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Abstract  
This study, conducted at Company X, examines the contribution of knowledge intensive NPD 

project risks on project performances. It contributes to the academic literature by successfully filling 

in a research gap: how to analyse knowledge intensive NPD processes using post-execution project 

data with a risk aware perspective. This is established by gathering and quantifying NPD project 

risks derived from literature and the case company. Classification tree algorithms are applied to 

generate predictive models from the contribution of project risk attributes to the project 

performance labels. Conclusively, the model outcomes are evaluated and a conforming solution 

design is presented to the inadequate risk management in the knowledge intensive NPD process 

of Company X.   
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Executive summary 

This master thesis report describes the analysis and solution design in the area of new product 

development (NPD) project risk management at Company X. 
 

Introduction  
Company X is a fast-growing privately-owned Dutch technology company found in 1993 and 

currently operates 1200 full time employees. Its core business involves the design and 

manufacturing of integrated electronic, software & mechanic solutions. This thesis investigated the 

Research & Development (R&D) department. There, NPD projects develop customer solutions 

combining new high-tech knowledge from multiple disciplines. Hence, the NPD process is very 

complex and incredibly reliant on knowledge intensive decision making. 

 

The knowledge intensive NPD projects at Company X are not executed optimally. Numerous have 

even been a failure over the years. Failing examples exist in which budgets were exceeded 

massively, meaning  company project investments went beyond 200% higher than initially 

estimated. As a result of organizational and project expansion, organizational project risks are 

growing to intolerable size. From these problematic understandings, the following problem 

statement is derived.  

 

Problem statement: The knowledge intensive NPD projects at Company X are executed 

inadequately with respect to organizational project risk management, which due to her growth 

and dynamic investing strategy are of a contemporary level that is no longer acceptable. 

 

The above problem statement developed into the below main research question.  

 

Main research question: What key NPD project risks contribute to a good project performance, 

what risks correlate and how to improve the Company X NPD process to gain control over the 

management of these risks? 

 

Methodology  
To answer the above main research question in a structured manner, this study adopted the CRISP-

DM framework (Shearer, 2000). Specifically, as the problem environment is very dynamic and 

requires knowledge intensive decisions. Cross-Industry Standard Process for Data Mining (CRISP-

DM) is an iterative process involving six stages. These are business understanding, data 

understanding, data preparation, modeling, evaluation and deployment.  

 

Initially, as part of the business understanding stage, project risks from literature and stakeholder 

interviews were collected. Together these formed an NPD project risk list of which the R&D director 

indicated 49 final NPD project risks that were actually relevant to the company NPD environment.  

 

The next stage regards data understanding in which 14 quantifiable NPD project risks, from the 

initial 49 risks, were identified and operationalized into data attributes. This was performed in 

cooperation with the company data manager. To also analyse the contribution of project phase 

concepts, five phase attributes were included. The data gathering was completed by obtaining 

performance labels based on the Quality, Logistics, Technology & Cost principle. To enhance data 

accuracy and consistency, comprehensive and unambiguous performance statements were 

defined. Data sources to quantify the data attributes and performance labels were the Company X 

Information System and surveys held with project managers. These surveys consisted of 

performance and risk entries on project phase level. Lastly, the allocation concept was designed 
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that accurately indicates who are when in which projects. For data consistency, this concept 

replaced the unreliable company employee project link data.  

 

In the data preparation stage, the various data sources were preprocessed into one final dataset. 

The integration into one final dataset resulted in only 176 data phase objects from 23 different 

projects. Because the project manager surveys appeared more time consuming than initially 

anticipated. Another reason may be the challenge of quantifying risk data from a knowledge 

intensive NPD process that is characterized by the significant role of implicit knowledge. In addition 

to the 176 data objects, the final dataset consisted of 19 risk and phase attributes.  

 

As part of the modeling stage, the theoretically best matching classification decision tree CART 

algorithm was selected. Specifically, due to its usability and interpretability. Next, a pairwise 

correlation analysis was performed to observe what risk attributes correlate. Thereafter, the below 

hypotheses were constructed together with the stakeholders. Moreover, a test design was 

generated to determine the model prediction capabilities. Finally, various models were built to 

acquire project risk contributors to project performance. These were formed on three different 

scenarios, applying three decision tree algorithms. These scenarios involved either all 19 attributes 

(A), only the seven hypothetically correlating attributes (B), or only the six quantified attributes (C). 

Whereas another scenario distinction was the average performance label (A, C) or the individual 

performance labels (B). The first two algorithms were the theoretically matching standard CART 

algorithm and the BinOCT algorithm of Verwer & Zhang (2019). They proved BinOCT almost always 

outperforms CART, especially on small datasets. The third algorithm was the more realistic LOPO 

algorithm, being updated from CART. LOPO considered the relativity between project phase 

objects belonging to the same projects. The motivation to implement this variety of algorithms 

stem from rather unsatisfactory model outcomes.  

 

Hypotheses: All risk factor attributes negatively contribute to the project performance, where these 

influences vary over different scenarios and different project phase attributes.  

 

Outcomes 
From the built models, the Decision tree CART ScenarioA model was selected as being the final 

model. Overall, the model performances were rather unsatisfactory as performance metrics did not 

score well. Moreover, training and test performances were rather far apart, indicating model 

instability. This was likely caused by a too small dataset or the potential patterns not being present 

in the data. Despite that, the Decision tree CART ScenarioA model performed best in terms of the 

key performance metric, Cohen’s Kappa. Furthermore, the final model produced noticeable 

outcomes, also regarding the hypotheses. The team members allocated to many projects 

contributes unexpectedly positively to project performance. The lack of team or individual NPD 

experience and lack of uniform project management methodology contribute unexpectedly 

positively to performance. Where the lack of NPD experience covers one third of the contributions 

towards project performance, doubling the contribution sizes of others. Only unsatisfactory 

changes to customer requirements supports the hypotheses as it contributes negatively to 

performance. These hypothetical contradictions mean the stakeholders do not possess the right 

knowledge on the performance contributions of the individual risk factors. Another explanation 

would be that the data quantification challenge of implicit knowledge in KIBPs truly influenced the 

data quality. More explicitly, the knowledge implicitness in the knowledge intensive company NPD 

process may have negatively affected the risk factor quantification. 
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 Project monitoring report  
In the deployment stage, a solution to the business problem was designed in which the study 

outcomes were combined with stakeholder requirements. The solution concerns a project 

monitoring PowerBI report that, among other aspects, includes quantitative risk contributors from 

the final model outcomes. The vision and goal of the project monitoring report is to support users 

in organizational NPD project risk management by an interactive PowerBI report. It should provide 

an incentive towards a uniform organizational risk management methodology within the company 

NPD process. The users of the report are project managers, the R&D director, program and product 

line managers.  
 

For efficacy, the design approach included a high-level user requirements and a strategic 

prototyping step before the implementation. First, high-level requirements were gathered via a 

user workshop with four stakeholders. From these requirements, a conceptual strategic prototype 

was built that included three report pages. The project profile frontpage includes project insights 

and metrics like the project risk contributors from the study outcomes. The second page functions 

as the risk management overview in which generic and project specific risks are managed. The third 

page describes phase and performance metrics. Next, in another user workshop, the built prototype 

inspired the stakeholders and initiated group discussions on final requirements. The general 

conclusion was that the prototype three-page concept is maintained towards the full 

implementation. Due to a lack of time, the last steps towards the implementation of the PowerBI 

report were combined in the implementation plan.  
 

Conclusions and recommendations 
In terms of conclusions, the pairwise correlation analysis did not reveal novel outcomes. Regarding 

the constructed models, four risk contributors of project performance were acquired. These were 

integrated into the project monitoring report solution that supports users in organizational NPD 

project risk management. To reflect on solving of the business problem, this solution definitely 

contributes. Namely, it contributes to the current inadequate organizational project risk 

management in the knowledge intensive NPD process of Company X. However, there is still a way 

to go in terms of adequacy and uniformity. To reflect on the scientific contribution, this study 

positively fills in a research gap. Specifically, that of the analysability of knowledge intensive 

business processes using post-execution project data with a risk aware perspective. 

 

Finally, there are various crucial recommendations to Company X from the study outcomes or 

generic observations, specifically to the R&D director. First of all, the tracking and monitoring of 

key elements as project phases and performances was never prioritized within the company NPD 

process. As these formed the spine of this study, the concepts are developed precisely in terms of 

the company environment. Hence, these definitions can easily be adopted. Also, the proposed 

solution design supports the tracking and monitoring of project phases and performances. 

Therefore, it is strongly recommended to execute the implementation plan. The implementation is 

recommended anyway as the project monitoring report forms a partial solution to the business 

problem. Moreover, it provides a push towards a uniform organizational risk management 

methodology within the NPD process of Company X. Also, it is recommended that Company X 

implements the designed allocation concept that provides a much more accurate link between 

project and employee data. Namely, it accurately indicates who are when in which projects. 

Especially, since this study already proposed a design and verified it with the data analysis of this 

study. Lastly, due to the growing organization, it gets more and more difficult for employees to 

know what challenges other projects already faced. Therefore, Company X should implement a 

suitable knowledge management system. This system facilitates team members to accomplish their 

personal project challenges such that project performances rise!  
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1. Introduction 
To date, organizations operate in challenging times, competition is lurking, and resources are 

scarce. This scarcity is mainly caused by the historical booming economic situation since the credit 

crisis of 2008. Therefore, to survive and to be successful, businesses require to achieve certain levels 

of efficiency and efficacy. The field of business process management (BPM) plays a crucial role in 

the achievement of those levels. That also applies to its derivate research areas of risk aware 

business process management (R-BPM) and knowledge intensive business processes (KIBP). I 

discuss the latter two in more detail in this report. This report forms a Master thesis conducted at 

Company X. It concentrates on project risk management (RM) within her knowledge intensive New 

Product Development (NPD) process.  

 

Two crucial derivates of BPM are the research fields of R-BPM and KIBP. These respectively are 

mergers of BPM with the well-known RM and knowledge management (KM) concepts. The popular 

Project Management Institute (2017) extensively discussed risks and RM. Their definitions of the 

latter two, respectively, are: “an uncertain event or condition that, if it occurs, has a positive or 

negative effect on a project objective” and “the processes of conducting risk management 

planning, identification, analysis, response planning, response implementation, and monitoring risk 

on a project.”  

 

Regarding the direction of KM, Nonaka and Takeuchi (1996) first classified two knowledge types, 

namely tacit and explicit. Tacit refers to personal knowledge, involving beliefs, know-how and skills 

that are hard to formalize or share via an external process. The explicit variant reflects stored 

knowledge, relating to, e.g. books and documents (Gronau & Weber, 2004). On top of that, von 

Krogh (1998) defined KM as “identifying and leveraging the collective knowledge in an organization 

to help the organization compete.” I discuss these definitions in more detail in Chapter 2. 

 

The contribution of this chapter is to introduce the problem and scientific context, and approach 

of this study. This starts with the subsequent Sections 1.1 and 1.2 containing the company 

background and problem statement. Thereafter, I discuss the research questions and methodology 

in Sections 1.3 and 1.4. After that, I provide the scientific relevance and scope of this study in 

Sections 1.5 and 1.6. Finally, this Chapter 1 terminates with the outline in Section 1.7 of this entire 

thesis report.  

 

1.1. Company background 
In this section, from the problem context introduction, I present Company X, at which I performed 

this Master thesis. This includes their company profile, project RM and NPD process. The content 

supplied in the next subsections originates from Company X (2018).  

 

1.1.1. Company profile  
Presently, Company X is one of the fastest growing privately owned technology companies in 

Europe and was founded in 1993. Its core business consists of the design, manufacturing and 

service of electronics, software and mechanics. These markets are supplied with six specialized 

technology programs, namely Computing, Power conversion, Motion & Mechatronics, Industrial 

automation, Vision & Sensing, and Internet of Things (see below Figure 1). Since the foundation, 

the organization expanded massively and currently operates 1200 full time employees. Despite the 

expansion, Company X focuses on autonomous growth and preservation of its company culture. 

Equality, trust and responsibility form its culture. People are given responsibilities rather than tasks. 

Its mission is to “create meaningful technologies that make the world work.”  
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Company X is privately owned and since the foundation directed by two CEOs. The organization is 

exceptionally flat as there is only one management layer. The organization consists of five 

departments, namely Sales, Research & Development (R&D), Operations, Organization Support, 

and Quality (see Figure 1). This Master thesis focuses on the R&D department. Lastly, I provide 

additional company details in Appendix I, like the company culture and project structure.  

 

 

Figure 1. Organizational structure at Company X 

1.1.2. Project risk management at Company X 

In the summer of 2018, a new R&D director was appointed which came together with a serious 

project structural change. Program managers were allocated to the technology programs and 

product lines were introduced. Product lines represent a group of related products, harnessed 

within a certain program. Before this crucial change, organizational project RM received 

unreasonably insufficient attention within NPD projects. Due to the initial somewhat unstructured 

project structure, there never was a unified way of project RM. Obviously, the management team 

did perform RM on a higher level and project managers managed certain risks on their own 

initiative. However, RM was never integrated in project management (PM) as other organizations 

might do. In studying the R&D department, I observed a preliminary central approach of project 

RM. This was kicked off by the new R&D director, but never properly developed into a satisfactory 

project RM method. Before implementing an effective RM method, Company X first requires to 

know what project risks really affect the performances of their projects. 
 

1.1.3. New Product Development process at Company X 

The R&D department within Company X applies the Vee model in her NPD process to achieve a 

unified way of developing new products (see Appendix II). The Vee model is a requirements-driven 

model that develops customer requirements into a final product. This is achieved through 

decomposing the requirements into subsystems until low level detailed implementations are 

designed. Next, the upward movement is deployed through integrating and testing the defined 

subsystems stepwise, until a fully verified product is released. On a higher level, the Vee model 

consists of 4 phases, namely requirements, design, implementation and verification.  
 

In the NPD projects of Company X, newly developed high-tech knowledge of various engineers 

from multiple disciplines are joined into a customer product. The main disciplines are electronics, 

software and mechanics. Therefore, in a dynamic and growing environment such as Company X, 

the NPD process is very complex and incredibly reliant on knowledge intensive decision making.  
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1.2. Problem statement 
The complex and knowledge intensive NPD projects at Company X are not executed optimally. 

Numerous have even been a disaster over the years. Failing examples have for instance postponed 

their planned end dates with over 4 years meaning their product introductions were much later as 

well. Due to the entrepreneurship and opportunism of Company X, a dynamic investing strategy is 

maintained without conventional budgeting. Therefore, cases exist in which budgets were 

exceeded massively, meaning investments of Company X went beyond 200% higher than initially 

estimated. As a result of organizational and project expansion, organizational project risks are 

growing in size concurrently. The intrinsic desire to enter new markets and seize opportunities 

result in the largest projects taking unacceptable high organizational risks. Therefore, I define the 

company problem statement for this research as:  

 

Problem statement: The knowledge intensive NPD projects at Company X are executed inadequately 

with respect to organizational project risk management, which due to her growth and dynamic investing 

strategy are of a contemporary level that is no longer acceptable.  

 

1.3. Research questions 
The following main research question forms the backbone of this study:  

 

Main research question: What key NPD project risks contribute to a good project performance, what 

risks correlate and how to improve the NPD process of Company X to gain control over the 

management of these risks? 

 

To provide answers to the above main research question, I construct multiple sub questions. I 

collect and merge the organizational NPD project risks identified from literature and business 

perspective that form the to be modeled risk attributes of this study. The sub questions related to 

the collection are:  
 

1. What are typical organizational NPD project risks from literature in an environment like 

Company X?  

2. What are typical organizational business NPD project risks for Company X? 

3. Which typical NPD project risks from literature and business are most crucial to the 

stakeholders? 

To model the risk attributes, I gather and prepare the risk data. During modeling, I select, build and 

assess the models. Thereafter, I evaluate the outcomes with the stakeholders for appropriate 

solution design. The sub questions associated with the modeling and evaluation step are:  
 

4. What project risk values contribute to a good project performance? 

5. What project risk values correlate?  

6. How do the stakeholders evaluate these outcomes? 

Finally, I present and evaluate a suitable solution design in line with the model outcomes. The sub 

questions concerning this solution design step are:  
 

7. How to improve the NPD process of Company X to gain control over the management of 

these risks considering the mission and culture of Company X? 

8. How do the stakeholders evaluate the NPD process redesign?  
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1.4. Research methodology  
To answer the main research question and its corresponding sub questions properly, I selected a 

research framework. Considering the problem statement and company background, the Cross-

Industry Standard Process for Data Mining (CRISP-DM) matched best (Shearer, 2000). The 

application of this data mining methodology (see Figure 2) fits well as the problem environment is 

very dynamic, requires knowledge intensive decisions and provided accessible, sufficient and 

relevant data (Han et al., 2011). CRISP-DM is an iterative process and involves six steps, that I 

elaborate on in the succeeding paragraphs. Additionally, I discuss the stakeholders that played a 

crucial role in this research. Lastly, Appendix III includes all standard tasks and outputs of CRISP-

DM from Shearer (2000). 

