamma 
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parameters (𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟1 , 𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟1 ) and posterior distribution. The updated posterior distribution 

can then be used to calculate performance measurements, such as the mean completion rate and 

its confidence interval, mean TTC, and reliability. The Bayesian learning model establishes an 

efficient double-loop learning approach. During measurement iteration 2 (itt2), shown in the 

bottom swimlane of Figure 3.3, the posterior parameters (𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟1 , 𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟1 ) of measurement 

iteration 1 are used along with new likelihood data from iteration 2 to create iteration 2 posterior 

parameters and posterior distribution. This process of learning and updating repeats in each future 

iteration. 

In this paper, measurement iteration is defined as the cycle of measurements carried out 

for the completed tasks. The term “iterations” in this context is not the same as the term “iterations” 

when used to mean “sprints,” which are used in adoptive models and Agile SCRUM. A new event 

is a task or a set of similar jobs that are completed at a certain probability of success when the 

measurement is collected.   
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Figure 3.3: Bayesian learning computation steps 

Prior. We assume that the success rate of a task, 𝜆, follows a gamma distribution, shown 

in Equation 5 (Tobias & Trindade, 2012).  

𝑓(𝜆) = 𝐺(𝛼, 𝛽) =
𝛽𝛼

Γ(𝛼)
𝜆𝛼−1𝑒−𝛽𝜆                                       (5) 

The shape parameters (𝛼) and scale parameter (𝛽) define the shape of the gamma curve. 

The initial shape and scale parameters in Equation 5 are derived from POC efforts as 𝛼 = 40 and 

𝛽 = 1/3320; refer to the Research data section for details. 
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Likelihood. We assume that the TTC of a task follows an exponential distribution. Given 

the prior distribution of success rate 𝜆, and the completion time of 𝑛 tasks, 𝑡1, 𝑡2, … , 𝑡𝑛, the 

likelihood of observing these data can be calculated using Equation 6, (Tobias & Trindade, 

2012): 

𝐿(𝑡1, … , 𝑡𝑛|𝜆) =  𝜆𝑒− 𝜆𝑡1 ∗ 𝜆𝑒− 𝜆𝑡2 ∗ … ∗ 𝜆𝑒− 𝜆𝑡𝑛 = 𝜆𝑛𝑒−𝜆.∑ 𝑡𝑖
𝑛
𝑖=1       (6) 

Posteriors. In the Bayesian model, the posterior can be obtained as a product of the 

likelihood and the prior distribution as follows: 

𝜋 (𝜆|𝑡1, … , 𝑡𝑛) ~ likelihood 𝐿(𝑡1, … , 𝑡𝑛|𝜆) * Prior 𝑝(𝜆) 

𝜋 (𝜆|𝑡1, … , 𝑡𝑛) ∝ (𝜆𝑛. 𝑒−𝜆.∑ 𝑡𝑖
𝑛
𝑖=1 ).

𝛽𝛼

Γ(𝛼)
. 𝜆𝛼−1. 𝑒−𝛽𝜆 

𝜋 (𝜆|𝑡1, … , 𝑡𝑛) ∝
𝛽𝛼

Γ(𝛼)
(𝜆𝑛+𝛼−1 . 𝑒−𝜆(∑ 𝑡𝑖

𝑛
𝑖=1 +𝛽))                           (7) 

The posterior function, 𝜋 (𝜆|𝑡), in Equation 7 is also a gamma distribution, 𝐺( 𝑛 +

𝛼 , ∑ 𝑡𝑖 +  𝛽)𝑛
𝑖=1 , with shape  parameter 𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =  𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑛  and scale parameter 

𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =  𝛽𝑝𝑟𝑖𝑜𝑟 + ∑ 𝑡𝑖
𝑛
𝑖=1 . Therefore, the posterior distribution of λ follows a compound 

gamma distribution. In the Bayesian learning setting, the posterior distribution parameters 

(𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 , 𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ) can be used as the prior in a new measurement iteration to update the 

distribution of λ when new data become available (Figure 3.3).  

The Bayesian approach treats the model parameter as a random variable that follows a 

gamma distribution, which can quantify the uncertainty associated with the estimation of the 
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completion rate. The reliability at time 𝑡 is a function of the CDF of the posterior PDF, shown in 

Equation 8, (Tobias & Trindade, 2012): 

𝑅(𝑡) = 1 − 𝐶𝐷𝐹 (𝜋 (𝜆|𝑡)                                                 (8) 

The CDF and reliability generated during each measurement iteration can contribute to the 

calculation of additional Bayesian parameters such as mean TTC, credible interval, Bayes factor, 

and new baselines. These new parameters, generated from the evolved posterior, can predict the 

movement of baselines. These parameters can be easily incorporated for CP, informed decision-

making, and continuous delivery of scope. 

Research data 

This section provides a description of data gathered from real-world IS projects. We used 

the data from the LeAgile portfolio “SharePoint Optimization” (SO) from the ABC company.  

(This is not the real name of the company, as the company wishes to stay anonymous.) ABC is a 

healthcare company, and the SO effort was related to the overall project portfolio management. 

The SO effort was an enterprise-level attempt to optimize the usage of SharePoint, with the 

strategic goal of establishing continuous learning upon completion of each task in the portfolio. 

The SharePoint chargeback for ABC increased from $67 per GB in 2016 to $85 per GB in 2018. 

The business case for this portfolio was to achieve a direct benefit of $19.28 million within two 

years and establish a self-learning process to continually optimize SharePoint throughout the 

organization.  

Research data were gathered for outreach, the first phase of optimization. The SO portfolio 

followed a continuous delivery model with LeAgile strategies for process optimization. The 
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success of the entire portfolio was measured and reported every two weeks at strategic leadership 

meetings. The following strategies were used for each SharePoint in a portfolio.  

• Each outreach task followed a continuous delivery model where tasks were continually 

added and moved from “To-Do (Backlog)” to “In Progress,” then to “Completed” buckets.  

• The Rally Agile Central Kanban board was used to manage the tasks. A simplified 

illustration of a sample outreach board is shown in Figure 3.4.   

 

Figure 3.4: Simplified SO outreach board 

• Tasks were grouped into separate projects based on the size and cost of each SharePoint. 

Table 3.1 shows the project’s breakdown strategy based on group size. 
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Table 3.1: Project breakdown 

Projects Size 

Mega 202,468 MB to 90,549 MB 

Extra Large 89,975 MB to 40,091 MB 

Large  39,973 MB to 15,000 MB  

Med 14,924 MB to 8,016 MB 

Small 7,971 MB to 0 MB 

 

• Each task is considered to be independently completed by different admins and site owners 

from entirely different departments. It is assumed that no interactions happened between 

the admins and site owners of different departments, and the task completion rate was not 

influenced by others’ tasks. 

• Six weeks of data were used in the analysis. The TTC of each task was measured every 

Saturday.  

• A total of 569 parent tasks were marked “Completed” during three iterations of 

measurements, as noted on 5/18/2019, 6/1/2019, and 6/15/2019. The breakdown of 

completed task sets, during each measurement iteration of all five projects, is shown in 

Table 3.2. Each project had one parent task and 21 child tasks. Thus, there were 569 

projects within the SO portfolio. This study uses only the parent task as research data. 
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Table 3.2: SharePoint optimization outreach projects data 

 
Completed Tasks 

Mega 
Project 

Extra Large 
Project 

Large 
Project 

Medium 
Project 

Small 
Project 

Iteration 1,  
5/6/2019 to 5/17/2019 

8 46 68 55 40 

Iteration 2,  
5/20/2019 to 5/31/2019 

3 11 22 8 220 

Iteration 3,  
6/03/2019 to 6/14/2019 

0 6 10 0 72 

Total Completed Tasks 11 63 100 63 332 

 

Proof of concept (POC) 

A POC was made before the start of the SharePoint Optimization IS portfolio. Forty 

SharePoint optimization tasks were identified as POC early adopters. The POC effort completed 

all 40 tasks, and the rate of completion and total time for completion were documented. The POC 

showed that the average time to complete was 83.00 work hours, and suggested a shape parameter 

𝛼𝑝𝑟𝑖𝑜𝑟 = 40 and a scale parameter 𝛽𝑝𝑟𝑖𝑜𝑟 = 1/3320. The measurements were used as the constant 

task baseline for the point estimate approach and as the prior for traditional Bayesian and Bayesian 

learning approaches. 

Assumptions 

For a complex LeAgile project system, we considered the following assumptions to be true.  

• The LeAgile project follows a defined Project Management Office (PMO)  continuous delivery 

standard to manage the project activities and tasks. The project follows a hierarchy with the 

lowest level being “task” and highest-level being “project portfolio.” The hierarchy levels are, 
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in order, “tasks,” “activities package,” “features,” “scope,” “projects,” “programs,” and 

“portfolio.” 

• The LeAgile project and portfolio hold a comprehensive set of tasks or activities. We can group 

each task into specific buckets based on their similarity.  

• Tasks in the “Completed” bucket are considered entirely completed. They cannot succeed or 

fail again in the future. If failed, they must restart as a new task. 

• It is assumed that all organizations that manage the LeAgile project portfolio have access to 

computer systems with utility tools to gather project metrics for evaluation and soft Bayesian 

computation.  

• The definition of “success” depends on the situation, changing with time, situation, project 

parameters, and internal/external influences. Furthermore, the meaning of task performance or 

reliability may also be different for other projects in a different environment. 

Results 

This section analyzes and compares the learning and non-learning approaches for both 

Bayesian and point estimate models to illustrate how our proposed method can be applied in 

practice. Bayesian posteriors were computed through learning from prior information and 

validated against the non-learning approach to confirm the accuracy of estimates. The posterior 

comparison includes the following: 

• Comparison of similar tasks in a portfolio, across all projects 

• Comparison of project-level estimates against portfolio-level estimates 
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• Comparison of the non-learning point estimate, Bayes non-learning estimate, and Bayes 

learning estimate 

Estimation of task reliability in different projects 

The reliabilities of the tasks in different projects were estimated using the three approaches. 