 

 

Figure 2. CRISP-DM research framework 

The first and possibly most critical step is business understanding. This step concentrated on 

understanding the current situation and constructing the correct research questions. During this 

step, I introduced the problem context and I reviewed the literature on R-BPM and KIBP. In addition, 

I gathered the to be analysed organizational NPD project risks via a literature study and various 

stakeholder interviews. The criticality of this step is illustrated by the amount of chapters that 

represent it, namely Chapters 1, 2 and 3 on Introduction, Scientific context and Project risk collection, 

respectively. Explicitly, Chapter 2.4 answers sub research questions 1, 2 and 3 from the previous 

Section 1.3.  

 

The second step concerned data understanding that consisted of identifying and operationalizing 

quantifiable risk factors into data attributes. These were the risk factors obtained during the project 

risk collection. I did the identification and operationalization in cooperation with the data manager 

and subsequent R&D director. This step formed an additional scoping moment as not all risks were 

quantifiable from the potentially available data sources. Thereafter, I gathered and characterized 

the required data sources and attributes, respectively. The quantification of risk factors and quality 

integration of these related multiple data sources formed a big challenge during this research. Also, 

as these sources were never fully intended for a project risk analysis as this one. To overcome this 

challenge, I designed the allocation data table as a missing link and gathered project performances 

via project manager surveys. Lastly, I explored the data attributes and their quality. Chapter 4 

contains the outcome of the data understanding step.  
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The third step involved data preparation in which I prepared the gathered data attributes into a 

final dataset that functioned as input for the modeling step. The preparation concerned cleaning 

the data such as dealing with missing and noisy values. Finally, I constructed required derivate 

attributes and integrated the various data sources into one final dataset, such that I could perform 

the subsequent modeling step effectually. I reported the preparation steps in Chapter 5.  

 

The fourth step regarded the modeling step that commenced with selecting the appropriate 

modeling technique. I based this decision very much upon the interpretability and usability of the 

technique. The classification tree algorithm matched best. Subsequently, I generated the test 

design and hypotheses, selected the right parameters and built various models with different 

algorithms and scenarios. Lastly, I assessed the model outcomes and implemented directed 

potential model improvements. The modeling chapter can be found in Chapter 6.  

 

The fifth and second last step was evaluation. In the previous step, I only assessed the model 

outcomes. Here, I selected a final model from all built models. Thereafter, I evaluated the final 

model in terms of risk attribute contributions to performance and evaluated the hypotheses with 

the stakeholders. Besides, I provided model performance root causes and intermediary reflected 

on the business objectives of this study. I present the evaluation step in Chapter 7. This step answers 

sub research questions 4, 5 and 6 from the previous Section 1.3. 

 

The closing step of the CRISP-DM framework is the deployment step. In this report, I refer to this 

step as solution design as the overall goal of this master is to design solutions to a specific problem. 

The solution design is a project monitoring MS PowerBI report guided by COMET, including high-

level user requirements, strategic prototyping and an implementation plan. I adhered to this 

specific structural approach for an effectual implementation and not to implement any vague 

requirements. Especially, as users often do not know what they require. Chapter 8 covers the 

complete solution design step and answers sub questions 7 and 8. Finally, this report terminates 

with a conclusion chapter. The reflective chapter includes a research conclusion, managerial 

implications, discussion and recommendations.  

 

1.4.1. Stakeholders  

To enhance the business contribution of this Master thesis, I carefully selected various stakeholders 

with the R&D director. Their contribution consisted of interview input on business NPD project 

risks (Section 3.2), the optimum allocation length (Subsection 4.4.1) and risk contribution 

expectations via hypotheses (Section 6.2). In addition, some of them reviewed the risk factor 

quantification (Section 4.2) and evaluated model outcomes (Chapter 7). Lastly, four stakeholders 

played an essential role in the monitoring report requirements of Chapter 8. Making the 

stakeholders really part of this research by noticeably utilising their contributions, enables more 

research support among them. In total, we selected three product line managers and five project 

managers. We selected based on various backgrounds and a minimum experience of two years. 

Lastly, the R&D director also functioned as a stakeholder but is mentioned separately in the report.  
 

1.5. Scientific relevance  
In addition to the objective of answering the research questions, this study also aims to contribute 

to the academic literature. The foundation of this scientific contribution is formed by the literature 

review on knowledge intensive risk aware business process management performed by Rooijakkers 

(2019). I discuss that review more comprehensively in Chapter 2 of this report.  
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To summarize this review, Rooijakkers (2019) addresses the extensive interest of unitedly exploring 

the formerly separate research fields of R-BPM and KIBP. Specifically, to gain insights in the 

managebility of KIBPs from a risk aware perspective. The emergence predominantly originates in 

the development pattern the concept of KIBP showed over the years. Namely, these kinds of 

processes demand a rising central role in organizations. Besides, the review of Rooijakkers (2019) 

already perceived a promising degree of relatability between the two. Furthermore, in that review 

observed an inferior focus on post-execution analyses of R-BPM and KIBPs in the past decade.  
 

Conclusively, the real added scientific value of this study proposes to explore the opportunity of 

managing KIBPs in a risk aware manner. I do so by analysing post-execution project risk data from 

the complex knowledge intensive company NPD process. More specifically, I analyze the 

contribution of project risks to project performance by building classification trees on quantified 

risks. The quality of these contributions ultimately proves whether project risk data from a KIBP is 

analyzable post-executively. That, in turn, provide new insights in approaching KIBP in a risk aware 

fashion. 
 

Scientific relevance: Analyzing a knowledge intensive NPD process using post-execution project 

data with a risk aware perspective.  

 

1.6. Scope 

The project scope is critical considering sufficient depth needs to be reached and only limited 

research time is available. I only focus on the R&D department (Figure 1), specifically on the NPD 

process. Other PM processes that interacted with the NPD process, such as lifecycle management, 

are out of scope. Further scoping occurred in quantifying project risks and selecting projects 

(Sections 4.1 and 4.6).  

 

1.7. Outline 
This report is organized as follows. First, Chapter 2 contains the scientific context in which I 

reviewed the research areas of R-BPM and KIBP. Chapter 3 describes the project risk collection 

where I collected risk factors from literature and business side. Thereafter, Chapter 4 discusses the 

gathering and describing of risk data attributes from these risk factors. Subsequently, Chapter 5 

includes preparing these risk data attributes into one final dataset. Successively, Chapter 6 covers 

the built models from the prepared final dataset. Next, Chapter 7 holds the evaluation and 

stakeholder review of the final model outcomes. After that, Chapter 8 contains the solution design 

derived from the evaluated model outcomes and stakeholder requirements. Finally, this study 

terminates with a conclusion. Figure 3 shows a visualization of the report outline. The person icons 

represent stakeholder involvement. 

 

Problem definition (Ch 1.)
Scientific context (Ch 2.)

Project risk collection (Ch 3.)
Academic & business risks

Data understanding (Ch 4.)
Risk factor quantification 
Data attribute gathering 
Data attribute description
Allocation
Project performance

Data preparation (Ch 5.)
Data selection, cleaning
Data construction, integration

Modeling (Ch 6.)
Select modeling technique
Generate test design 
Decision tree algorithms

Logistic regression

Solution design (Ch 8.)
Tool requirements

Implementation plan

Evaluation (Ch 7.)
Final model selection & 

evaluation
 

Figure 3. Visualization of report outline  
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2. Scientific context 
In the previous chapter, I introduced the problem context of this study. Because of that, the 

research domains of R-BPM and KIBPs play a critical role in this thesis. That is as this study analyzed 

project risks of the knowledge intensive company NPD process to design a suitable risk 

management solution. The objective of this chapter is to explore both research domains in 

literature via their current statuses, available approaches and existing research gaps. This 

exploration was already achieved by a review of Rooijakkers (2019). The purpose of this review was 

to explore an untouched research area, namely whether KIBPs are manageable from a risk aware 

perspective. Appendix XIX contains the full content of that review. I summarized that work below 

as it forms the basis of the scientific side of this thesis. 

 

In Rooijakkers (2019), I surveyed the two initially separate domains of R-BPM and KIBP. I did so by 

evaluating and mapping relevant papers since 2011 and 2013, respectively (Table 1). I mapped 

them on a conceptual framework from Suriadi et al. (2014) (Table 2 and Table 3). Relevant papers 

remained from executing an accurately set up review protocol. R-BPM approaches until 2011 were 

already evaluated by Suriadi et al. More specifically, in 2014, they published a survey article that 

evaluated contemporary R-BPM approaches to signal current research gaps. Regarding KIBP, in 

2015, Di Ciccio et al. published a widely appreciated survey dealing with characteristics, 

requirements and analyses of contemporary KIBP approaches until 2013. 

 

The Suriadi framework provides clear insights in the development, state of play and maturity of 

approaches in both fields. Moreover, this report adopted the definitions of risk and RM as defined 

by Project Management Institute (2017) and already introduced in the second paragraph of 

Chapter 1. That is as this study primarily took place within the Company X PM department and 

their definitions are widely referred to. A definition note to add regarded the risk definition of 

Project Management Institute (2017), here I only considered the negative effects on performances.  
 

2.1. Risk aware business process management 
More and more companies operate project-based. These projects vary in terms of size, scope, 

goals, complexity and numerous other dimensions, but all do share some degree of uncertainty 

and risk. Studies proved that the level of success of a project strongly relates to the amount of RM 

within the project (Elkington & Smallman, 2002). Kliem (2000) stated that RM generically involves 

three actions, namely: risk identification, risk analysis and risk control. Subsequently, their approach 

was widely copied by other academic authors. Despite the importance of risk, BPM and RM were 

long approached as two separate courses with very diverging research agendas and methods. 

Either the field of RM was not approached on a process base or risks were not considered as part 

of business processes.  

 

However, over a decade ago, Rosemann and Zur Muehlen (2005) first proposed the integration of 

risks into business process models. They introduced a taxonomy of process-related risks that assist 

in the process of risk identification through which they can be mitigated thereafter. They signalled 

that RM can be approached as a business process as different risk lifecycle phases form a business 

process. Moreover, risk is a key business phenomenon and therefore needs to be taken seriously 

in the design or redesign of business processes. Despite diverse project RM strategies in literature, 

its objective is very similar, namely to increase the project performance and achieve project goals. 

As of the study of Rosemann and Zur Muehlen (2005), the R-BPM term is recognized as the 

integration of a risk perspective into BPM. 
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The introduction of R-BPM by Rosemann and Zur Muehlen in 2005 meant the start of a whole new 

study area that is further studied by other researchers since then. A critical development in this was 

the introduction of the R-BPM lifecycle (Appendix XIX) by Conforti et al. (2011). They incorporated 

risk in all phases of the traditional BPM lifecycle inspired by Hofstede et al. (2009). A fundamental 

change from this incorporation is that it provides a solid basis for RM in BPM from the design to 

the post execution phase of business processes. The integration of R-BPM and the BPM lifecycle 

brings several benefits. Such as, the ability to evaluate risks and initiate mitigation strategies already 

during the design of a business process (Jakoubi et al., 2008). Besides, the presence of risks can be 

monitored and mitigated during runtime (Conforti et al., 2011). Lastly, risks even become 

identifiable in a later phase, namely from post-execution logs (Jans et al., 2011).  

Table 1. R-BPM and KIBP approaches sources 

R-BPM approaches authors KIBP approaches authors 

1. Conforti et al. (2013a) 6. Conforti et al. (2015) 11. Ahmed et al. (2014) 14. Kurz et al. (2015) 19. Kurz (2013) 

2. Pika et al. (2012) 7. Conforti et al. (2013b) 12. Tjoa et al. (2011) 15. Netto et al. (2013) 20. Rodrigues et al. (2015) 

3. Conforti et al. (2012) 8. Anton et al. (2016) 13. Lhannaoui et al. (2014)  16. Hasi et al. (2017) 21. Laue & Kirchner (2017) 

4. Pika et al. (2016) 9. Bai et al. (2013)   17. Marrella et al. (2016) 22. Hinkelmann (2016) 

5. Conforti et al. (2016) 10. Marcinkowski et al. (2012) 18. Santos França et al. (2015) 

 

In terms of the R-BPM approaches status quo, I mapped these in Table 2. I included their authors 

(and the authors of the KIBP approaches) in Table 1 and their full sources in Appendix XVIII. In 

combination with the summary of Suriadi et al. (2014) found in Appendix XIX, I drew the following 

conclusions. Regarding the maturity section of the framework, some important developments 

occurred. Namely, the degree of formalization across the recent papers increased significantly, 

specifically on abstract and concrete syntaxes. However, the degrees of semantics and application 

in practice remained unsatisfactory low. Moreover, no R-BPM reference was presented yet either. 

Lastly, implementations and methodologies of approaches were presented increasingly. Regarding 

the BPM lifecycle, initially, in Suriadi et al. (2014), the support was decent for both the design and 

design-time analysis phases. Now, the levels for the latter two seriously dropped. But, instead, this 

shifted to the later phases of execution, runtime analysis and post-execution.  

Table 2. Suriadi et al. (2014) framework R-BPM 

Approach  1 2 3 4 5 6 7 8 9 10 11 12 13 

Maturity Integrated Risk 

Formalization 

Abstract Syntax ± - - + - ± + + + + + - + 

Concrete Syntax ± - - - - ± - + ± + + - - 

Semantics - - - - - - + + - - - - - 

Implementation  + + + + + + + - + - ± + - 

Application Methodology ± ± ± + ± ± ± ± + - - - - 

Application in Practice  ± ± - ± ± ± ± - - + - - - 

BPM Life 

cycle 

Design - - - - - - ± + ± + + - - 

Design-time Analysis  - - - - - - + - ± - - + + 

Execution + - + - - + - - + - - - - 

Runtime Analysis  - - ± - + - - - + - - - - 

Post-execution Analysis + + - + - + - - ± - - - - 

 

Suriadi et al. (2014) signaled numerous research gaps in their article which were only partially filled 

in thereafter. More specifically gaps on runtime RM in BPM systems and the exploitation of 

process-related logs and risk-informed business process execution, received more attention. Other 

gaps such as the formalization of risk constructs and empirical validation of R-BPM approaches 

retained insufficient focus. That is as these gaps were not filled in strongly yet. Especially the 

concept of semantics was still not researched upon properly. Besides, a reference model for R-BPM 

remained missing. Ultimately, the clear overall shift from the design-time analysis phase to the 

execution, runtime and post-execution analysis phases is very satisfactory. Especially, as that is 

exactly what is aimed for when indicating research gaps, somebody to fill it in.  
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2.2. Knowledge intensive business processes  
Besides the development of BPM towards R-BPM, also shifts from BPM to KIBP are made 

increasingly. To elaborate, business processes can be structured, semi-structured or unstructured. 

Unstructured processes are unpredictable, interchangeable and normally involve a great deal of 

tacit knowledge (Richter-Von Hagen et al., 2005). As indicated earlier, Nonaka and Takeuchi (1996) 

first classified two knowledge types, namely tacit and explicit. The latter is not relevant in this study. 

Tacit refers to personal knowledge, which involves mental models, beliefs and views that are hard 

to formalize or share via an external process (Gronau & Weber, 2004). The unstructured processes 

involving significant tacit knowledge and unpredictability led to the foundation of KIBPs. And 

according to Di Ciccio et al. (2012), in recent years, KIBPs became a key research area within BPM. 

That is due to the increasing complexity of business processes and importance of knowledge 

workers within modern organizations.  

 

Despite the rather youngness of the KIBP concept, numerous studies have already been performed 

on it and all contain their own slightly different concept definition. For instance Gronau et al. (2004) 

express that “knowledge intensive business processes deal very much with creating and using tacit 

knowledge from many participants”. In addition, Hull et al. (2009) addresses the cooperative 

character of KIBPs, namely “KIBPs are collaborative by nature and therefore need to provide multi-

user, multi-roles support, with appropriate notions of visibility, traceability and accountability.” 

However, the definition of Vaculín et al. (2011) appeals most, being: “KIBPs are processes whose 

conduct and execution are heavily dependent on knowledge workers performing various 

interrelated knowledge intensive decision making tasks. KIBPs are genuinely knowledge, 

information and data centric and require substantial flexibility at design and run-time.” For this 

study, I also adhere to this definition.  

Table 3. Suriadi et al. (2014) framework KIBP 

Approach  14 15 16 17 18 19 20 21 22 X 

Maturity Formalization Abstract Syntax + + ± + + + + - + - 

Concrete Syntax + + ± + ± + ± - ± - 

Semantics ± ± - + + - ± - ± - 

Implementation  + ± - + + ± ± ± + + 

Application Methodology ± + ± + + ± + ± + + 

Application in Practice  - ± - ± ± - ± - + + 

BPM Life 

cycle 

Design + + + ± ± ± + + - - 

Design-time Analysis  - - - - - - - - - - 

Execution + ± ± + + + ± - - - 

Runtime Analysis  - - - - - - - - - - 

Post-execution Analysis - - - - - - - - + + 

 

Subsequently I depicted the KIBP approaches status quo by means of Table 3. Conclusions can be 

drawn in conjunction with the summary of Di Ciccio et al. (2015) in Appendix XIX. The gaps signaled 

by Di Ciccio et al. were not filled in as possibly anticipated. Specifically, the approach gap on the 

full KIBP support is still present. In recent years, still no approach was able to fully satisfy KIBP 

requirements. Nevertheless, due to additional attention, the maturity level in general definitely 

improved as the approaches’ formalization scored better and better. Unfortunately, the number of 

approaches put in practice is still really low. Lastly, the trend on boundary fading of the design and 

runtime phases seemed preserved when looking at the scores on design and execution in Table 3. 

Explanations could be that KIBPs sort of demand to be able to model at runtime. That is as KIBPs 

are subject to constantly changing event flows in which it usually is unclear what events are 

processed next. This can primarily be tackled by ‘designing at runtime’. Last of all, a crystal clear 

research gap that Di Ciccio et al. (2015) did not signal or report is the completely missing support 

on the analysis phases (i.e. design-time, runtime and post-execution) of the BPM lifecycle. 
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Nevertheless, to further improve KIBPs, the analysis approaches definitely require to tweak 

processes before or after execution.  
 

2.3. Knowledge intensive risk aware business process management  
Despite the current situation in which the R-BPM and KIBP domains did not cross in academic 

literature, sooner than later they will. This due to the increasing importance of knowledge workers 

in today’s businesses (Di Ciccio et al., 2012). That means that more and more business processes 

will be characterized as KIBPs. Additionally, the field of RM never disappears in project-based 

organizations as these are inseparable (Elkington & Smallman, 2002; Project Management Institute, 

2017). In fact, quite the contrary happens as the concept of risk is considered increasingly in the 

(re-)design of business processes (Rosemann & Zur Muehlen, 2005). Also, RM can be a very 

defining factor in what subsequent steps to take or specifically not to take in a KIBP, which often 

comes with a high variability, flexiblity and countless process flow options (Vaculín et al., 2011). 

Hence, it is of wide interest to further explore the untouched research area of uniting the domains 

of R-BPM and KIBP to gain insights in the managebility of KIBPs from a risk aware perspective.  
 

One challenge that emerged concerns postly executed situations or processes. This challenge is 

emphasized by analyzing the status quos of both the R-BPM and KIBP fields with respect to the 

BPM lifecycle. More explicitly, the post-execution analysis phase was poorly represented in the R-

BPM domain until 2011. And, basically, only received serious attention of authors Conforti and Pika 

thereafter (see Section 2.1). Let alone the KIBP situation in which no attention was given to KIBP 

approaches in the post-execution phase thus far. Santiputri et al. (2017) did try by proposing a 

process mining approach on task post-conditions from process events in execution histories. 

Besides, she stressed the importance of post-analytics towards instances such as change- and 

business process life cycle management. Despite that her approach is not related to R-BPM nor 

KIBP, it was a signal that there are options on mining approaches in terms of post-execution data 

analyses. 
 

2.4. Conclusion  
Ultimately, exploring the separate research domains of R-BPM and KIBP with a certain degree of 

connectivity is of large value. That is as they eventually cross one another due to emergent 

importance of knowledge workers in businesses. So far, also the focus on the concept of post-

execution analysis within the domains of R-BPM and KIBP was very immature and limited, 

respectively. That illustrates the novelty of this study as its purpose is to analyze post-execution 

process data from an environment that involves both R-BPM and KIBP. Combining the latter two 

has not been done yet. Also, post-execution process analyses in both fields is undeveloped. In 

mapping this study approach onto the Suriadi framework (see approach X in Table 3), this approach 

shows its relevance. Namely, as already specified, this approach focusses on the post-execution 

analysis phase of the BPM lifecycle. Besides, in terms of maturity, this approach scores really well. 

That is as I fully describe the approach methodology and implement it in a real-world, practical 

situation thereafter. I did so primarily to obtain post-execution analysis outcomes and to ensure 

reproducibility of the research. These outcomes are meant for the evaluation and solution design 

of this study. That results in improved risk management within the Company X NPD process. Due 

to the explorative nature of this approach, the formalization maturity is still left to be desired, 

possibly for future research.  
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3. Project risk collection 
Previously, I illustrated the introduction and scientific context of this research. I presented the 

problem context, high-level methodology and explored the R-BPM and KIBP literature, respectively 

in Chapters 1 and 2. Although this chapter is still part of the data understanding stage of the CRISP-

DM framework (Figure 2), the actual research execution commences from this point. The goal of 

this chapter is to collect typical NPD project risks that are most crucial for the Company X NPD 

process. The successive two sections within this chapter contribute to this by obtaining NPD project 

risks identified from literature and business perspective. Thereafter, I merged these NPD project 

risks into the outcome of this chapter, namely a final project risk list.  
 

3.1. NPD project risks from literature 
Primarily, I reviewed the academic literature on organizational NPD project risks within high tech 

environments similar to Company X. The aim of this review was to provide a project risk list from 

literature and an appropriate risk categorization strategy. This categorization was essential in 

successfully merging risk inputs from different literature sources and stakeholder interviews. The 

subsequent subsections describe the risk collection method from literature and corresponding 

outcomes.  
 

3.1.1. Risks from literature collection method 

In order to effectively conduct a structured literature review, I created a review protocol first. The 

protocol consisted of elected search terms, databases and selection criteria. The carefully chosen 

search terms entailed combinations of either project risk or risk management with either NPD or 

ICT or IT. In addition, I included the full forms of these abbreviations. The full forms of ICT and IT 

are information and communications technology and information technology, respectively. These 

search terms were reviewed by an academic RM expert from the TU/e to enhance efficacy. Then, I 

inserted these search terms into a pair of databases, namely Scopus and Web of Science (WoS). I 

selected these two because of their extent and active topics of interest, being technology and 

sciences, respectively. To prevent miss outs, I applied snowball sampling by inspecting references 

of relevant sources (Biernacki & Waldorf, 1981). 
 

Last, but definitely not least in the review protocol were the selection criteria. I categorized the 

adequate criteria for this survey into two classes, namely the selection of sources and the selection 

of risks from these sources. Primarily, the sources required to describe high tech NPD project risks 

as how the environment of Company X is defined (together with the academic RM expert). 

Additionally, the sources required to present enlisted project risks rather than RM methodologies. 

Moreover, as specified in Subsection 1.1.2, the listed project risks needed to be of an organizational 

character. Therefore, they could not be of a technological or marketing character (i.e. marketing is 

not part of the NPD process at Company X). Another criterium was to contain sufficient (>6 

cumulatively) risks within any of the in-scope risk categories to guarantee detailedness and 

completeness of sources. Finally, sources required a certain degree of reliability. Here, I defined 

reliability as web source, source type, cite number and possibly snowballed from another reliable 

source.  
 

3.1.2. Risks from literature collection outcomes  

In combining the protocoled search terms, databases and selection criteria, I generated project 

risks from literature and a risk categorization strategy. Primarily, I targeted engineering book 

sources, such as system engineering, to maintain uniformity and validity. Nevertheless, these 

source types mainly provided RM methodologies rather than more practical listed project risks. 

Therefore, I selected five papers instead of any engineering books. In addition, a sixth book chapter 

completed the sources list that I encountered via snowballing. I tabulated the project risk literature 

sources in Appendix IV.  
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In analysing the six articles from Appendix IV, I observed specific communality in project risks and 

in risk categories. Repeatedly made classifications amongst these sources were: organizational, 

project, project team and project manager (derived from project management). Moreover, the fifth 

category other completed the risk dimension list and I established that one for remainder 

dimensions, e.g. political and finance. The dimension distinctions were based on the risk factor 

origin, more specifically organizational risks originated from the organization widely and project 

team risks from team members themselves, etc. I adhered to this risk categorization strategy 

throughout the entire chapter. Appendix V encompasses the project risks from literature including 

their risk dimension and literature source. In total, I collected 56 risk factors and optimized the risk 

descriptions of risk factors that were identical but only varied slightly in description. I reported the 

risks of these sources that were not of an organizational character (e.g. technological or marketing) 

in Appendix VI.  
 

In line with the previously addressed risk dimension communality, I found a degree of regularity in 

the listed project risks in Appendix V. Various risks are declared up to four times, such as Project is 

complex. This illustrated their validity. Others, as Lack of uncertainty minimization of total project 

investment, were mentioned only infrequently. A reason was the existence in diverging paper focus 

in slightly different environments (e.g. ICT vs IT) or in risk dimensions. 
 

3.2. NPD project risks from business perspective 
Secondly, to maintain comprehensiveness, I collect NPD project risks from the business perspective 

in this section. These originated from unstructured stakeholder interviews. The objective was to 

acquire an extensive and frequent gamut of project risks that affected the NPD process of Company 

X. The following subsections include the method and outcomes of the risks from business 

perspective collection method. 
 

3.2.1. Risks from business perspective collection method  

For this collection method, I also formed a protocol, namely an interview protocol. To acquire 

maximum relevant output from the stakeholder interviews, I prepared these conversations justly. 

In total I conducted eight 90-minute interviews with a priori selected stakeholders (see Subsection 

1.4.1). All eight stakeholders weigh equally in output importance. In addition, I studied the 

stakeholders well, such as their background and managed projects. This reflected more 

engagement towards the experts that could result in them taking me, as a student, more seriously. 

Plus, I recorded the conversations (with authorization) to accomplish active listening instead of 

potentially missing essential information due to multitasking or listening and noting.  
 

The interviews were unstructured but optionally directed by the specified risk dimensions from 

Section 3.1. The unstructured attitude provided stakeholders with autonomy to discuss any project 

risk they experience as relevant. Maintaining this attitude implied that repeatedly mentioned risks 

are more significant. That is as due to the autonomy the repeated risks apparently were really 

critical to the company NPD process. Moreover, this also excluded the phenomenon of putting 

risks into the interviewees’ mouths. In case interviewees were not inspired sufficiently during the 

interview, I used the risk dimensions to stimulate their inspiration. However, for comprehensiveness 

reasons, it was essential to ensure interviewees remained thinking outside of just these risk 

dimensions. Lastly, despite the expertise among the stakeholders, I could not exclude occurrences 

of conflicting interview outcomes beforehand. Therefore, these specific cases were reviewed by the 

R&D director.  
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The unstructured nature of the interviews resulted in a minimum number of questions. 

Nevertheless, I established the questions prudently such that the conversation gradually developed 

towards the interview objective, namely to attain business project risks. Primarily, to kick off, I 

started the interview with a generic introductory question, what do you think of project 

management at Company X? Thereafter, I asked why are projects not managed efficiently at 

Company X? This was a somewhat provocative question to get the interviewees talking. Namely, 

passive conversation strategies in open interviews could potentially not lead to sufficient output. 

Subsequently, another provocative question followed to introduce the final question, why are risks 

in projects not managed effectively at Company X? The above preparatory questions had the aim 

of activating the interviewees thoughts on project fails and risks. Once sufficiently activated, lastly, 

I asked the terminating question for which the interview was essentially conducted, namely what 

are risks specifically for the NPD process? 

 
3.2.2. Risks from business perspective collection outcomes  

The accurate execution of the precedingly established interview protocol led to eight successful 

interviews. Only in a single interview I consulted the specified risk dimensions from Section 3.1. as 

the other seven interviewees did not require any additional inspiration. Besides, I did not identify 

conflicting project risks among the diverse interviewees. Despite their personal NPD believes and 

project risks, none actually contradicted one another. Various interviewees did mention the critical 

role played by the dynamic and growing Company X environment. More specifically, the complexity 

of the knowledge intensive NPD process impacts the structuredness negatively with which they 

can manage certain risks. Especially in terms of missing resources or disappointing prototype 

qualifications.  

 

The eight interviews eventually resulted in 67 distinct business project risks distributed over six risk 

dimensions. Four dimensions originated from the previously defined risk dimension strategy and 

two dimensions were new (i.e. qualification and proto production). I did not classify these as other, 

instead I considered these as standalone and new dimensions. That is as these were recognized 

throughout all interviews. Remarkably, six of the eight interviewees related their risk factors and 

RM to the QLTC concept (Quality, Logistics, Technology and Cost). This concept unintendedly 

returned in these interviews without me actively seeking for it. Therefore, this seemingly plays a 

significant central role in the project performance indication of Company X.  

 

Observable from Appendix VII, I derived 67 unique risks from the stakeholder interviews. These 

were dispersed over six risk dimensions. In addition to the categorization, Appendix VII also 

displays the frequency (out of 8) with which risk factors were mentioned throughout the interviews. 

Also, among the business NPD project risks a frequency disparity exists. More specifically, plentiful 

risk factors are acknowledged repeatedly, up to eight times (e.g. Unsatisfactory changes to 

(customer) requirements). While others rarely, due to a lower relevance towards the full extent of 

the company NPD process or due to a deviating interview focus.  

 

3.3. Final list NPD project risks  
In completing the project risk collection step, I merge the collection resultants from literature and 

business into a final NPD project risk list here. In addition to this unification, the project risk 

relevance is decided upon by the R&D director that further scopes this research.  

 

During the merge of project risks from literature and business into one list, I found that certain risk 

descriptions could be similar depending on personal interpretation. However, there should be no 

room for personal interpretation. Therefore, I proposed all somewhat similar interpretable risks 

from literature and business to the interviewees again. Per similar interpretable risk from literature, 
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they indicated whether they were actually talking about that risk from literature during the 

interview, but formulated it slightly different. Or that they were actually talking about a different 

risk factor. Next, I unified the identical intensions, such as the risk from literature Lack of uniform 

PM methodology with the business risk Lack of PM tooling). Also, I kept the other descriptions as 

separate risk factors, such as Lack of feasible business case and Lack of feasibility study.  

 

Combining the informants from literature and business, brings about novel risk dimensions and 

factors that I did not find during the literature review. These are, for instance, different abstraction 

levels, such as varying levels of detailedness. Or different environments focus such as for instance 

the IT environment instead of NPD. Concerning novel dimensions, I classified multiple risk factors 

under proto production and qualification. Nevertheless, I considered these out-of-scope for this 

research as they corresponded to the manufacturing process development process (i.e. not NPD 

process) and the technological dimension (i.e. selection criterium), respectively. Despite their out-

of-scopeness, I present these in Appendix VIII. Moreover, I excluded the dimension organizational 

including its risk factors as this study concerns project risks rather than organizational risks.  

 

Likewise, I obtained novel risk factors due to a distinct focus on abstraction or environment (i.e. 

solely applicable to Company X or other firm projects) in the literature review and stakeholder 

interviews. Table 4 shows all novel factors by only having one of both a frequency score or literature 

sources. Evidently, encountering these novel factors was the intention of performing both risk 

collection approaches. Namely, the main motivation for this was find additional relevant risks to 

strengthen the final risk list. Another intention was to evidence the level of risk factor applicability 

by backing up business risk factors by literature support and vice versa.  

 

The unified project risks from literature and business were selected on relevance by the R&D 

director. I omitted the irrelevant risks and tabulated the relevant ones in the below Table 4. The 

expert opinion was mostly based on their relevance towards company NPD projects, their 

detailedness, their applicability to non-NPD processes (e.g. quotation phase), and on the risk factor 

from literature and business frequency. When looking at Table 4, all project team and manager 

risks from literature (except 1), were mentioned during the interviews. This confirmed that I found 

the correct abstraction level in literature and completeness in the interviews.  
 

3.4. Conclusion 
Conclusively, in this Chapter 3 I completed the business understanding stage of the CRISP-DM 

framework. Through a literature study, I collected 56 NPD project risks divided over five risk 

dimensions. In addition, I collected 67 business NPD project risks across six dimensions via 

stakeholder interviews. During the interviews, stakeholders admitted that the complexity of the 

knowledge intensive NPD process impacts their risk management negatively. This is key to keep in 

mind in designing the solution of Chapter 8. Lastly, I merged the outcomes into 49 final NPD project 

risks distributed over three risk dimensions. In the succeeding Chapter 4 on data understanding, I 

identified and operationalized the final NPD project risks on quantifiability, to risk data attributes.  
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Table 4. Final project risk list 

Risk dimension   Risk factor Freq Source literature 

   1 2 3 4 5 6 

Project Lack of adequate customer requirements 8  x x x x x 

 Unsatisfactory changes to (customer) requirements 8 x  x    

 Project is complex 6 x x x x   

 Lack of uniform PM methodology 6 x  x x   

 Lack of cross-functional team performance  6     x  

 Lack of customer involvement 5   x x   

 Lack of PM plan  5    x   

 Lack of adequate customer project team  4  x  x   

 Lack of supplier performance 5       

 Lack of product yield  4    x   

 Lack of supply chain plan 3 x      

 Lack of clearly defined project scope and objectives  x x x    

 Working under time pressure too often 3       

 Lack of feasible business case  2       

 Lack of change management    x   x 

 Lack of realistic expectations   x      

 Lack of proper management control structure   x     

 Lack of expert with business and technology knowledge   x     

 Lack of effectively mixing internal and external expertise   x     

 Organizational management change during project    x     

 Project depends much on other projects inside the firm      x  

 Lack of cost estimation      x   

 Lack of feasibility study      x   

 Poor contractor and stakeholder relationship       x 

 Lack of project cost reduction     x   

 Lack of alignment of partners’ objectives and stakes  x      

Project team Lack of required project knowledge or skills  8 x  x  x x 

 Team members changing too often 8 x      

 Lack of availability of (critical) resources at right time 6 x x x    

 Lack of team or individual (company) NPD experience 5     x  

 Lack of team members following of processes 6       

 Lack of review sessions 5       

 Lack of documenting 4       

 Lack of working on company site 4       

 Team members allocated to many projects 4       

 Lack of full timers in project team 4       

 Lack of perception management  3   x    

 High working overtime hours 3       

 Lack of motivation or believe in project 3       

 Lack of view on big picture due to milestone focus 3       

 Lack of Dutch speaking team members 2       

 Lack of company culture fit of team members 2       

 Lack of a project champion  x      

Project manager Lack of PM skills 8 x x x x x x 

 Lack of adequate ICT background of project managers 7    x   

 Lack of clearly defined and adhered roles and responsibilities 5 x  x    

 Project manager changing too often 5       

 Lack of feel for customer and commerce  4       

 Lack of involvement of other departments  4       
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4. Data understanding  
For a data analysis, it is essential to understand the data environment and to familiarize with the 

data at hand, accordingly. Hence, the objective of this chapter is to comprehend the entire data 

environment around the risk factors collected in Chapter 3. There, I collected and merged NPD 

project risks from literature and business into a final list of NPD project risks. Here, I present the 

data understanding stage of the CRISP-DM process (Figure 2). Partially inspired by Han et al. (2011), 

this data understanding stage principally involves identifying and operationalizing quantifiable 

risks, data attribute gathering, attribute description and data exploration, which I reported below.  
 