Each project contained two or more measurement iterations with a distinct rate of completion. 

Task performance was evaluated in each measurement iteration. 

Point estimate of task reliability 

The completion rate of the task (𝜆 ̂) in each project was first calculated as the ratio of the number 

of completed tasks (𝑁) to the total time (𝑇), i.e., 𝜆 ̂ = 𝑁/𝑇. Given the completion rate, the point 

estimation of task reliability was obtained as 𝑅 ̂(𝑡) = 1 − 𝑒−𝜆 ̂𝑡 (Equation 2), and the mean TTC 

was 1/𝜆 ̂. The calculation was done independently for each measurement iteration of each different 

project; the results are presented in Table 3.3 and Figure 3.5 for all projects. 

Reliability estimated by the traditional Bayesian approach 

Posterior distribution of the completion rate 𝜆 ̂ of the tasks in each project was estimated using the 

Bayesian model. The computation was performed independently for each measurement iteration. 

The prior used POC information and stayed constant throughout all iterations. In contrast, the 

likelihood continued to update after each measurement iteration, based on new data observed in the 

iteration. The estimation of the task performance was not shared across the projects or between 

measurement iterations of the same project. Given the posterior distribution of 𝜆 , the mean 



Texas Tech University, Sagar Chhetri, May 2021 

 

71 

 

completion rate could be obtained, which was further used to calculate the reliability and the TTC 

of each task. 

Reliability estimated by Bayesian learning approach 

Unlike the traditional Bayesian model, the scale and shape parameters of prior in the Bayesian 

learning model were continually updated from the posterior in the previous iteration. In other words, 

new shape and scale parameters were identified after each measurement iteration, and those 

parameters were used in future estimations. The new datasets from the current execution continued 

to update the likelihood to generate a new posterior distribution. Similarly, given the posterior 

distribution of 𝜆, the reliability and TTC were estimated and compared with the values from the 

traditional models. 

Table 3.3 shows the estimated mean TTC and reliability of the tasks in each project at 80 

work hours for all three strategies: point estimate model, traditional Bayesian model, and Bayesian 

learning model. The formulas used to compute TTC and reliability are described in detail in the 

“Methods” section. 
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Table 3.3: Project reliability and mean time to complete 

  
  

    
Point estimate  

Traditional 
Bayesian  

Bayesian learning 

Project 
Measurement  
Iteration 

Tasks 
Count 

Task 
Hours  

TTC Reliability  TTC  Reliability TTC  Reliability  

Project 
Mega 

  

Itt 1 8 568 71 0.675 81 0.628 81 0.624 

Itt 2 3 432 144 0.426 87.26 0.599 84.71 0.609 

Project 
Extra 
Large 

Itt 1 46 3656 79.48 0.634 81.12 0.625 81.12 0.625 

Itt 2 11 1344 122.18 0.48 91.45 0.584 85.77 0.606 

Itt 3 6 1016 169.33 0.376 94.26 0.571 90.64 0.587 

Project 
Large 

Itt 1 68 5240 77.06 0.645 79.26 0.635 79.26 0.638 

Itt 2 22 3008 136.73 0.443 102.06 0.542 88.98 0.593 

Itt 3 10 1664 166.4 0.381 99.68 0.551 94.51 0.571 

Project 
Medium 

Itt 1 55 3872 70.4 0.679 75.71 0.652 75.71 0.651 

Itt 2 8 944 118 0.492 88.83 0.593 78.99 0.637 

Project 
Small 

Itt 1 40 2776 69.4 0.684 76.2 0.652 76.2 0.65 

Itt 2 220 16480 74.91 0.656 76.15 0.649 75.25 0.655 

Itt 3 72 11512 159.89 0.393 132.43 0.452 91.63 0.582 

Figure 3.5 compares the reliability and TTC of the tasks in the projects estimated by the 

traditional approaches and the proposed Bayesian learning approach. During the comparison of 

the three models, we found three critical results:  

(1) The dashed line in Figure 3.5 shows the reliability estimated from the Bayesian learning 

model. After iteration 1, the reliability slightly increases and then decreases afterward. 

However, the decrease in reliability is not as high as predicted by the other two models, i.e., 

the point estimation model (dotted line) and the traditional Bayesian model (solid line).  

(2) The dashed line in Figure 3.5 and the last column of Table 3.3 both show the reliability from 

the Bayesian learning approach to be 0.656 in the second measurement iteration of a small 

project. The reliability then rapidly decreases in the last measurement iteration. This 

decrease is also apparent in the other two approaches as well.  
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(3) Similarly, the TTC of small projects in Table 3.3 and Figure 3.5 show a rapid increase in 

the same tasks. While comparing these three approaches, it is evident that the estimation 

generated by Bayesian learning approach for small projects provided the highest reliability 

for the lowest time to complete than other approaches. The Bayesian learning results 

generated for medium, extra-large, large, and mega projects for each of their iterations also 

had the highest reliability and lowest TTC combination (Table 3.3). 

In short, the estimated TTC and reliability of the Bayesian learning approach produced more 

stable estimates with the highest reliability and lowest TTC. This is because the Bayesian learning 

approach continually learned task performance from prior events, i.e., both prior and likelihoods 

are updated after the prior measurement iteration. However, the traditional Bayesian approach 

estimates the posterior based on POC information, and the point estimate simply considers the 

average estimate of all past events.  

The decrease in the reliability and drastic increase in the TTC suggest that something 

wrong happened after the second iteration. The tasks in the small projects in the third iteration took 

longer than the expected 80 hours. Possible reasons for the prolonged completion time could be 

changes in the environment such as the recent example of the viral pandemic and massive loss of 

resources such as building structures or team members. In any case, the Bayesian learning 

approach recommends that the IS engineering managers and portfolio/project managers must 

increase the number of hours for future iterations. The Bayesian learning approach estimates an 

average of 91.63 hours for the new tasks to complete, and the reliability of the task to complete 

within the prior threshold (80 hours) is 0.582. However, the point estimation and the traditional 

Bayesian approaches suggested an average TTC of 159.89, and 132.43, respectively. The 
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recommendation from the two approaches will significantly increase the number of hours allocated 

to future iterations, which will cause wastage of resources. Task (work package) sizes must be 

optimized to reduce cost within an IS project (Li & Hall, 2019). The point estimate approach 

predicts 159.89 hours to complete the future task, with a reliability of 0.394 at 80 hours, while the 

traditional Bayesian approach estimates 132.43 hours with a reliability of 0.452 at 80 hours.   

Similar to the above findings, for other “mega,” “large,” and “extra-large” projects, the 

reliability and TTC estimated by the Bayesian learning approach at different measurement 

iterations are much less variable than those from the other two approaches. Appendix A provides 

a complete comparison of the estimations for all three projects. 
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Figure 3.5: Reliability and time to complete of projects (learning vs. non-learning) 

In other words, the project-level validation of the three strategies suggests that the Bayesian 

learning approach generated highly accurate estimates for reliability and TTC compared to the 

other two approaches. In addition, Bayesian learning provided much more stable estimates and 

reduced cost by not over predicting the task hours. Bayesian learning can support engineering 

managers in CP by continually suggesting a new predicted TTC and reliability as the baselines for 

future tasks. We conducted a similar analysis at the portfolio level (see the section below) to 
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understand the impact of the proposed approach and the potential to implement this practical 

learning tool by IS engineering team while considering all tasks and projects as one whole learning 

system. 

Estimation of task reliability in the overall project portfolio 

We considered all project tasks as part of a single enterprise IS project portfolio system 

and estimated how this system would perform in the future based on learning from prior 

performance across all projects. At the portfolio level, all projects and their tasks were considered 

as elements of a single system with 13 measurement iterations. Estimation of reliability and TTC 

were performed whenever the data of a new measurement iteration became available. The iteration 

sequence and the estimates for all three approaches are presented in Table 3.4 below. The sequence 

flows from the first set of tasks in the “mega” project in iteration 1 (represented as Itt1_Mega) to 

other task sets until it reaches the last set of tasks in the “small” project in iteration 3 (Itt3_Small). 

This sequence is used in our study because it follows the way portfolio teams prioritized the 

projects. As iteration updates occur, the estimated TTC and reliability continue to change for all 

three approaches (see Table 3.4 below). 
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Table 3.4: Portfolio reliability and mean time to complete 

 Point Estimate  Traditional Bayesian   Bayesian learning  

Iteration Sequence Task 
Task 
Hours  

Point 
TTC 

Point 
Reliability  

Bayes 
Sampled 
TTC  

Bayes 
Sampled 
Reliability 

Bayes 
Sampled 
TTC 

Bayes 
Sampled 
Reliability 

[1] Itt1_Mega 8 568 71.00 0.676 81.00 0.627 81.00 0.625 

[2] Itt1_ExtraLarge 46 3656 79.48 0.635 81.12 0.626 80.26 0.631 

[3] Itt1_Large 68 5240 77.06 0.646 79.26 0.635 78.91 0.635 

[4] Itt1_Medium 55 3872 70.40 0.679 75.71 0.652 76.76 0.648 

[5] Itt1_Small 40 2776 69.40 0.684 76.20 0.651 75.61 0.652 

[6] Itt2_Mega 3 432 144.00 0.426 87.26 0.596 76.40 0.649 

[7] Itt2_ExtraLarge 11 1344 122.18 0.480 91.45 0.584 78.26 0.640 

[8] Itt2_Large 22 3008 136.73 0.443 102.06 0.544 82.65 0.619 

[9] Itt2_Medium 8 944 118.00 0.492 88.83 0.592 83.59 0.616 

[10] Itt2_Small 220 16480 74.91 0.656 76.15 0.651 79.92 0.633 

[11] Itt3_ExtraLarge 6 1016 169.33 0.377 94.26 0.575 80.94 0.628 

[12] Itt3_Large 10 1664 166.40 0.382 99.68 0.551 82.53 0.620 

[13] Itt3_Small 72 11512 159.89 0.394 132.43 0.454 91.68 0.582 

 

Point estimate of task reliability in portfolio 

Task reliability for the point estimation approach is calculated as 𝑅 ̂(𝑡) = 1 − 𝑒−𝜆 ̂𝑡 

(Equation 2), and the mean TTC is 1/𝜆 ̂. The estimated TTC and reliability at 80 work hours for 

each iteration is represented as a dotted line in Figure 3.6 and Figure 3.7. This produced a highly 

fluctuating trend line, and the reliability decreased much faster than in the other two approaches. 