4.1. Identify quantifiable risks  
To identify quantifiable risks from the acquired final risk factors of Table 4, I held a brainstorm 

session with the data manager of Company X. The cooperation with the data manager provided 

me clear insights on what quality data was available in terms of the final risk factors. In addition, 

his objectivity towards this study made that I started the identification of quantifiable risks with the 

data manager. I listed the risk factors that we identified as derivable from Company X databases as 

quantifiable in Table 5. As the risk factors in themselves are not quantifiable from the available 

databases, the table also includes the part of the risk factor that actually is. To elaborate, the lack 

itself of the risk factor Lack of working on company site, is not quantifiable. Instead, the part member 

working on company site is. Moreover, in quantifying R03 we assumed this risk factor limits to 

Company X NPD experience. This did not come out of the blue as the Company X NPD environment 

is very unique. Besides, the part on change requests (CR) of R06, describes project modifications 

such as product requirements changes, budget or end date changes.  

Table 5. Identified quantifiable risk factors 

Risk factors Quantifiable risk factor part  

R01. Lack of working on company site  Member working on company site 

R02. Team members allocated to many projects Member allocation to projects  

R03. Lack of team or individual NPD experience  Member Company X NPD experience 

R04. Lack of Dutch speaking team members  Member nationality  

R05. Lack of full timers in project team  Member contract hours  

R06. Unsatisfactory changes to customer requirements Project change requests 

 

From the initial session with the data manager, we only identified six quantifiable risk factors. The 

unquantifiability was mainly due to the decentralization (e.g. lack of review sessions) or limitations 

of available data (e.g. lack of cross-functional team performance). More specifically, in this study, 

decentralized data is tacit knowledge (Nonaka & Takeuchi, 1996) that is not centrally stored. 

Instead, it is for instance stored in individual minds of project managers. Centralizing that data 

would be very time consuming for multiple parties. However, in cooperation with the R&D director, 

we identified another eight scorable risk factors, see below Table 6. These were risk factors of Table 

4 that either project managers or the R&D director himself could score with retroactive effect. That 

is also why I referred to these as scorable instead of quantifiable as their obtainment is different 

and is related to scoring. This difference can be observed from Table 10, namely I indicated these 

with data source survey or R&D dir., respectively. The latter two source concept elaborations can 

be found in Subsection 4.3.2. Besides the decentralization and unavailability of data, the 

unquantifiability is also impacted by the complex knowledge intensive company NPD business 

process. Generically speaking, logging data of a KIBP is already a challenge due to the significant 

role of implicit knowledge. Moreover, various stakeholder interviews revealed the negative impact 

of the NPD process complexity on the structural manageability of certain project risks.  
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Table 6. Identified scorable risk factors 

Risk factors Scorable risk factor part  

R07. Lack of uniform PM methodology PM methodology 

R08. Lack of a project champion  Project champion 

R09. Lack of adequate ICT background of project managers  Project manager ICT background 

R10. Lack of required project knowledge or skills  Project team knowledge or skills 

R11. Project is complex  Project complexity  

R12. Lack of PM skills Project manager skills 

R13. Organizational management change during project  Organizational management change  

R14. Project manager changing too often  Project manager changes 

 

Finally, we only identified 14 out of 49 final risk factors from Table 4 as quantifiable. From this point, 

these 14 are the remaining risk factors that I used in the subsequent steps to continue this study. I 

considered the other 35 risk factors unquantifiable. Since the research objective could be reached 

without these 35, I excluded these from further processing. One noticeable commonality in the 

quantifiable risk factors is that they all regard company internal risks. All external or intercompany 

project risks dropped during the quantification. 

 

4.2. Operationalize quantifiable risks 
In this section, I operationalized the 14 identified quantifiable risk factors into data attributes and 

established their definitions. Table 7 and Table 8 contain the data attributes and their 

corresponding definitions of the quantifiable and scorable risk factors, respectively. Note that the 

attribute definitions regarded employees whereas their risk factors regard members. However, at 

this point, it was unclear who are members of what project at which time. I partially introduce the 

transformation of employee data to team member data in Subsection 4.4.1 and fully execute it in 

Section 5.3. I specified the corresponding definitions in cooperation with the data manager and 

R&D director, guided by available data and common Company X definitions. The stakeholders 

reviewed them. Henceforth, I name the risk factors by its data attribute or apply the data attribute 

as a generic term. I derived the shortened data attribute names, such as OnSiteRatio, from the 

Company X definitions or devised them myself. In the subsequent two paragraphs, I provided 

clarifications to the requiring data attribute definitions. Note that the computation of the attributes 

from Table 7 happens in the subsequent gathering Section 4.3. Moreover, I characterize these 

attributes, like their data type and value ranges in Section 4.4.  

Table 7. Quantifiable data attribute definitions 

Quantifiable risk factor Data 

attribute  

Data attribute definition 

R01. Member working on company site OnSiteRatio Ratio time booked by employee in past 100d not on 

company site.  

R02. Member allocation to projects  ActiveProjects Number of projects booked on by an employee in past 30 

days.  

R03. Member Company X NPD experience ProjBook1 Employee date of 1st booking on a project  

R04. Member nationality  Nationality Employee nationality  

R05. Member contract hours  ContrHours Employee contract hours  

R06. Project change requests CrCount Number of project change requests  

 

The definition of the OnSiteRatio attribute was Company X predefined as this metric was already 

applied for monitoring purposes. We decided ActiveProjects based on the past 30 days as this is 

directly related to the concept of allocation, which was also based on 30 days. In Subsection 4.4.1, 

I discuss the key concept of allocation in full detail. ProjBook1 was a Company X definition and 

regarded the date of the first project booking as projects were typically within the R&D department. 

Considering Nationality, together with the stakeholders, we assumed people with a foreign 

nationality did not speak Dutch as the language is rarely spoken abroad. The ContrHours attribute 
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speaks for itself. Finally, regarding the last quantifiable data attribute of CrCount, the stakeholders 

and I assumed any CR was unsatisfactory as it would disrupt the project and project planning. 

Table 8. Scorable data attribute definitions 

Scorable risk factor Data attribute  Data attribute definition 

R07. PM methodology PmToolUsage Project planned in the Company X PM tool.  

R08. Project champion  ProjChamp One or more of the team members is/was a project champion. 

R09. Project manager ICT background PmTechBack Project manager technical background. 

R10. Project team knowledge or skills TeamSkills Project team skills (e.g. commitment, motivation, performance).  

R11. Project complexity  ComplexityAvg Average project complexity  

R12. Project manager skills PmSkills Project manager skills (e.g. PM, project planning and budget). 

R13. Organizational management 

change  

MgmtChg New R&D director assigned.  

R14. Project manager changes PmCount Number of project managers a project had 

 

The scorable data attribute definitions also required clarifications. More specifically, the 

PmToolUsage attribute was an assumption together with the R&D director as there are no 

mandatory PM methodologies within Company X. The available Company X PM tool would 

contribute to PM uniformity. I derived the definition of ProjChamp from combining the articles of 

Paré et al. (2008) and Van Der Panne et al. (2003). I defined a project champion as team members 

with credibility and power to encourage the project team to collaborate as a team and hurdle any 

obstacles. Another assumption I made with the R&D director involves PmTechBack, namely project 

managers not possessing a degree in the core competences of software or electrical engineering 

does not have a technical background. I derived the attribute definitions of TeamSkills and PmSkills 

from the literature sources applied in the collection of project risks from literature, see 3.1.2 and 

Appendix V. The ComplexityAvg was also assumed with the R&D director and is represented by the 

significant influence of challenges in customer, technology, external dependencies, schedule and 

production on project delay. MgmtChg only regards a change in R&D director as we assumed 

changing other director of other departments would not directly impact NPD projects. The 

attribute of PmCount does not require further clarification.  

 

4.3. Data attribute gathering  
After the identification and operationalization of quantifiable risks, it is time for gathering the 

corresponding data attributes from the available sources and describing these in detail. The data 

integration of these sources occurs in Section 5.4. Basically, the data attributes came from two 

source types, namely quantitative and expert. I reported the attribute gathering step in this section. 

Primary, I discuss the quantitative sources, thereafter the expert sources.  

 

4.3.1. Quantitative sources  

At Company X, the data is contracted to a single source of truth in a Microsoft Azure data 

warehouse. This data warehouse (DWH02) is built up using the Extract, Transform and Load (ETL) 

procedure, implemented in Microsoft Data Factory and Microsoft Databricks. The data warehouse 

is used for reporting, machine learning and other data science disciplines. Moreover, it is 

configured, managed, and administered in SQL. The most significant sources of this warehouse are 

in house-developed software systems. Most of the in house-software applications are part of the 

Company X Information System (CINS). This was also the main source of the consulted data for this 

research. See the below Figure 4 for a schematic diagram. From DWH02, I gathered various tables 

that I listed in the below Table 9. I marked DB10 with a * as that specific table did not originate 

from DWH02.  
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Figure 4. Company X data environment 

Finally, I consulted ten different database sources that formed the quantitative side of gathering 

the data attributes. I constructed the relationship model of Figure 6 to clarify the connections 

among the various sources. All relationships are of the form one-to-many (1-*). In addition to 

Figure 6, Appendix IX also illustrates the exact columns of each database source that enable linking 

the sources together. I positioned Figure 6 further down the report as it adds more value in Section 

5.4. 

Table 9. Quantitative data table sources  

Name Description Function 

DB01 [dg].[Fact_EmployeePassport] Employee working details calculated daily. 

DB02 [hours].[Fact_BookedWorkingTime] Company X working time bookings per employee possibly booked on a 

project. 

DB03 [org].[Dim_Employee] Employee personal details. 

DB04 [org].[Dim_Employment] Employee employment details. 

DB05 [org].[Fact_ContractHistory] Employee contract history details.  

DB06 [proj].[Dim_ProductLine] Product-lines within the technology programs. 

DB07 [proj].[Dim_Program] Company X technology programs. 

DB08 [proj].[Dim_Project] Project information details. 

DB09 [proj].[Fact_ResourceProjectLink] Active employees in a project. 

DB10* CroverviewWk1904 Documented CRs. These changes are of types project initiations via Project 

Request Forms, project changes via CRs and project closures via Evaluations. 

 

4.3.2. Expert sources 

The data gathered for building a model did not only originate from the quantitative database 

sources. The scored project manager surveys formed another data source type. The main objective 

of these surveys was to acquire project performances that label the dataset. The labeling of the 

data is essential in this analysis, namely to extract the function between the risk attribute input and 

performance output data. However, since we only identified six quantifiable risk factors, these 

surveys also played a significant role in an additional six scorable risk factors. Regarding the labels, 

I elaborate the underlying reason and the project performance concept in Section 4.5.  

 

The scored project manager surveys were organized one-on-one sessions in which the project 

managers filled in a predefined entry table. I supported the project managers in filling in the entries 

together to prevent them from misunderstanding survey concepts. That would harm the data 

quality of the entries. During the survey, I asked project managers to provide the number of project 

phases a project went through. Only phases that were finished were noted. The optional phases 

originate from the NPD Vee model of Appendix II: requirements, design, implementation and 

verification. These four standardized phases are widely applied throughout Company X and project 

managers are well familiar with them. Potentially these four phases were executed multiple times 

if projects were to redesign their prototypes due to technical deficiencies. I discuss the selected 

projects for which the phases were noted in Section 4.6.  

 

After the project phases were indicated by the project managers, they had to specify the start and 

end dates of these phases. They knew the start and end dates best as they managed the projects 
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at the time. The matching of the dates was done by going through historic plannings. Next, the 

project managers graded the project performances per project phase, see Subsection 4.5.1 for 

further elaborations. The performances were graded from 1 (very low) to 7 (very high). I chose this 

rather uncommon performance scale to stimulate the project managers to think carefully about 

their past project performance. Additionally, I asked the project managers to score risk factors that 

were not gatherable from the database sources. These were the scorable risk attributes R7 to R11 

and R14 (see Table 6). Lastly, all project manager survey entries were reviewed moderately by the 

architects of the project to double check the correctness of the entries. I deleted the entries that 

were debatable from the dataset. Besides, the obtainment of scored data through the surveys, I 

acquired the data attributes R12 and R13 from the R&D director. Regarding R12, he assessed all 

project managers on their skills based on the definition of Table 8. Moreover, the date of his 

promotion to R&D director formed R13. Finally, to link the expert survey data to the relationship 

model of Figure 6, I used the SapProjectId common column. More specifically, I could connect the 

project phase data with a many-to-one relationship with DB08.  

 

4.4. Data attribute characteristics 
In this section, I further characterize the data attributes. The subsequent tables contain all attributes 

that I required to execute this data analysis. In characterizing all, I tabulated their characteristics, 

types and sources based on their descriptive and data attribute nature. Appendix X includes the 

descriptive attribute characteristics and the below Table 10 the data attribute ones. The descriptive 

attributes only functioned to describe background information on the different data objects, 

whereas the data attributes were actually fed to the models. The attributes in Appendix X marked 

in italics represent indirect attributes (e.g. ProgramId) as I used these to connect other direct 

attributes (e.g. Program) that are part of the final dataset. Besides, it is key to realize that each data 

object in the final dataset resembled one project phase from a specific project. In the aim of 

analysing the contribution of the project phase concept in this study, I included five phase 

attributes. These are PH01 to PH05 in Table 10 that I explain below.  

 

In the below Table 10, there is only one indirect attribute presented. However, this is the key 

attribute Allocation30. I introduce that attribute in the next subsection, explanations and 

motivations can be found in there. In addition, the data attributes in the below Table 10 marked 

with (R), were reversed attributes. This implied these, expectedly, contributed positively to project 

performance. Specifically, these were the reversed attributes as the definition of risk adopted in 

Chapter 2, only considered their negative effect. In terms of explaining the attributes of the below 

table, attribute R11 on project complexity is a ratio as it is the average of five binary values entered 

by the project managers during the surveys. All other attributes speak for themselves. Lastly, note 

that the nominal type does not have a value description as it had no value at all.  

 

I added five additional phase attributes to the 14 risk attributes to analyse the contribution of 

project phases to risks and performance. PhaseType was an ordinal version of ProjectPhase from 

Appendix X. PhaseIteration represented the iteration of which a specific phase type has already 

been through for a specific project at that point. PhasesTotal reflected the total phases a specific 

project has been through for a specific project at that point. The phase progress attributes 

ProgressDelta and ProgressAvg were ratios. ProgressDelta represented the progress increase a 

phase made, where I defined progress as the amount of time consumed compared to total project 

duration. ProgressAvg represented the progress halfway of a specific phase. That is as phase 

performance was performance for the entire phase, so I took the center phase progress to reflect 

the average phase progress. I discuss the construction of ProgressDelta and ProgressAvg in Section 

5.3. 
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Table 10. Data attributes value characteristics 

Data attribute Value description Type Data 

source 

R01. OnSiteRatio (R) 1.0: all booked hours on company site, 0.0: none. Ratio DB01 

R02. ActiveProjects 19: 19 active projects, 1: 1 active projects. Numeric DB11 

R03. ProjBook1 01-01-2013: first project booking employees from 01-01-2013 or before,  

01-04-2019: first project booking of newest employee. 

Numeric DB02 

R04. Nationality   Nominal DB04 

R05. ContrHours (R)  40: full time contract, 0: zero hours contract. Numeric DB05 

R06. CrCount 22: 22 change requests, 0: 0 change requests. Numeric DB10 

Allocation30 1.0: all hours on 1 project, 0.01: 1% of all hours on a project (see Section 5.1).  Ratio DB11 

R07. PmToolUsage (R) 1: tool actively used, 0: tool not actively used.  Binary Survey  

R08. ProjChamp (R) 1: project champion in project, 0: no project champion.  Binary Survey  

R09. PmTechBack (R) 3 (high): electrical or software background, 2 (medium): mechanical 

background, 1 (low): untechnical background. 