Reliability estimated by traditional Bayesian approach in portfolio 

Same as the project-level analysis, the portfolio-level analysis follows the Bayesian 

approach and POC prior data. In the portfolio-level analysis, all tasks and projects within a 

portfolio are considered as part of a single system. The task experience is shared across projects 

and between the measurement iterations of all projects in a portfolio. Posterior distribution of the 
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completion rate 𝜆 ̂ of the tasks in each iteration was estimated using the Bayesian model, shown in 

Equation 4. This model generates predictive estimates for each measurement iteration with the 

prior estimated from the POC and the likelihood of the data observed in the iteration. Given the 

posterior distribution of 𝜆, the mean completion rate is obtained, and is further used to calculate 

the reliability and TTC of each task. The posterior distribution reliability and TTC are shown by 

the solid line in Figure 3.6 and Figure 3.7. Large variations in both TTC and reliability were 

observed, and a significant decline in reliability during the last several measurement iterations can 

be seen. 

Reliability estimated by Bayesian learning approach in portfolio 

Unlike the traditional Bayesian approach, the proposed Bayesian learning approach 

continues to update both the likelihood and the prior information. The scale and the shape 

parameters of the prior are updated based on the posterior of the previous iteration. In this 

approach, the scale and shape parameters continued to evolve, and likelihood always incorporated 

a new dataset from the current iteration. Similarly, given the posterior distribution of 𝜆 , the 

reliability and TTC were estimated and compared with the estimates from the traditional models. 

The dashed lines in Figure 3.6 and Figure 3.7 show the learned Bayesian reliability and TTC after 

each measurement iteration. 
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Figure 3.6: Project portfolio reliability (learning vs. non-learning) 

 

Figure 3.7: Project portfolio TTC (learning vs. non-learning) 

The point estimate reliability, shown by the dotted lines in Figure 3.6 and Figure 3.7, is 

slightly higher than the other two approaches during the first measurement iteration. This is 
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because the first iteration had a single set of data, which is sufficient for a simple point estimate 

but inadequate for Bayesian models. During other iterations, the reliability of the point estimate 

decreased drastically with high fluctuations. Compared to the point estimation approach, the 

Bayesian learning approach provided more stable estimations throughout all 13 iterations. 

Although the reliability slightly decreased after the second iteration, it stayed relatively stable until 

the end. The dashed line in Figure 3.6 is very steady, unlike the dotted and solid lines of the point 

estimate and traditional Bayesian estimate. The Bayesian learning approach estimated the TTC to 

be 91 hours (Figure 3.7) and the reliability of finishing within 80 hours as 0.58 (Figure 3.6) after 

the thirteenth iteration. A TTC of 91 hours is a much more reasonable estimate than the 159 hours 

of the point estimate and the 132 hours of the non-learning Bayes estimate. A comparison of TTC 

for all three approaches is illustrated in Figure 3.7. 

Bayes Factor 

The Bayes factor quantifies the odds of new data favoring one hypothesis over the other. 

A Bayes factor greater than 100 provides the highest decisive strength of evidence to incorporate 

future data (Kass & Raftery, 1995). The complete list of Bayes factor ranges and their respective 

strengths of evidence are listed in Table 3.5. 

Table 3.5: Bayes factor, strength of evidence, Source:(Kass & Raftery, 1995) 

Bayes Factor (K) Strength of evidence 

1 to 3.2 Insignificant 

3.2 to 10 Substantial 

10 to 100 Strong 

> 100 Decisive 
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We further validated the project-level findings using the Bayes factor. The Bayes factor 

was used to compare strengths of evidence for the odds of the posteriors from the Bayesian learning 

approach and the traditional approaches. Equation 9 provides the formula used to compare the 

strength of the evidence used to determine whether the new dataset will favor the learned posteriors 

of the proposed Bayesian learning approach, or those of the point estimate approach. The final 

comparison results are provided in Table 3.6. 

Bayes factor (F) =
Likelihood of Bayesian learning 

Likelihood of point estimate 
  (9) 

Table 3.6 shows the ratio of the likelihood of Bayesian learning estimates against the 

likelihood of point estimates. These likelihoods incorporate all iteration data for each project group. 

Except for the extra-large project, the Bayesian learning approach generated strong and decisive 

evidence compared to that of a point estimation approach. This signifies that the Bayesian learning 

approach incorporated a vast amount of information about the experience of tasks. The Bayes 

factor of the extra-large project is low (1.0049), indicating that both learning and point estimates 

performed similarly. This means that the significance of the learned estimate is no different from 

that of the point estimate. Both predictions perform equally well for the extra-large project. All 

comparisons, except for those involving the extra-large project, provided decisive evidence that 

learning approach is more effective than the point estimation approach. All comparisons other than 

that of the extra-large project have a Bayes factor above 100, as shown by Table 3.6 (Kass & 

Raftery, 1995). 
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Table 3.6: Bayes factor: Bayesian learning estimate vs point estimate 

Likelihood Odds of Bayesian learning vs. Point Estimation Bayes Factor 

Bayesian learning Mega against Point Mega 217.96 

Learn Extra Large against Point Extra Large 1.0049 

Learn Large against Point Large 49116.26 

Learn Medium against Point Medium 218.82 

Learn Small against Point Small 52466.69 

Finally, this study finds that the quantifiable evolving performance measurement 

parameters such as the Bayes factor comparison along with Bayesian reliability, TTC, and CDF 

charts can extend further to support evolving decision-making in IS LeAgile projects and 

portfolios. This approach can empower decision-makers (IS engineering managers and leaders) 

with a better understanding of the future by looking at the most relevant performance measurement 

parameters. With the Bayesian learning approach, continuous decision-making is now much 

accurate and reliable, compared to traditional non-learning point estimates, and can continually 

evolve throughout the life of a project or portfolio. It can help the project team to understand the 

past from a new perspective and continually make the most appropriate plans for tasks. Some 

important implications and use cases are further described in the next section.   

Implications for engineering managers 

This study provides an easy-to-use tool for IS leaders and engineering managers to 

incorporate lessons learned from past events of project task for CP and delivery. The results of the 

double-loop learning in the Bayesian model are highly impactful, especially when the project 

environment and scope are dynamic and the baselines continue to change, as in LeAgile delivery. 
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The new performance parameters are continually evaluated in each new measurement iteration, 

and this continuous learning slowly converges towards realistic values of success.  

IS leaders and engineering managers are benefitted by informed and accurate decision-

making regarding the initiation of any new future task or entire project.  IS project- and portfolio-

level decision-making can be simplified with the use of two decision parameters: reliability and 

Bayes factor. Better reliability always indicates a higher chance of success (Tobias & Trindade, 

2012). The higher Bayes factor means better odds of successful performance (Downey, 2013). 

Furthermore, the presented Bayesian learning performance measurement parameters such as Bayes 

factor, Bayesian reliability, and TTC are not limited to only understanding task performance. They 

can be applied to compare any measurable IS project parameters, including- cost, resources, scope, 

control factors, and risks. It provides scalability for immediate application of any measurable 

decision parameters for engineering managers. 

Implications of the proposed approach for IS leaders and engineering managers can be 

better understood using two simple use cases: 1) planning dynamically for the future in a new 

effort and 2) understanding the past correctly via learned knowledge. The two example usability 

scenarios and related questions are detailed in the sections below. 

Implication case 1: Initiating a new effort 

The Bayesian learning approach supplies learning tools to guide IS leaders and engineering 

managers (decision-makers) in project selection, project prioritization, team selection, and 

task/activity planning. As a new project is added to an existing portfolio, the learned information 

from past tasks and projects in that portfolio can be transitioned to the new project. The Bayesian 
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learning framework can also forecast the future of the project with extra decision-making factors 

such as the TTC, reliability, and credibility ranges. The proposed Bayesian learning approach can 

help answer questions such as the following. 

Initiation planning: Which project should be prioritized the highest? Which task should be 

selected for the project? Which project should be selected? How long will the project run? Which 

team should be selected? What tasks and features must be part of the project? What is the 

reliability? What are the predicted baselines and credible intervals? 

Cross planning: Which project and tasks produced the most reliable deliverables? Should 

we keep this feature in the new product scope? Should we keep this team for this feature or that 

team? Which scope was best delivered by which team? 

Implication case 2: Cross-sharing of learned knowledge to enhance in-progress IS projects 

& portfolio 

The Bayesian learning approach supports the evolving evaluation of performance based on 

learning from past data. For any LeAgile project and portfolio in any dynamically changing 

environment, the proposed Bayesian learning approach allows CP, supports system evolution with 

continuous improvement, and offers highly accurate decision-making posterior estimates.  

Some of the relevant questions this system attempts to answers for in-progress projects are 

as follows: Why is reliability low for this task/project? Are we in the exploration phase? Is low 

reliability expected while exploring innovative ideas? Has reliability improved compared to past 

efforts? Are we improving? What are the Bayes factor and credible/confidence intervals for a 

current project or team compared to similar past projects?  
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These learning tools will benefit IS leaders and engineering managers to measure the 

achievement of excellence quantitatively for the project, team, and entire portfolio. Consistently 

high reliability with smaller credible intervals is a significant indication of excellence. 

Conclusions 

Unpredictable baselines, uncertainty in scope, and increases in the complexity of modern 

projects are familiar terms to all LeAgile project teams and engineering leaders. Determining how 

to incorporate practical CP, delivery, integration, and improvement has been a classic problem for 

IS engineering managers. LeAgile requires much shorter cycles of delivery with agility and 

continuous Lean improvement. The objective of our study was to investigate the possibility of 

discovering highly practical and quantifiable learning tools for complex (usually uncertain) IS 

project/portfolios such as the LeAgile model.  This paper presented a novel approach that makes 

it possible to incorporate CP and continuous delivery for the entire project portfolio system based 

on past task learning. Further, this study compared the project-level reliability, mean time for 

completion, and Bayes factor for 569 similar tasks of five IS projects with portfolio-level learning.  