Ordinal Survey 

R10. TeamSkills (R) 7: perfect team skills, 1: terrible team skills. Ordinal Survey 

R11. ComplexAvg 1: very high project complexity, 0: very low project complexity.  Ratio Survey 

R12. PmSkills (R) 7: perfect PM skills, 1: terrible PM skills.  Ordinal R&D dir. 

R13. MgmtChg 1: new R&D director, 0: no new R&D director. Binary R&D dir. 

R14. PmCount 3: 3 project managers on project, 1: 1 project manager on project. Numeric Survey 

PH01. PhaseType 1: requirements, 2: design, 3: implementation, 4: verification. Ordinal Survey 

PH02. PhaseIteration 4: phase iteration of 4, 1: phase iteration of 1. Numeric Survey 

PH03. PhasesTotal 14: 14 phases in total, 1: 1 phase in total.  Numeric  Survey 

PH04. ProgressDelta 0.0: no progress made, 1.0: all progress made in one phase. Ratio Survey 

PH05. ProgressAvg  0.0: project just started, 1.0: project finished. Ratio Survey 

 

4.4.1. Allocation  
Despite that this is a subsection, the allocation concept played a crucial role in linking all data. 

Namely, in this study, it is critical to know who is active in which project during what period. These 

elements are the link between the individual employee data and the final data objects that are 

project based. In this subsection, I explain how this was achieved.  
 

From CINS a table ([proj].[Fact_ResourceProjectLink]) is available for which a script runs nightly, 

determining what resources are active in which projects. This activeness is derived from the 

Company X PM tool in which, among other things, project resources and their statuses are 

maintained. However, these activeness statuses are very unreliable as project managers are not 

actively stimulated to put resources to inactive timely. Therefore, to ensure data consistency, a 

redesign for the critical link between individual employee data and the final data objects was 

required. 
 

Hence, the [proj].[Fact_ResourceProjectLink] table is replaced by a table named Allocation (DB11). 

In Figure 6 this can be noted from the dashed arrows connecting Fact_ResourceProjectLink to 

Dim_Project and Dim_Employee. The dashed arrows indicate that their relationships are inactive. 

This is an initial step in improving the current Company X project data situation. I positioned Figure 

6 further down the report as it adds more value in Section 5.4. The aim of creating this allocation 

table is to obtain a much more reliable link indicating who is active in which project during what 

period. I realized the allocation table by means of an algorithm in Microsoft Azure. The algorithm 

runs daily and is implemented in the Microsoft Data Factory storing the table in the data warehouse 

(DWH02). I provide the pseudocode of the algorithm below:  

 
Definition of hours booked on a certain project in a certain period 

Calculate the from date by subtraction time delta of the period by the Datestamp 

Filter all hours that are booked after the from date 

   Group all hours by a certain employee by the sum of the specified hours filtered 

   Group all hours of all employees in the specific period by Group  

   Calculate the allocation for the employees and write it to a percentage 

Return the percentage of allocation given a certain time period the allocation is grouped by 

employees and booked hours of those employees  
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Set fixed variables of start and end date 

Create empty structure to store all generated data 

Loop over all days in scope to calculate the allocation for every day in the range 

 

while start_date <= now:  

{ 

  Retrieve all hours from the booked hours regarding the start date 

Trigger allocation calculation with the start hours, start date and historical period 

(days) for 100 days 

Trigger allocation calculation with the start hours, start date and historical period 

(days) for 90 days 

Trigger allocation calculation with the start hours, start date and historical period 

(days) for 60 days 

Trigger allocation calculation with the start hours, start date and historical period 

(days) for 30 days 

   

   Print result to the DWH02 

   Write generated_data with the calculated and processed allocation 

   Reset the start+date to a +1 to run the next day 

   Next day of calculation when smaller than now() 

} 

 

Now that I generated the allocation table, the next step is to determine after how many days of no 

bookings an employee has gone inactive. That is as not booking on a project for a number of days 

does not imply the employee is inactive directly. I left this determination to the stakeholders of 

Subsection 1.4.1 as they best experience when employees do not book but may still be active. All 

stakeholders independently and unanimously determined Allocation30 corresponds most reliably 

with the actual situation out of all options. That is because no bookings over 30 days could 

definitely imply the employee has gone inactive or at least does not contribute to the project 

performance significantly. Moreover, the stakeholders stated that 30 days is the minimum due to 

potential holidays or inactive periods in projects.  

 

4.5. Project performance label 
In addition, the gathered data objects also contained labels. I perform the gathering and 

characterizing of the project performance labels in this section and its Subsection 4.5.1. The labels 

were key in analyzing the contributions of project risks to performance. Namely, to provide some 

theoretical background, two clear distinctions are made within the field of practical machine 

learning, namely unsupervised and supervised learning. According to Han et al. (2011), 

unsupervised learning is characterized by only having input data without any corresponding labels. 

Supervised learning does encompass input data and corresponding labels. The supervised 

approach is applied to extract the mapping function running between the input and output data.  

 

The objective of this research is to acquire contributions of NPD project phase and risk attributes 

to a good project performance. This demands to extract a model or function running from the 

attribute input data towards the project performance labeled output data. Hence, the project data 

attributes gathered in the previous sections require to be labelled in the form of a project 

performance. I elaborate the attainment of these performances in the next paragraph.  

 

Where the quantitative data originated mostly from CINS, the scored data was acquired during the 

project manager surveys. The project performance of the selected projects was graded by the 

project managers and subsequently reviewed by the project architects. The scoring was executed 

on thoughtfully constructed project performance statements per project phase. These statements 

are based on the QLTC principal discovered during the stakeholder interviews (see Section 3.2). 

That is as from these interviews, this principal appeared to play a central role in how project 

managers assess the performances of their projects. I created the statements in cooperation with 

the NPD and PM process owners and reviewed these with the R&D director. One should realize 

that the completeness and unambiguity of the statements is vital in obtaining accurate and 
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consistent performance scores. Lastly, the project managers were requested to grade the 

statements in accordance with internal performance rather than customer perceived performance. 

That was because the risk attributes from Table 10 are also internal risk factors.  

 

In Appendix XI, I tabulated the project performance statements and indicated the statements with 

the QLTC principal. The precise statements involve process requirements such as annual numbers, 

yield and service. The logistics version encompasses project milestones. Product requirements such 

as functional requirements, lifetime and norms, belong to the technology statements. The cost 

statements are twofold and involve the Bill of Materials/End User Price target and Company X 

investment. Lastly, the requirements phase contains a general statement (G). That was to prevent 

project managers from unintentionally including general topics in the assessment of the other 

statements. Examples are: customer organizational structure, contracts, way of working, intellectual 

property, communication structures and resources.  

 

4.5.1. Performance label characteristics 
The performance consisted of four factors, namely Q, L, T and C. The project managers scored 

these from 1 (terrible performance) to 7 (perfect performance). QLTC denoted the average 

performance of all individual Q, L, T, C factors. I did not include the general factor in the average 

as it only functioned for factor purity. To convert the performances from 1 to 7 to the QLTCclass 

labels, I created label boundaries together with the R&D director. The boundary conversion was as 

follows: 1 to 4 is bad (1), 4 to 5.5 is medium (2) and 5,5 to 7 is good (3). That is as Company X strives 

for high quality products, meaning project performing up to a score of 4 are considered bad. In 

converting the separate Q, L, T and C performances to the Qclass, Lclass, Tclass, Cclass labels, I used 

the same boundaries for bad, medium and good. Lastly, to further clarify what the final dataset 

looks like, Section 5.4 contains all final dataset columns and its first data object row. 

Table 11. Label value characteristics 

Data label Label definition Type Date 

source 

QLTCclass  

 

Class to which average performance belongs.  

3 is good performance, 1 is bad performance.  

Ordinal Survey  

Qclass, Lclass, 

Tclass, Cclass 

Class to which separate performances belong. Cclass represents the average of 

scores on C1 and C2. 3 is good performance, 1 is bad performance. 

Ordinal Survey  

 
4.6. Project selection  

The project selection procedure also plays a significant role in the research. More specifically, by 

choosing inappropriate projects or wrongly periodizing project phases, the model accuracy 

drastically regresses. The procedure consists of two parts, namely an initial scoping and an actual 

selection.  

 

The initial scoping entails three steps originating from data availability restrictions, project scope 

(Section 1.6) and for efficacy reasons. Primarily, only projects with start date later than 01.01.2013 

are in scope. Since hour booking data has only been logged in the current usable manner since 

2013. In addition, only NPD projects are in scope, implying integrated manufacturing services and 

lifecycle management projects are not, as these do not go through the NPD process comparably. 

Also, only projects that completed 4 or more project phases are included to reach a satisfactory 

degree of efficacy during the surveys. Namely, for project managers, reevaluating old projects is 

rather time consuming. These three scoping steps reduced the initial 1074 Company X projects 

(until April 2019) to 242. 
 



 

24 
 

Next, I performed the actual selection in close cooperation with the 12 surveyed project managers. 

From the project list after initial scoping, the project managers could only select projects with 

accurate plannings of how the projects have actually been executed. That is to guarantee that the 

start and end dates of project phases were indicated truthfully. Besides, the corresponding project 

managers required to still be active at Company X as interviewing inactive employees was 

unachievable. Lastly, as many projects were surveyed such that I obtained sufficient project phases 

for a quality data analysis. 
 

4.7. Data exploration  
As part of exploring the gathered data attributes, I discuss their metrics and boxplots in this section. 

I stored the data attribute metrics in Table 12 and Table 13, and their histograms in Appendix XII. 

Table 12 contains all quantitative attributes R01 to R06 and Allocation30. Table 13 encompasses all 

scored attributes, being R07 to R14 and PH01 to PH05. The explored metrics are the standard 

descriptives: count, mean, std, min, 25%, 50%, 75% and max. Respectively, they represent the 

number of data points, the average value, the standard deviation value, the minimum value, the 

first quartile, the median value, the third quartile and the maximum value. 

Table 12. Quantitative attribute metrics 
 R01.  

OnSiteRatio 

R02.  

ActiveProjects 

R03.  

ProjBook1 

R05.  

ContrHours 

R06.  

CrCount 

Allocation30 

Count 360,035 925,730 1360 2,776,750 1414 2,134,696 

Mean 0.825 2.306 27-09-2015 29.339 3.948 0.323 

Std 0.109 1.816 2.130 days 15.460 3.390 0.317 

Min 0 1 01-01-2013 0 0 0.010 

25% 0.778 1 04-06-2013 12 1 0.046 

50% 0.842 2 01-09-2015 40 3 0.166 

75% 0.900 3 20-09-2017 40 5 0.572 

Max  1 19 01-04-2019 40 22 1 

Table 13. Scored attribute metrics 
 R07.P

mTool 

Usage 

R08. 

ProjC

hamp 

R09.P

mTec

h 

Back 

R10.  

Team 

Skills 

R11.  

Compl 

Avg 

R12. 

Pm 

Skills 

R13.  

Mgmt 

Chg 

R14.  

PmCo

unt 

PH01. 

Phase

Type 

PH02. 

Phase 

Iterat

n 

PH03. 

Phase

sTotal 

PH04. 

Progr

esDelt

a 

PH05. 

Progr

essAv

g 

Count 176 176 176 176 176 176 176 176 176 176 176 176 176 

Mean 0.773 0.364 2.892 5.261 0.356 6.074 0.080 1.170 2.614 1.727 4.909 0.131 0.514 

Std 0.420 0.482 0.329 1.074 0.323 0.624 0.271 0.459 1.047 0.858 3.079 0.108 0.302 

Min 0 0 1 1 0 2 0 1 1 1 1 0.008 0.013 

25% 1 0 3 5 0 6 0 1 2 1 2 0.050 0.255 

50% 1 0 3 6 0.2 6 0 1 3 2 4 0.111 0.532 

75% 1 1 3 6 0.6 6 0 1 3.25 2 7 0.182 0.779 

Max  1 1 3 7 1 7 1 3 4 4 14 0.642 0.995 

 

The obtained data originated from quantitative and expert sources. Table 12 contains the 

quantitative attributes that mainly originated from CINS. Except for R03 and R06, their counts are 

enormous as calculations are daily per project, per employee, or even per project per employee. 

Exceptions R03 and R06 are smaller in count as these are static and therefore not calculated daily. 

Note that I did not include R04 in the table as that is a nominal attribute. Moreover, as project 

phases represented the data objects in the final dataset, eventually I aggregate all attributes to the 

number of project phases in Section 5.4. Unfortunately, the project manager surveys appeared very 

time consuming, meaning I only obtained 176 project phases of 23 projects in total. Lowering the 

survey effort would be at the expense of project performance accuracy and consistency. For that 

reason, I decided not to lower this effort. However, this limited final dataset potentially impacts the 

to-be build model drastically. Due to the limited obtainment of 176 project phases, the scored 

attribute counts of Table 13 all also amount 176. In addition, I also aggregated the enormous counts 

of the quantitative attributes in Table 12 to 176. I achieved this by averaging all daily data points 

per project and per employee that fell within the start and end dates of a certain project phase. 
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Lastly, in Appendix XII, I present histograms on the data attributes and labels to further 

accommodate the metrics tables.  

 

In addition, I included a boxplot in Figure 5 to provide insights in the attribute distributions. The 

boxplot only contains the normalized numeric and ratio attributes of Table 10. That is as the 

visualization of nominal, binary and ordinal attributes is not valuable. I normalized all included 

attributes to fit them well into one figure. Also, I changed the date values of ProjBook1 to serial 

values.  
 

 

Figure 5. Boxplots of all numeric and ratio attributes 

The interquartile ranges of Figure 5 show the attribute distributions. For example, the normalized 

ActiveProjects attribute focuses very much around 0.08, whereas the distribution of ProjBook1 is 

rather wide. Moreover, the medians of some attributes are in the middle of the interquartile ranges, 

such as OnSiteRatio. Others are distributed skew, like the PhaseIteration attribute. Lastly, multiple 

attributes contain plots that are outside of the boxplot whiskers. However, these are not considered 

outliers as I further explain in Section 5.2.  

 

4.8. Data quality 
In performing a high quality and reliable data analysis, the data quality must be of an acceptable 

level. According to Han et al. (2011), six factors represent data quality, being accuracy, 

completeness, consistency, timeliness, believability and interpretability. I assessed the data quality 

of the data used for this study according to these six factors, in the subsequent paragraphs.  

 

Accuracy indicates whether the stored data values are correct. In this situation, the project phase 

start and end dates were not completely accurate. Despite that I only included projects that had 

accurate plannings, this still left room for inaccurate entries. Namely, plannings are never an exact 

copy of the actual execution. Moreover, typos could be made in manually entering data. 

Additionally, in quantifying risk factors into data attributes, I made certain assumptions and 

possible simplifications that potentially harm the accuracy. However, I minimized the impact of 

these assumptions by closely cooperating with the R&D director, the stakeholders and a data 

manager. Moreover, I dropped all risk factors that would possibly seriously harm the accuracy in 

measuring them.  

 

Completeness reflects data that is missing, which did not influence this study much. Namely, there 

were no missing scored data attributes as I held surveys together with the project managers. That 

gave me the opportunity to prevent them from not filling in specific data entries. Regarding the 
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quantitative data, I could not rule out that no data was missing due to the enormous data points. 

However, as I drastically aggregated this data, the impact of missing some data points would be 

negligible.  

 

Consistency refers to whether data values are uniform across different instances. Generally 

speaking, human assessments are very sensitive to inconsistency. More specifically, two different 

persons may interpret and assess the same thing very differently. This particularly played a 

significant role in the gathering of the project performance labels via the project manager surveys. 

I minimized this by creating complete and unambiguous performance statements. I created these 

in cooperation with the NPD and PM process owners and reviewed these with the R&D director. 

Yet, this did not rule out the optimistic and pessimistic characters with which different people could 

possibly evaluate the same thing differently. I also aimed to minimize this by reviewing the survey 

entries by the project architects.  

 

Timeliness reflects the time delay between data capture and the real-world occurrence. As I only 

included completed project phases and as quantitative data attributes were measured daily, there 

was no time delay. However, in the indirect attribute allocation30 there existed some delay. Namely, 

project members were potentially considered members until 30 days after their last project 

booking. I accepted this delay as the inactiveness of employees does not instantly influence project 

performance. Also, a delay exists in their contribution to performance.  

 

Believability indicates the data trustability among users (Han et al., 2011). Despite that the 

consulted data was not intended and stored for this study, it is applied in different applications. 

For these applications, Company X data experts built the DWH02 databases from Section 4.3, using 

ETL. Therefore, Company X data experts do not distrust the DWH02 data I consulted for this study.  

 

Interpretability refers to the data understandability among users (Han et al., 2011). In this 

application, to reach from the initial risk factors to data attributes that are interpretable by 

algorithms, I did many calculations. That did not benefit the interpretability of the final dataset. 

However, as the application was widely understood, explaining the final dataset and model 

outcomes was not a problem. Moreover, this extensive Chapter 4 contributes extensively to the 

understandability of this study.  
 