The most popular technique for estimating performance uses point estimation, which 

completely ignores overall learning. Point estimation uses past performance metrics or the proof 

of concept as the baseline to measure performance throughout the life of the project/portfolio. 

Another approach is the traditional Bayesian approach, which uses a fixed prior to generate 

posterior performance metrics. In this approach, the learning from recent events is ignored, and 

learning is not passed down to future iterations. We proposed a third approach: the Bayesian 

learning approach with a reliability framework. This study finds that the Bayesian learning 

approach outperforms both other approaches; point estimates and traditional Bayesian estimates 
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fail to provide comparable performance measurements. The proposed approach generated a highly 

stable reliability trend and evolving baselines with decisive Bayes factors. Adoption of the 

proposed Bayesian learning approach provides a systematic method to incorporate learning across 

all IS projects in a portfolio and continually estimate future baselines. This approach generates the 

most reliable performance estimates despite high uncertainty, which can be critical to making 

accurate decisions for IS team leaders and engineering managers. 

Limitations and future recommendations 

The findings of this study enriched our understanding of higher-level decision-making for 

engineering managers and leadership in LeAgile-type projects that required both leanness and 

agility. In this study, only enterprise IS projects and portfolios with high uncertainty and 

complexity were considered. Future studies could incorporate an extension of other project 

delivery models such as waterfall, standard agile, agile Scrum, behavior driven development, 

standard lean, and standard Six Sigma.  

We used a computational model that heavily depends on the Bayesian framework and 

continuous prediction of performance based on the rate of success. We acknowledge the existence 

of other, better computational machine learning models such as deep learning, neural networks, 

and naïve Bayes, which could enhance this study even further.  

This article focuses solely on the reliability of portfolio and decision-making in a 

continuous project delivery and improvement environment. It acknowledges the existence of many 

metrics for reliability and their corresponding approaches. New studies could incorporate a higher 

dimension of reliability and decision-making factors. 
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This study is not intended to cover behavioral and qualitative aspects of LeAgile projects 

and portfolios—future studies could focus on these subjective metrics and analysis to further 

expand the literature.  

Exponential likelihood and a gamma prior were used in the study to generate posterior 

estimates. This study suggests the use of conventional Bayes factors, mean time to complete, CDF, 

and credible intervals to measure the performance. However, other cross-validation methods and 

Bayesian estimates of tuning parameters exist; these could be explored further.  
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CHAPTER IV 

GENERAL RESEARCH SUMMARY 

Discussion and conclusion 

It is evident that modern IT projects are becoming more complex and extremely agile. The 

transformation from a traditional approach to modern continuous delivery like lean-agile (LeAgile) 

approaches is more rapid, despite limited practical tools and resources for effective decision 

making in these novel approaches.  This research aimed to provide a convenient and highly 

applicable tool with which project systems can learn from past experience and continually apply 

that learning. It then leads to effective decision-making by accurately estimating project progress 

and reliability throughout the life of the project and parent portfolio. 

Chapter II provided an answer to the research question RQ1 asked in chapter I, states as:  

“RQ1: How effective are continuously evolving baselines at improving the accuracy of project 

success estimates compared to traditional static baselines? 

This chapter produced an applied Bayesian framework for modern LeAgile projects. The 

proposed Bayesian approach used learning from prior experience to evolve the project baselines 

continuously. The evolving Bayesian baseline was found to quickly capture the movement of 

project and portfolio progress despite the ever-changing environmental factors (Chhetri& 

Dongping, 2020). The LRT analysis performed using the real case SharePoint data in the article 

compared the traditional approach against the proposed Bayesian approach. It was confirmed the 

Bayesian approach produced more accurate and realistic results. Furthermore, cross-integration of 
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the proposed approach in exiting project management systems, traditional or modern projects, is 

much convenient as it requires only a few parameters to establish learning across projects and 

portfolios. The proposed approach can be applied to any type of project delivery model as long as 

the tasks can be quantifiable in terms of success or failure, and the task must be independent and 

very similar in nature.  

Chapter III extended the investigation and incorporated continuous improvement for the 

entire project portfolio system based on past task learning. This section answered the 2nd research 

question (RQ2) and its sub-questions regarding the estimation accuracy of success rate and 

reliability of tasks, and reliability of whole portfolio. 

“RQ2: How effective is continuous learning at improving the accuracy of the project performance 

forecast in LeAgile projects compared to traditional static models?” 

Comparing the proposed Bayesian learning reliability model showed superior performance 

compared against two traditional approaches: the point estimation approach and the traditional 

Bayesian approach. The proposed approach continually predicted a highly stable reliability trend 

and evolving baselines with significantly decisive Bayes factors. Furthermore, this chapter 

provided an applied tool for estimating the project reliability, portfolio reliability, completion, and 

Bayes factors that can enable projects and portfolio-level learning.  