4.9. Conclusion  
Conclusively, in this data understanding stage of the CRISP-DM framework, I identified and 

operationalized 14 quantifiable risk factors to data attributes. Next, I gathered their values from 

quantitative and expert project manager survey sources. Also, I designed the allocation concept 

that replaced the inadequate but crucial link between employee and project data. Lastly, in terms 

of data quality, there were definitely some deficiencies in the gathered data potentially harming 

the model outcomes. However, by implementing the data adaptations or counteractions from 

Section 4.8, I tried to minimize this impact. Besides, there are always data quality limitations present. 

In the subsequent Chapter 5 on data preparation, I pre-process the gathered data attributes into 

one final dataset.   
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5. Data preparation 
Before actually building models on the gathered risk data attributes from the final NPD project 

risks, I preprocess the data in this chapter. In the preceding chapters, I collected the final NPD 

project risk list, and quantified and gathered the corresponding risk attribute values from various 

sources. Here, I fully prepare these quantitative and expert sources forming the data preparation 

stage of the CRISP-DM process (Figure 2). In the below sections, I select, clean, construct, integrate 

and reduce that raw data. These steps are inspired by Shearer (2000) and together result in a final 

dataset ready for modeling.  

 

5.1. Data selection 
In this section I would supposedly decide on what data to include and exclude towards the final 

dataset. Nevertheless, the data selection was essentially already mostly done as part of the data 

understanding in Chapter 4. Namely, in cooperation with first the data manager and later the R&D 

director, we selected the quantitative and expert data sources. We did so in selecting their content 

related to the identified and operationalized risks. Appendix X and Table 10 of Section 4.4 clearly 

illustrate from what data sources I selected the attribute data. Namely, either from the quantitative 

source tables of Subsection 4.3.1 or from the expert sources of 4.3.2. Another form of data selection 

were the projects that I surveyed with the project managers. More specifically, the final dataset 

only contained quantitative attribute data belonging to the project phases obtained from this 

survey. I explain that in further detail in the data integration of Section 5.4. Finally, I made another 

data selection step in terms of the indirect allocation30 attribute. More explicitly, I only considered 

values larger than 0.01 (1%). That is as together with the stakeholders, we decided that project 

bookings of less than 1% in 30 days are negligible contributions to the performance of that project. 

This selection step also concerns other quantitative attribute data as the allocation30 attribute links 

employee data to project data.   
 

5.2. Data cleaning  
Principally, raw data is always ‘dirty’ and therefore requires a significant cleaning step for building 

successful models. Nevertheless here, as described in Section 4.3, the quantitative data sources 

came from a data warehouse (DWH02) that is loaded by the ETL. Essentially that meant the data 

was not raw anymore as the ETL also performs cleaning steps. Moreover, I only identified 

quantifiable attributes with the data manager of which the data was actually good quality. In 

addition, the DWH02 data is also applied in other applications across Company X, indicating the 

confidence in this data. Because of that, the gathered data required fewer data cleaning steps than 

usual. Nonetheless, the expert sources could actually contain ‘dirty’ data. As part of cleaning the 

data of this study, I still discuss missing values, noisy data, outliers and inconsistencies in the 

subsequent paragraphs.  

 

In terms of missing values from the quantitative sources, some projects in DB08 did not have a 

program and product line. That is as these project groupings were implemented not that long ago. 

I put these missing values to unmapped. From the expert sources side, I requested project 

managers to fill in missing values if they reported any back. That way I also did not obtain any 

substantial missing values from the scored data. By exploring the data sources gathered in Section 

4.3, there was not much noisiness to be encountered. In terms of surveyed project phases, I did 

delete two project phases that were still running. I did that for uniformity reasons as these instances 

were substantially different from phases that were already ended.  
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Regarding outliers, I did not detect any on the scored attributes as their entry values were rather 

limited. For the quantitative attributes I analysed the metrics of Table 12 to see if the minimum and 

maximum values were realistic. I suspected the below values and therefore reviewed these with the 

data manager. The suspects were an OnSiteRatio of 0.0, an ActiveProjects of 19 and a CrCount of 

19. The conclusion was that all were realistic. Namely, occasionally certain employees work off 

company site for 100 days when for instance working on customer site. Moreover, for employees 

with certain roles it was rather ordinary to participate in a maximum of 19 projects over 30 days. 

Finally, long lasting projects, could potentially reach a CrCount of 19.  

 

Lastly, the data inconsistences required to be removed. All survey entries by the project managers 

were reviewed by the project architects. The project phases containing questionable entries were 

deleted from the dataset. Moreover, in the quantitative DB10, I came across two inconsistencies, 

namely two CRs were documented on dates deviating from their CR document dates. I talked to 

the responsible project managers for these specific cases to ensure the documented dates were 

correct. 
 

5.3. Data construction  
In this preparatory step, I constructed new data attributes from gathered attributes that were not 

yet suitable for modeling. In this application, unsuitable data risk attributes were ProjBook1, 

Nationality and ContrHours. That is as the static value of ProjBook1 was of form date and Nationality 

was a static nominal value (e.g. Dutch). Also, ContrHours was inappropriate so far as it represented 

the risk factor lack of full timers in project team. However, the contract hours require a construction 

before actually representing that risk factor. Lastly, I construct the phase attributes ProgressDelta 

and ProgressAvg here.  

 

For the ProjBook1 attribute to represent its risk factor lack of team or individual NPD experience, I 

replaced it by the TenureRatio attribute. However, to construct the TenureRatio attribute, a primary 

data integration step was required. For that reason, I postponed the construction to the subsequent 

data integration section.  

 

Secondly, for Nationality to reflect its risk factor lack of Dutch speaking team members, I changed 

it to DutchRatio. I constructed this attribute by transforming Nationality into a binary attribute, 

namely nationality Dutch became 1 (True) and the others became 0 (False). The binary DutchRatio 

attribute was not a ratio here yet. However, in the subsequent integration section, aggregating 

these binaries by taking averages did develop ratios. For that reason, I already labelled this attribute 

as DutchRatio. Also, TenureRatio and DutchRatio were reversed attributes as these expectedly 

positively contribute to project performance. Their predecessors ProjBook1 and Nationality were 

indecisive.  

 

Thirdly, as the ContrHours did not represent the full timer factor as its risk factor did, I replaced it 

by FullTimerRatio. I constructed this attribute by dividing the ContrHours by 40, such that I valued 

full timers with 1 and part timers proportionately to 1. Note that at Company X employees with 

contract hours of at least 36 hours were considered full timers. Therefore, I updated all 

FullTimerRatio values of 0.9 (36 hours) or higher to 1.  

 

Lastly, I simply constructed ProgressDelta and ProgressAvg using the start and end dates of a 

specific project phase in contribution to the project end date. This end date is an estimation of 

when a project is expectedly finished.  
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5.4. Data integration  
In this application, integrating data encompasses combining all data tables from Figure 6 into one 

final dataset ready for modeling. Here, as part of the integration, all quantitative data attributes 

endured some form of aggregation. I already introduced that necessity in previous Sections 4.7 

and 5.3. In addition to the integration, I also discuss the postponed TenureRatio construction here.  

 

 

Figure 6. Relationship model of data sources 

The allocation table DB11 containing the indirect allocation30 attribute formed the center of the 

integration. That is as it connected the employee quantitative attributes to the project phase scored 

attributes, see Figure 6. Remember the allocation table contained daily calculations on the portion 

of hours booked by an employee on a specific project for the past 30 days for all projects for all 

employees. I used this table as it contained the data on who were project team members on which 

project during what time. Primarily, I joined the employee attributes with the allocation table, being 

OnSiteRatio, ActiveProjects, ProjBook1, DutchRatio and FullTimerRatio. I joined based on their 

CINSIds and/or their dates as some employee data attributes were static and others were generated 

daily. The result of this integration was that the employee attributes were now linked to the projects 

on which they booked hours.  

 

Now that I joined the ProjBook1 dates with the allocation table, I could finally construct the 

TenureRatio attribute. At this point I referred to team members instead of employees again as it 

was now clear who were members of what project at any moment in time. To calculate the team 

member experience at a given time, I subtracted the first booking date from the allocation date. 

As within Company X R&D it was assumed the average education time of new personnel was 2 

years, I took a maximum of 730 days for the subtracted value. Thereafter, I normalized this such 

that I valued team members with a tenure of 2 years or more with 1 and members that just started 

with 0.  

 

Thus far, I joined the employee (or now team member) left side of Figure 6 in the allocation table. 

The subsequent integration step was to join this allocation table to the scored attribute table 

(survey entries table), with the project phase attributes and labels. These basically were all the 

remaining attributes and labels from the below Table 14, except CrCount. As specified in Section 
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4.7, the allocation and scored table contained very different abstraction levels. Namely, the 

allocation table contained daily data per project per team member for all booked projects and 

booking team members. Whereas the scored table contained project phase data of only 23 

projects. To achieve the integration, I aggregated the risk attributes R01 to R05 from daily individual 

values to project phase team averages. I did so by averaging all their attribute values that matched 

the SapProjectId of a project phase and that fell within the start and end dates of that phase. In 

joining the allocation table to the scored table, also all project data on non-surveyed projects was 

left out. Lastly, I integrated the CrCount attribute to the final dataset via SapProjectId.  

 

Finally, as part of the data reduction step, I remove all descriptive attributes as these primarily 

functioned to describe and distinguish the different data objects. In Table 14 I tabulated all data 

attributes and labels that were part of the final dataset after the data preparation stage. Observe 

that the allocation30 attribute disappeared as that was an indirect attribute. To further clarify what 

the final dataset looks like, Table 15 contains the values of first data object row of the final dataset. 

As explained in Section 4.4, the data attributes in Table 14 marked with (R), were reversed attributes. 

This implied these, expectedly, contributed positively to project performance. 

Table 14. Data attributes and labels of final dataset 

Phase attributes  Risk attributes  Performance 

labels 

PH01. PhaseType R01. OnSiteRatio (R) R06. CrCount R11. ComplexAvg QLTCclass 

PH02. PhaseIteration R02. ActiveProjects R07. PmToolUsage (R) R12. PmSkills (R) Qclass 

PH03. PhasesTotal R03. TenureRatio(R) R08. ProjChamp (R) R13. MgmtChg Lclass 

PH04. ProgressDelta R04. DutchRatio (R) R09. PmTechBack (R) R14. PmCount Tclass 

PH05. ProgressAvg  R05. FullTimerRatio (R) R10. TeamSkills (R)  Cclass 

Table 15. First data object row values of final dataset 

PH01 PH02 PH03 PH04 PH05 R01 R02 R03 R04 R05 R06 R07 R08 

1 1 1 0.32 0.16 0.853 3.104 0.697 0.824 0.933 0 1 0 
 

R09 R10 R11 R12 R13 R14 QLTCclass Qclass Lclass Tclass Cclass 

3 2 0.6 6 1 1 2 3 1 3 1 

 

5.5. Conclusion  
Conclusively, the data preparation stage of the CRISP-DM framework developed a final dataset. By 

first selecting and cleaning the data. Subsequently, some risk attributes required a construction 

step. Lastly, I carefully integrated all data sources together in which the allocation table played a 

crucial role. Finally, this resulted into a final balanced dataset containing five phase attributes, 14 

risk attributes, five performance labels and 176 phase data objects. In the next Chapter 6 on 

modeling, I build models and assess their performances. I achieve so by implementing various 

algorithms using the final dataset.  
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6. Modeling  
In the preceding chapters, I collected NPD project risks from both the literature and business 

perspective. Thereafter I quantified these into data attributes and gathered corresponding data 

objects. Since the data originated from various sources, I brought these all together and fully 

prepared them for this chapter. More concretely, the study arrived at constructing models that aim 

to predict the contribution of risk attributes to performance labels. This brings the research 

substantially closer to realizing its objective. This chapter forms the modeling stage of the CRISP-

DM process (Figure 2). In the following sections, I select a modeling technique, create hypotheses 

and perform a correlation analysis. Moreover, I generate a test design, build models and assess 

their performances. These steps are inspired by Shearer (2000).  
 

6.1. Select modeling technique 
Prior to building the actual models, I first selected the appropriate modeling technique with care. 

That is as the technique should match the data and application well. Each technique has its 

individual method that works well for diverse situations. Figure 7 is inspired by Rokach and Maimon 

(2015) and provides a taxonomy of various data mining techniques that passed by during the 

modeling technique selection. In terms of the data and application of this study, it is rather 

straightforward that the classification method fits best. I explain this, together with other technique 

selection motivations, in more detail in Appendix XIII. The brief explanation to this sounds as 

follows. The study objective is to discover predictive contributions of risk attribute input data to 

performance label output data. Particularly, project risk contributors to project performance.  

 

Data mining paradigms

Verification Discovery

Prediction Description

Classification Regression

Neural 
networks

Bayesian 
networks

Classification 
decision trees

Support vector 
machines

Instance based

 

Figure 7. Data mining methods taxonomy (Rokach and Maimon, 2015) 

Selecting the classification method when it comes to the objective of this study was rather trivial. 

However, for the classification model selection the motives are closer to one another and require 

more sense of the subject. Kotsiantis (2007) published a highly cited reviewing article on 

classification techniques that supports Figure 7 in the modeling technique selection of this section. 

Appendix XIII contains the overview of his review outcomes and elaborates his compared 

techniques.  

 

To select the appropriate modeling technique, the superiority of learning algorithms towards 

others is not most critical. Contrarily, it are the circumstances under which a specific technique 

outperforms others on a specified application problem (Kotsiantis, 2007). For this study, the 

circumstances can best be described as requiring a transparent, self-explanatory and, above all, 

swiftly built and adjusted technique. These requirements originate from the fact that the outcomes 

require easy interpretability of the R&D director and the reviewing stakeholders.  

 

The critical items from Appendix XIII that match the above requirements best are: dealing with 

discrete/binary/continuous attributes, explanation ability/transparency and model parameter 

handling. Therefore, I selected the decision tree method for the modeling of this study as decision 
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tree scores really well on these critical items. The Naïve Bayes technique also comes close but 

scores really low on three items that could still influence the final model negatively.  
 

6.1.1. Select classification tree algorithm 

In fields as finance, marketing and engineering, classification DTs are frequently exploited (Rokach 

& Maimon, 2015). In addition to the selection of the DT classification method, I still require electing 

the appropriate algorithm. In Appendix XIII, I explain the classification algorithm principle. Also, I 

review fuzzy DTs, and DT versions ID3, C4.5 and CART (Classification and Regression Trees). I based 

the review on the book of Rokach & Maimon (2015). Moreover, I decided to initially review the 

latter three as these are very standard and widely applied. By using these general algorithms 

primarily, this study reveals what optimizations are to be made to the starting algorithm. If it turns 

out that the models of the selected DT algorithm are not satisfactory, I could still look into less 

standard algorithms.  

 

Thus, in Appendix XIII, I reviewed various well-known induction algorithms and briefly explored the 

world of fuzzy DTs. Building a fuzzy DT algorithm from scratch does not fit within the scope of this 

study due to its extensiveness. Moreover, the ID3 (Quinlan, 1986) inducer is too limited in dealing 

with value types and pruning for the application of this research. Both C4.5 (Quinlan, 1993) and 

CART (Breiman et al., 1984) seem very suitable. However, CART supports an additional 

misclassification function and is better interpretable and usable due to its binary character. 

Therefore, I select the Decision tree CART algorithm for the analysis of this research.  
 

6.2. Hypotheses 
To enhance the ability to assess the final model quality, I constructed hypotheses in cooperation 

with the stakeholders (Subsection 1.4.1). These hypotheses also function to verify the stakeholder 

knowledge in terms of NPD risk factors and their contribution to project performance. The general 

hypotheses can be found below, which I evaluate in Subsection 7.2.2.  

 

Hypotheses: All risk factor attributes negatively contribute to the project performance, where these 

influences vary over different scenarios and different project phase attributes.  

 

Note that the reversed risk factor attributes from Table 14 obviously, expectedly, positively 

contribute to the project performance. Moreover, regarding the attributes PhaseType, 

ProgressDelta, ProgressAvg and MgmtChg we left the contribution direction indecisive at this point. 

Lastly, I refer to the plural version of hypothesis as the single sentence combines multiple 

hypotheses.  

 

6.3. Correlations  
For project phase and risk attributes to be good predictors of project performance labels, I 

performed a pairwise correlation analysis (Han et al., 2011). For those project phase and risk 

attributes correlating weakly with performance, it is expectedly harder to be good predictors of 

project performance labels.  

 

The below Figure 8 illustrates the correlation matrix that resulted from the pairwise correlation 

analysis. The figure contains a rectangle and two triangles. The rectangle contains the correlations 

between the project phase and risk attributes, and project performance labels. Moreover, Appendix 

XIV contains all pairwise correlation values. On the overall performance (i.e. QLTC) project risk 

attributes such as PmTechback, DutchRatio, MgmtChg and ActiveProjects correlate very weakly. Also 

phase attributes PhasesTotal and ProgressDelta correlate very weakly. This could be an indication 

of not being a good predictor of project performance. However, this analysis was only pairwise, it 
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could therefore be that combinations of certain phase and risk attributes do predict project 

performance better. Besides, it is remarkable that the correlations of TenureRatio and PmToolUsage 

with all performance types contradicts with the hypotheses. 

 

 

Figure 8. Correlation matrix 

In addition to the rectangle, Figure 8 also contains two triangles. The triangles illustrate the 

correlations among the project phase and risk attributes and specifically serve for sub research 

question 5 on project risk correlations. Regarding the correlations, I did not consider the small 

triangle as the phase attribute correlations are irrelevant to sub question 5. As the correlations are 

not of significant values, let me discuss all correlations smaller than -0.30 and larger than 0.30. Note 

that for risk attributes to be present simultaneously, correlations required to be positive for 

attributes with identical directions. E.g. both reversed or unreversed. If a combination of the reverse 

types, the correlation should be negative. Significant correlations among project phase and risk 

attributes are: PmTechBack & PmSkills, PhasesTotal & CrCount, PhaseIteration & CrCount, 

ProgressAvg & CrCount, ComplexityAvg & ProjectChamp, PhaseIteration & PmCount, ProgressAvg 

& PmTechBack. 

 

6.4. Generate test design  
The test design of this modeling chapter is crucial in ultimately determining the prediction 

capabilities of the models. In using the data of this research application, I also verify whether the 

theoretical fit of the DT method fits empirically. Typically, the data is split into a train and test set. 

I built the model on the train set and determined the predictability of the model on the test set. 

For objectivity reasons, I generated the test design before actually building the models. In the 

subsequent subsections, this generation can be found, consisting of dataset split, cross validation 

(CV), model parameters, evaluation metrics and scenarios. Note that the dataset is balanced.  

 

6.4.1. Dataset split  

One of the key elements in building a good model is splitting the dataset into a training, validation 

and test set prior. The aim of the training set is to fit the model. I used the validation and test sets 

for determining the prediction error and assessing the generalization error, respectively. For this 

modeling step, the proportion of train and test data amounts 70 and 30 percent, respectively. I 

discuss the validation step in the subsequent Subsection 6.4.2. Preferably, I train the model on as 

much data as possible to obtain a more robust model and decrease the model variance. However, 
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with a small dataset, the test set would be too small in case of a higher training set ratio. I made 

the actual split completely random and to not restrict this randomness, I made the division on the 

entire dataset. I illustrate the complete experimental setup in Figure 9.  

 

Prepared 
dataset

Training 
set

Test set

30%

70%

Model builder

Validation Model

Predictions

Final model Final model

 
Figure 9. Experimental setup 

6.4.2. Cross validation  

Generically, there exist various CV techniques to validate a trained model. A commonly practiced 

technique is K-fold CV. This method randomly divides the training set in k folds of equal size. Next, 

it trains the model on K-1 folds and validates it on the Kth fold by obtaining a prediction error. 

These steps are performed K times and the estimated prediction error is formed by the average of 

the K prediction errors (Han et al., 2011). This technique stimulates bias once the distribution of 

classes among the training and validation set differs significantly. To counter this phenomenon, 

stratified K-fold CV was established. Stratification ensures the class distribution is kept constant.  

 

For this modeling step, I applied stratified 5-fold CV as Han et al. (2011) recommends this technique 

due to its low bias and variance. According to James et al. (2013), neither one of K=5 or K=10 result 

in extremely high bias nor variance. However, very small folds would result from dividing a small 

dataset into 10 folds, hindering training the model. Therefore, I apply K=5 instead of K=10 as 

confidently evaluating a model with a small validation set is difficult.  

 
6.4.3. Model parameters  

With the selected DT classification algorithm come multiple parameters that are to be optimized 

by the training set in order to obtain the best model. Specifically, these parameters are maximum 

tree depth (MaxDepth), minimum leaf samples (MinSamp) and criterion. The MaxDepth restricts the 

number of layers the DT can consist of. The MinSamp lower bounds the number of samples being 

in an end node. The criterion is rather diverse, as it can adopt the values Gini and Entropy. These 

values both are measures of impurity of a node, but each have their own logic to decide the best 

attribute to split on. 

 

To optimize the abovementioned parameters, I fit the various parameter ranges on the training 

data. Subsequently, I chose the parameter combination with the highest Cohen’s kappa (kappa) 

(see Subsection 6.4.4) due to its robustness compared to the accuracy metric. Thereafter, I ran the 

optimal parameter combination on the test set. Specifically, MaxDepth and MinSamp relate to 

overfitting. The phenomenon of overfitting involves the model to fit the relations between the 

training attributes and labels too well. Eventually, on new data, this leads to disappointing 

outcomes. To overcome this, the MaxDepth range is predetermined running from [3,4] as larger 

trees show signs of overfitting. The MinSamp goes from [5-10].  
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6.4.4. Evaluation metrics  

To evaluate model performances, one requires evaluation metrics to know what scores to assess. I 

assessed the built models according to the following evaluation metrics: accuracy, F1-score and 

kappa. I elaborate the metrics in the below paragraph and why they fit this application.  
 

Accuracy is a simple and widely applicable metric that essentially calculates the percentage of 

correctly predicted classes (Han et al., 2011). This metric should never be used as a standalone 

evaluation and can potentially be misleading. However, due to its simplicity, applicability and 

understandability I still included it. The accuracy score runs from best case 1.0 to worst 0.0.  
 

Two other rather simple and widely applicable metrics are precision and recall. Precision is like a 

measure of exactness and indicates the percentage of positive classifications that are actually 

positive. Recall regards completeness and implies the percentage of positives that are classified as 

positive (Han et al., 2011). The F1-score combines precision and recall into one and I therefore 

included that specific metric. This combination is the harmonic mean of precision and recall. As in 

this study no importance distinction between precision and recall existed, I applied F1, rather than 

derivates such as F0.5 or F2. The F1-score can adopt the value 1.0 best case and 0.0 worst, and 

generally scores lower than accuracy.  
 

Due to the potential misleadingness of the accuracy metric, I also included the more objective 

Kappa evaluation metric. In the previous Subsection 6.4.3, I already introduced this metric briefly 

as the parameter combinations are optimized based on this specific metric. This more robust metric 

measures the percentage of correctly predicted classes and adjusts these predictions with the 

correct predictions due to chance alone (Cohen, 1960). This metric runs from -1.0 to 1.0, in which 

negative values show the proportion of agreement by chance exceeds the obtained. According to 

Altman (1990), standardized Kappa interpretations as: poor less than 0.20, fair 0.20 to 0.40, 

moderate 0.40 to 0.60, good 0.60 to 0.80 and very good 0.80 to 1.00.  
 

6.4.5. Scenarios  

From the previous chapters it appeared that the final dataset is very diverse. More specifically, the 

risk attributes originated from both the quantitative CINS database sources and expert project 

manager survey sources. Likewise, I acquired the project performance labels from these same 

surveys. In addition, I quantified the risk attributes from risk factors obtained from both a literature 

study and stakeholder interviews. Due to the varying data sources and justifiable assumptions in 

quantifying risk factors to data attributes, it is very interesting to analyze the dataset from multiple 

scenarios. The different scenarios that I analyze are: scenarioA, scenarioB and scenarioC, see below 

Table 16. ScenarioA involved all phase and risk factor attributes and the overall project performance 

label. ScenarioB only concerned the ten best performance correlated attributes, being PH01, PH02, 

PH03, R03, R05, R06, R07, R08, R12, R14 and all performance indicators as separate labels (i.e. Q, L, 

T, C). The different labels for different scenarios were very interesting for Company X, specifically 

to analyze what project risks contribute to individual performance indicators. However, to keep 

focus, I only included a maximum of three scenarios. Also, note that in modeling ScenarioB, the 

stratification strategy of the cross validation subsection to distribute the classes rather evenly in 

training and test data remains. More specifically, for every individual performance indicator, I 

performed the stratification separately instead of stratifying the overall QLTC performance. 

Moreover, in terms of the uncorrelated attribute exclusions, I excluded these in this ScenarioB as 

these potentially added noise to the DT. Additionally, I also excluded R03, R07 and R12 as the 

correlations of TenureRatio, PmToolUsage and PmSkills with performance contradicts the 

hypothesis. These contradictory attributes can seriously disrupt the model building. Normally, one 

would not delete correlated attributes because they contradict the hypothesis as the hypothesis 
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could be wrong. However, for ScenarioB I did so as there were still two other scenarios that did 

contain the correlated attributes that contradict. The excluded attributes had correlations between 

-0.10 and 0.10. ScenarioC varied from that of ScenarioA in its quantitative attributes that all 

originated from the quantitative sources. Namely in ScenarioC I only model the quantitative 

attributes R01 to R06. I specifically preferred the quantitative sources as these also applied in other 

applications across Company X and have therefore proved the confidence in the data already.  

Table 16. Overview of scenarios A, B & C 

 ScenarioA ScenarioB ScenarioC 

Attributes R01 – R14 

PH01 – PH05 

R05, R06, R08, R14, 

PH01 - PH03 

R01 – R06 

Labels  QLTC Q, L, T, C QLTC 

 

6.5. Decision tree CART 
In the technique selection procedure, the DT CART algorithm theoretically fitted this application 

best. In combination with the generated test design, I built the DT CART models in this section. In 

total, I built numerous models due to the different scenarios and varying algorithms (Sections 6.6, 

6.7 and 0). However, because of the theoretical fit, the DT CART models of this section are the 

majors of the study. Therefore, I elaborated these with most detail. This model building section 

consists of parameter settings, model performance, visualization, assessment and potential 

improvements.  

 

6.5.1. Parameter settings  

The parameters to be chosen for the CART algorithm of the DT classification method are MaxDepth, 

MinSamp and criterion. Prior to building the actual model, I first select the best parameter 

combination based on the maximum Kappa. I obtained these scores by fitting parameter ranges 

on the training data. I tabulated the best parameters obtained for the six scenarios in Table 17. For 

this DT CART, I built four model versions of ScenarioB as that scenario contained four separate 

labels. Regarding that scenario, the dataset got less balanced. One has to keep in mind the varying 

class distributions (ClassDist) for the entire dataset as these could play a role in the outcomes. For 

example, the ClassDist of ScenarioA was pretty well-distributed by 60/65/51 classes in 

bad/medium/good.  

Table 17. DT CART optimum parameters 

Scenario MaxDepth MinSamp Criterion ClassDist 

ScenarioA 4 6 gini 60/65/51 

ScenarioB-Q 4 5 entropy 40/39/97 

ScenarioB-L 3 5 gini 90/35/51 

ScenarioB-T 4 6 entropy 44/31/101 

ScenarioB-C 4 6 gini 83/44/49 

ScenarioC 3 5 gini 60/65/51 

 

Typically, attribute (or feature) selection plays an important role in a modeling step as this one. 

According to Tang et al. (2014), feature selection helps in reducing model training time and 

overfitting, and improving accuracy and model interpretability. In this study, I already performed a 

form of feature selection in Chapter 4 in which I excluded all unquantifiable risk factors. This step 

reduced the number of risk data attributes from 49 to 14. In addition, the different scenarios also 

contained different attribute groups for which I analyzed different selections.  
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6.5.2. Model performance  

In this subsection, I discuss the performances of the built DT CART models. Primarily, I tabulated 

the evaluation metrics of the three scenarios consisting of six models in Table 18. None of these 

models are very satisfactory. Their training and test accuracies are all around 0.60 and 0.50, 

respectively. Their Kappa’s are all around 0.20, which is only classed poor/fair according to Altman 

(1990). ScenarioB-C is very disappointing with a Kappa of 0.02, suggesting its correct predictions 

are more a matter of chance. Nevertheless, ScenarioA does stand out in training Kappa and F1-

score. Its Kappa is moderate, and its accuracy and F1-score are well above 0.50. Also, remarkably, 

the training and test Kappa’s are rather far apart, decreasing the stability of the models. Possibly, 

the model was not able to properly capture any trends in the data, if these were present at all. Or 

could not generalize new discoveries well.  

Table 18. DT CART evaluation metrics 

 

Scenario 

 

Accuracy 

Training 

Kappa 

 

F1-score 

 

Accuracy 

Test 

Kappa 

 

F1-score 

ScenarioA 0.68 0.53 0.68 0.45 0.19 0.45 

ScenarioB-Q 0.69 0.38 0.53 0.53 0.19 0.46 

ScenarioB-L 0.59 0.20 0.38 0.55 0.18 0.37 

ScenarioB-T 0.66 0.40 0.59 0.55 0.20 0.47 

ScenarioB-C 0.61 0.38 0.56 0.42 0.02 0.30 

ScenarioC 0.54 0.30 0.50 0.47 0.19 0.40 

 

In digging deeper into the performance of the best performing model ScenarioA, Table 19 contains 

key details from the test set. The fact that none of the CART models perform very well appears 

from the classification report of the best performing ScenarioA. More specifically, the classifications 

are rather scattered over all classes, not resulting in any outliers in terms of precision or recall. To 

provide some theoretical background, a high precision on for instance class good, would imply it is 

more likely to be correct when the model predicts class good as when predicting other classes. A 

high recall on class good would indicate the model is well capable of predicting class good well. 

Lastly, I checked if oversampling would provide any significantly better outcomes. However, that 

was not the case and therefore I excluded oversampling as it adds bias to the dataset by levelling 

the classes.  

Table 19. Classification report of CART ScenarioA 

   

Bad 

Actual 

Medium 
 

Good 

 

Precision 

 

Recall 

 

F1-score 

 

Support 

P
re

d
ic

te
d

 

Bad 9 4 5 0.56 0.50 0.53 18 

Medium 2 8 10 0.53 0.40 0.46 20 

Good 5 3 7 0.32 0.47 0.38 15 

 

6.5.3. Model visualization  

As the DT CART ScenarioA model performance appeared best, I visualized that model in Figure 10. 

Note that in this study the added value of the figure is of a supportive nature. Namely to support 

the feature importance of Subsection 7.2.1 by visualizing the split threshold and predicted class. 

Combining the feature importance and visualized tree shows which project risks contribute to 

project performance but also if this is positively or negatively and with what size. The visualization 

in itself is not part of the solution design. I use it as a means to an end, namely to include the 

correct risks in the solution rather than as an end, by forming the solution itself. In the next 

paragraph, I elaborate on the visualized DT concept. Subsequently in Chapter 7.2.2, I analyse this 

specific tree in depth.  

 



 

38 
 

Primarily, the DT consists of nodes and leaves. The nodes are where the splits occur and the leaves 

where the tree ends. Higher nodes up in the tree are most critical in terms of contribution towards 

project performance. For example, root node TenureRatio and decision nodes ActiveProjects and 

ProgressDelta in Figure 10 contribute most. The splitting of a node into child nodes is done based 

on a threshold that the model calculated based on the data. If the threshold is True, the flow goes 

to the left, if False, it goes to the right. The gini metric in the nodes represents the purity of the 

split and should be minimized. Besides, the classes in the leaves are the actual classifications that 

the built model did based on the data. To exemplify the above, there are 138 project phases objects 

with ActiveProjects smaller than 4.903 and these are mostly classified as class good. The purity of 

this split is 0.663. 

 

 

Figure 10. CART DT ScenarioA visualization 

6.5.4. Model assessment 

This subsection includes the assessment and parameter setting revision of the previously built 

CART DT models. ScenarioA performed better than the other models, especially in terms of training 

Kappa. There are numerous directions on how this better performance established. Primarily, only 

for ScenarioA I did not reduce the attributes. It could well be that this attribute reduction also 

lowered the data quality. That could be if the wrong attributes were taken with respect to the data 

quality. Possibly, the leftover attributes of ScenarioB and C were not the best predictors of project 

performance. Moreover, the skew class distributions for the different ScenarioBs could have harmed 

the performances of these models as well. However, distributing these classes more evenly would 

not match the class boundaries established in Subsection 4.5.1. Also applying under or 

oversampling did not (significantly) improve the model, besides it biases the dataset. Lastly, taking 

the average of all individual performance indicators Q, L, T and C balanced potential extreme 

performance values. These could possibly be too difficult for the models to predict.  

 

In addition to the model performance, one may also revise the parameter settings of the built 

models. In this specific case, I optimized the parameters MaxDepth, MinSamp and criterion by fitting 

them on the training data and taking the optimum score. In total there were 24 parameter ranges 

from which I took the best range so there is not much of revision to do. Also, only the ScenarioA 

and B-C have equal optimum parameters, suggesting there is no tendency towards certain 

optimum settings present.  
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6.5.5. Model potential improvements  

From the rather unsatisfactory DT CART model performances, there are various model potential 

improvements to be implemented. I refer to potential improvements as these adjustments still 

require to prove that these actually are improvements. In the below paragraphs I present three 

potential improvements that I actually implement and assess in the subsequent Sections 6.6, 6.7 

and 0. These sections are briefer than their equivalent Section 6.5 on DT CART as that is the main 

model of this study. Also, many concepts were introduced in that section and briefly referred to in 

the other sections.  

 

Theoretically, the standard DT CART algorithm matched this application best in terms of 

interpretability and usability. However, practically, the DT CART models did not deliver the 

performances intended. I investigated whether another less standard DT algorithm would 

practically fit the data better by applying one. Namely, I applied the DT BinOCT algorithm of Verwer 

& Zhang (2019) due to its outperformance. The Binary encoding for constructing Optimal 

Classification Trees (BinOCT) algorithm uses big-M constraints in modeling decision thresholds via 

a binary search procedure. They solve the DT error optimization by expressing it as a Binary Linear 

Program. BinOCT only requires a small amount of binary decision variables, finding good quality 

solutions within very limited time.  