Both chapter II and chapter III created new self-learning tools for continuous planning, 

continuous delivery, and continuous improvement. This study affirms that the static baseline 

approach of the traditional delivery model is outdated, as continuous learning and improvement 

are not considered in the traditional approach. Modern projects require evolving baselines to 
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measure current performance accurately and plan future success. The proposed evolving baselines 

and Bayesian learning tools are more accurate and reliable for effective decision-making for 

complex LeAgile type projects in any dynamically changing project environment. The efficient 

use of both learning and reliability can empower engineering managers with 1. accurate estimates 

of the performance of upcoming projects in a portfolio pipeline and 2. continuous planning of in-

progress projects. 

Implications and validity 

This study developed a continual learning approach to estimate Lean-Agile project 

performance by continually evolving the project baselines. Continual learning from the immediate 

past is more relevant, thus it provides closely tracking of the changes in a project environment and 

more accurate predictions of the immediate future. This study demonstrates the possibility of 

incorporating “lines of sight” and double “feedback loops” for a whole portfolio of LeAgile project 

systems. 

In addition, this research provides a straightforward and accurate tool for forecasting, 

planning, and continually improving project success whether the project is in progress or has not 

yet been started. The direct implications of this study is to plan the future continually and 

understand the past correctly via newly learned knowledge. The models developed from this 

research can be incorporated into project management tools from Microsoft Excel to advanced 

project management tools- like Azure DevOps, Microsoft projects, Agile Central Rally, etc. These 

tools usually maintain detailed information about all the projects, thus it would be easy to 

implement the proposed learning approach in these existing softwares.  
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The proposed approach is easy to use, and users with minimal statistical knowledge can 

implement it effectively. The learning can be implemented by continually updating simple two 

formulas: 𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =  𝛼𝑝𝑟𝑖𝑜𝑟 + 𝑛  and 𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =  𝛽𝑝𝑟𝑖𝑜𝑟 + ∑ 𝑡𝑖
𝑛
𝑖=1 . The 𝛼𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟  and 

𝛽𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟  can be used to calculate different statistical parameters like posterior distribution, mean 

and credible intervals of TTC, failure probability, and Reliability. Similarly, project and portfolio 

decision-making can be further simplified by using two simple decision tools: reliability and Bayes 

factor. Higher reliability and higher Bayes factor indicate a higher chance of success. The posterior 

distribution is predicted distribution; it can further be analyzed using both descriptive and 

inferential statistics.   

Furthermore, Bayesian learning performance measurement parameters such as Bayes 

factor, Bayesian reliability, and TTC are not limited to understanding task performance. They can 

be applied to compare multiple teams/projects performance or any measurable project parameters, 

including- cost, resources, scope, control factors, and risks. It provides scalability for the 

immediate application of any measurable decision parameters for engineering managers. 

Chapter II and chapter III used SO optimization data to compare traditional and proposed 

approaches; however, the proposed approach is not limited to the data (SO optimization tasks) and 

the LeAgile model used in this research. The proposed solution can be extended to all kinds of 

project delivery models, as long as the tasks are measurable, independent, and iterative. It can 

benefit not only continuous improvement and continuous delivery models like DevOps, 

microservices, and LeAgile but also traditional approaches. Furthermore, this encourages 

engineering managers to establish Machine Learning and Artificial Intelligence technologies to 

optimize existing project management processes and performance measurement standards. This 
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study uses a schedule baseline to demonstrate the accuracy of the Bayesian learning approach. 

However, applications of the Bayesian model are not limited to schedule; instead, all measurable 

baselines like cost, quality, scope, and risk can leverage the proposed approach. 

Limitations and recommendations 

The proposed approaches elevated decision-making accuracy in LeAgile-type projects that 

required both leanness and agility. This study considered LeAgile-type projects and portfolios with 

high uncertainty and complexity. Future studies can be done to extend the research by applying it 

to existing or upcoming delivery models like waterfall, standard agile, agile Scrum, behavior-

driven development, standard lean, and standard Six Sigma.  

The proposed approach significantly depends on the Bayesian framework for learning and 

performance prediction. We acknowledge the existence of faster and more efficient Machine 

Learning models like deep learning, neural networks, and GPT3.  

The evolving Bayes baselines, reliability, and Bayes factor are used as the critical decision-

making parameters for continuous project delivery and improvement. We recognize the existence 

of many other decision factors like hazard rate, multivariate reliabilities, hyper-dimensional 

inferences, so on. New studies could incorporate such a higher dimension of reliability and 

decision-making factors. A comparison study can be done to identify the most accurate model with 

reliable performance estimates. 

This study suggests the use of conventional Bayes factors, mean TTC, CDF, and credible 

intervals to measure the performance. However, other cross-validation methods and Bayesian 

estimates of tuning parameters exist; these could be explored further.  
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As a final remark for future works, this study is focused on iterative computation; thus, 

only the quantitative data related to task experience is used to make exceptionally reliable 

decisions. The study did not cover meta-data, behavioral and qualitative aspects of LeAgile 

projects and portfolios. Future studies could focus on these subjective parameters to further expand 

the literature.  
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