 

The motivation to specifically apply the BinOCT algorithm as an improvement to the CART 

algorithm, is as follows. The algorithm designers did numerous experiments with different datasets 

and BinOCT almost always outperformed CART. Especially on small datasets and even with tree 

depths of 4 (Verwer & Zhang, 2019). A small dataset is precisely what I deal with here. Also, tree 

depths of 3 and 4 is specifically what I optimize as smaller or bigger trees under or overfit the data, 

respectively. However, there are also other outperforming substitutes of CART. More specifically, 

the OCT and DTIP algorithms of Bertsimas et al. (2017) and Verwer & Zhang (2017), respectively, 

are novel alternatives of BinOCT. The latter two are recently designed classification algorithms that 

are based on Integer Linear programs. Despite that OCT excels in creating trade-offs between 

accuracy and model complexity, BinOCT provided overall better models than both OCT and DTIP 

(Verwer & Zhang, 2019). For the above reasons, I apply the DT BinOCT in Section 6.6.  

 

Alternatively, in reflecting on the DT CART model design, there are some model design adjustments 

that potentially serve as actual model improvements. Firstly, the initial splitting strategy was to split 

the entire dataset randomly without any restrictions into 70% training and 30% test data. However, 

the project phase data objects are not independent, namely they are somewhat related on their 

higher project level. This may negatively influence the training and test set, as project phases of 

the same project are distributed over the training and test set by random splitting. Therefore, a 

potential improvement is to split the data on project level rather than on phase level. Secondly, in 

order to support the project split potential improvement, I replace the stratified 5-fold CV of DT 

CART by leave one project out (LOPO) CV. The motivation is to make the training and validation 

set completely independent by not sharing the same projects. I implement the two above proposed 

potential improvements in Section 6.7, DT LOPO.  

 

The final potential improvement entails implementing a completely different modeling technique 

to verify whether another technique fits the data better. For this implementation, I choose Logistic 

regression due to its decision boundary generation. More specifically, Logistic regression does a 

fundamental different assumption on the data. Namely, it can only perform linear separation in the 

attribute space (Rokach & Maimon, 2015). This does not imply it is necessarily better than DT. In 

case of DT, splitting a linear attribute space can only be done by many horizonal and vertical splits 
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which most likely overfits the model. That is as DTs are only capable of partitioning attribute spaces 

into multiple half-spaces via axis-aligned linear decision boundaries. However, besides the linear 

attribute spaces, one should note that DTs are much more widely applicable than logistic 

regression. That is why I did not consider Logistic regression in the first place as I expected the 

attribute spaces to be more complex than linear separable. I implement the logistic regression 

method in Section 0. 
 

6.6. Decision tree BinOCT 
As an alternative to the rather unsatisfactory DT CART algorithm, I applied the BinOCT algorithm 

deliberately in this section. In the subsequent subsection, I discuss the DT BinOCT model 

performances. In terms of parameter settings, the DT BinOCT operates significantly different from 

CART. Namely, it does not optimize based on MinSamp and Criterion. However, for this specific 

application, I optimized the TreeDepth of 3 and 4 by maximizing the Kappa metric for all scenarios. 

It appeared that depth 4 led to the optimum Kappa’s (and accuracy’s) for all scenarios. Therefore, 

I fixed the TreeDepth to 4.  

 

6.6.1. Model performance  

The performances of the DT BinOCT models can be found in Table 20. None of the BinOCT models 

are notably more satisfactory than the DT CART models. Indeed, their training accuracy, Kappa and 

F1-score are all around 0.60/0.70. However, their test metrics did not really improve, some even 

declined. Overall, the performances gap between training and test stayed similar to the DT CART 

models. Except for the test Kappa of ScenarioA that rises above the other Kappa’s with its 0.32 (fair, 

Altman, 1990). This makes ScenarioA the best performing model again. ScenarioB-L and C have a 

very failing Kappa with around 0. A reason for the BinOCT models not to outperform all CART 

models in this situation is that also Verwer & Zhang (2019) did not prove BinOCT to be 

unequivocally outperforming. Namely, in some of their experiments, the CART, OCT or DTIP 

algorithms also fit the data better than BinOCT.  

Table 20. DT BinOCT evaluation metrics 

 

Scenario 

 

Accuracy 

Training 

Kappa 

 

F1-score 

 

Accuracy 

Test 

Kappa 

 

F1-score 

ScenarioA 0.74 0.61 0.74 0.55 0.32 0.54 

ScenarioB-Q 0.77 0.54 0.75 0.51 0.16 0.46 

ScenarioB-L 0.76 0.58 0.75 0.42 0.03 0.39 

ScenarioB-T 0.73 0.54 0.73 0.55 0.23 0.54 

ScenarioB-C 0.72 0.55 0.70 0.42 -0.01 0.39 

ScenarioC 0.74 0.61 0.74 0.49 0.22 0.48 

 

The below Table 21 contains the test set classification report of the best performing BinOCT 

ScenarioA model. Compared to CART, this one is slightly better in all aspects. Where CART 

ScenarioA showed a very balanced and scattered report, the BinOCT ScenarioA is much better at 

predicting class bad. For example, the high recall on class bad of 0.78 indicates the model is well 

capable of predicting class bad well. Lastly, I included a more basic BinOCT DT ScenarioA 

visualization in Appendix XV as I was unable to obtain a tree visualization Python package that was 

compatible with the BinOCT algorithm. As that visualization contains less information such as the 

gini and samples, I proceed with the CART DT ScenarioA visualization of Figure 10. Also, the 

insignificantly better performance of BinOCT means that tree does not perform significantly better 

either. 
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Table 21. Classification report of BinOCT ScenarioA 

   

Bad 

Actual 

Medium 
 

Good 

 

Precision 

 

Recall 

 

F1-score 

 

Support 
P

re
d

ic
te

d
 

Bad 14 3 1 0.54 0.78 0.64 18 

Medium 6 8 6 0.62 0.40 0.48 20 

Good 6 2 7 0.50 0.47 0.48 15 

 

6.7. Decision tree LOPO  
As an adjustment to the DT CART algorithm, I implemented DT LOPO to increase realism in the 

model. In the below subsection, I provide the DT LOPO model performances. Regarding the 

complete implementation, the primary adjustment of DT LOPO was the dataset project split. I 

implemented this by randomly taking 7 out of 23 projects (30.4/69.6%) as the test set. Just like in 

the previous entire dataset split, it was essential that the class distribution among training and test 

data was alike. However, in this situation, stratification would completely limit the random selection 

of 7 projects as the number of stratified optimums are very limited. The second potential 

improvement of DT LOPO regarded the Leave One Project Out CV. These two were jointly 

implemented by repeatedly taking one out of 23 projects as validation set and finding the optimal 

parameters on the remaining 22 projects. The two model adjustments did not necessarily 

expectedly contribute to the model Kappa. However, it should add objectivity to the splitting, 

making the model more realistic. The scenarios and parameter optimizing do not vary from that of 

the DT CART models. After I successfully implemented the potential improvements that together 

form the DT LOPO models, I found the optimum parameters of Table 22. 

Table 22. DT LOPO optimum parameters 

Scenario MaxDepth MinSamp Criterion ClassDist 

ScenarioA 4 9 gini 60/65/51 

ScenarioB-Q 3 7 entropy 40/39/97 

ScenarioB-L 3 5 gini 90/35/51 

ScenarioB-T 4 9 gini 44/31/101 

ScenarioB-C 4 5 gini 83/44/49 

ScenarioC 4 5 gini 60/65/51 

 

6.7.1. Model performance 

The optimum parameters of Table 22 led to the evaluation metrics of Table 23. The implementation 

motivation was more in terms of realism than performance improvement. Despite that, some LOPO 

training Kappa’s actually improved compared to its matching CART models. Still, the LOPO models 

are more instable as their training and test outcomes lie far apart. For that reason, I do not consider 

these adjustments for the final model. Remarkably, solely ScenarioB-C improved its model 

performance significantly. It may be that its attributes are more algorithm specific than of the 

others.  

Table 23. DT LOPO evaluation metrics 

 

Scenario 

 

Accuracy 

Training 

Kappa 

 

F1-score 

 

Accuracy 

Test 

Kappa 

 

F1-score 

ScenarioA 0.70 0.55 0.70 0.41 0.05 0.33 

ScenarioB-Q 0.52 0.27 0.47 0.33 0.04 0.24 

ScenarioB-L 0.70 0.43 0.57 0.31 0.07 0.19 

ScenarioB-T 0.61 0.31 0.52 0.40 0.06 0.30 

ScenarioB-C 0.70 0.53 0.68 0.48 0.13 0.36 

ScenarioC 0.71 0.57 0.71 0.29 0.01 0.28 
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6.8. Logistic regression  
In theory, the DT CART algorithm fits this application best, but in practice the DT CART models did 

not deliver the performances aimed for. Previously, I already implemented a different DT algorithm, 

namely the BinOCT. However, that did not improve the performances acceptably. Therefore, it 

could be that the entire DT classification method does practically not fit the data. For that reason, 

I implement a completely different modeling technique in this section, namely logistic regression. 

In the below paragraph, I explain the method implementation. The next subsection involves the 

model performance.  

 

For implementing the Logistic regression model, I used a standard Python package in which I again 

applied stratified 5-fold CV. In this validation, the package itself selected the best standard 

hyperparameters of Cs and l1_ratios values and maximized on the Kappa metric again. Cs concerns 

regularization that applies a penalty to increasing the magnitude of parameter values to decrease 

overfitting. L1_ratios describes the elastic net that combines the L1 and L2 penalties of the lasso 

and ridge approaches linearly. Besides, I normalized all attributes to equalize the weights of all 

attributes as logistic regression is sensitive to that. Lastly, I built the standard six models from the 

three scenarios again to objectively compare the performance with the original DT CART model.  

 

6.8.1. Model performance 

Table 24 contains the evaluation metrics from all Logistic regression models. In considering the 

Kappa’s of these, the Logistic regression implementation is not an overall improvement. Namely, 

some performances increased, others decreased. As it is not a generic improvement, I do not 

consider it towards the final model. Nevertheless, one model significantly improved, namely 

ScenarioB-C. Possibly, its combination of attributes and the label C is better mappable by a linear 

function compared to the other data scenarios. Specifically, it is better separable by a linear 

boundary line. To illustrate, I refer to Appendix XVI. The left attribute space from that appendix is 

better classifiable by a linear boundary line like with linear regression. The right space by axis-

aligned linear boundary lines like with DTs. 

Table 24. Logistic regression evaluation metrics 

 

Scenario 

 

Accuracy 

Training 

Kappa 

 

F1-score 

 

Accuracy 

Test 

Kappa 

 

F1-score 

ScenarioA 0.63 0.45 0.63 0.47 0.20 0.46 

ScenarioB-Q 0.51 0.25 0.53 0.47 0.23 0.47 

ScenarioB-L 0.63 0.43 0.64 0.49 0.25 0.51 

ScenarioB-T 0.43 0.15 0.45 0.34 0.05 0.34 

ScenarioB-C 0.63 0.45 0.64 0.57 0.34 0.59 

ScenarioC 0.55 0.33 0.55 0.43 0.14 0.43 

 

6.9. Conclusion  
Conclusively, in the modeling stage of the CRISP-DM framework I built and assessed numerous 

models from different scenarios, algorithms and methods. First, I implemented and evaluated the 

main DT CART model. Due to unsatisfactory model performances, I applied several model potential 

improvements with various motives. Namely, the outperforming DT BinOCT algorithm, the more 

realistic DT LOPO algorithm and the diverse logistic regression method. Unfortunately, none of 

these potential improvements truly proved substantial improvements. In the next Chapter 7 on 

evaluation, I specifically dedicate a section to these unsatisfactory performances by analysing their 

performance root causes. Nevertheless, the primary objective of that chapter is to accurately select 

and evaluate the final model of this study. The evaluation involves feature importance and 

hypotheses evaluation.   
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7. Evaluation 
The study now arrived at a crucial stage in which I thoroughly evaluate the built models from 

Chapter 6. There, I constructed and assessed various models of different algorithms. I implemented 

multiple algorithms due to unsatisfactory DT CART model performances. Here, I first shortly 

summarize the preceding models. Thereafter, I select and evaluate the final model to keep the 

business objectives on track. This chapter forms the second to last stage of the CRISP-DM process, 

the evaluation stage.  
 

7.1. Final model selection  
All precedingly implemented algorithms generated modeling outcomes from which I select a final 

model in this section. Prior to that, I briefly recapitulate the test design, classification algorithms 

and outcomes. The test design aimed at determining the model prediction capabilities. The test 

design randomly split the project phases dataset into 70 percent training and 30 percent test data. 

In terms of validation, I applied stratified 5-fold CV. The model parameters consisted of MaxDepth, 

MinSamp and criterion. These parameters could respectively adopt the values [3,4], [5-10] and 

[gini,entropy] and I selected these based on the maximum Kappa. The evaluation metrics were 

accuracy, Kappa and F1-score. Lastly, the test design covered various scenarios, namely scenarioA, 

scenarioB and scenarioC. In terms of phase and risk attributes, these respectively contain all 

attributes, hypothetically correlating attributes and quantified attributes. Another scenario 

distinction was that ScenarioB analyzed the performance indicators individually, whereas ScenarioA 

and C the average performance. 

 

Regarding the implemented DT CART algorithm, none of the CART models were very pleasing. 

Remarkably, the training and test Kappa’s of all models were rather far apart, decreasing the 

stability of the models. Nevertheless, ScenarioA did stand out in terms of its moderate training 

Kappa and acceptable F1-score. Next, I applied the generally outperforming DT BinOCT algorithm 

to investigate whether another DT algorithm would practically fit the data better. However, none 

of the BinOCT models were significantly more satisfactory than the DT CART models. Except for 

ScenarioA with a fair test Kappa. Subsequently, I implemented the more realistic DT LOPO 

algorithm. LOPO considered the dependence between project phases belonging to the same 

projects. Compared to the CART algorithm, some model performances improved, whereas others 

worsened. Due to training and test performance instability, I did not consider the models generated 

by this algorithm for the final model. Finally, I implemented the completely different classification 

method, being Logistic regression. In relation to the CART algorithm, some performances increased, 

others decreased. As also this is not a generic improvement, I did not consider it towards the final 

model either. 

 

From the implementation of the main DT CART algorithm and various alternatives, none of the 

models performed very acceptably. Nevertheless, ScenarioA did perform best in the standard CART. 

Because the BinOCT visualization via its decision rule contains less information, I select the DT CART 

ScenarioA as the final model. Obviously the BinOCT outcomes do support in this as ScenarioA was 

also the best performing model there. The reason for ScenarioA to perform better than the other 

scenarios is twofold. Primarily, attribute wise, ScenarioA likely performed better as the MaxDepth 

was limited, and only the very best predictors of project performance are selected in the model. As 

ScenarioA contained the full attribute set, the best available predictors were selected in the model. 

Whereas the other scenarios possibly had to select worse performance predictors as they only 

contained a partial attribute set. Secondly, label wise, ScenarioA contains the average performance 

label of the individual indicators, levelling the extreme performances. Hence, the ScenarioA 

classifier is likely better able to predict its levelled off classes correctly.  
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The positive aspects on continuing with ScenarioA is that it considers all phase and risk attributes 

in the model and does not fragmentate in performances. The former is especially valuable as these 

risk attributes resulted from the literature review and stakeholder interviews. In addition, the 

algorithm first selects the best performance contributors. The latter is beneficial for Company X as 

a whole as it aims at good project performances in terms of all performance indicators, not only 

separate ones. However, on projects level, models for separate performances could be more 

desirable to find what risk attributes specifically underlie a bad performance on for instance 

Logistics. To recap, the final model is Decision tree CART ScenarioA. 
 

7.2. Final model evaluation  
Here, I evaluate this final DT CART ScenarioA model in more depth and to assess whether the study 

business objectives are still achievable. In the subsequent subsections, I discuss the final model 

feature importance and evaluate the hypotheses of Section 6.2. Finally, I search for root causes of 

the model performance and conclude with a final statement.  

 
7.2.1. Feature importance  

The contribution of a specific attribute (or feature) to the predicted label is called feature 

importance. In this application, it is the contribution of phase or risk attributes to the project 

performance classes. The Python package I used, computes these feature importances as the total 

criterion reduction caused by that attribute.  

 

 

Figure 11. Feature importance of CART ScenarioA 

Figure 11 illustrates the feature importance values of the final DT CART Scenario A model 

graphically. Noticeable is the high importance of the TenureRatio attribute covering one third of 

the contributions towards project performance. Moreover, its score is almost double the size of the 

runner up, PmToolUsage. Lastly, attributes ActiveProjects and CrCount are also reasonable 

contributors of project performance. A downside of these feature importances is that they are 

scalar and miss a direction. More specifically, it is now unclear whether TenureRatio positively or 

negatively contributes to project performance.  
 

7.2.2. Hypotheses evaluation  

From the visualized tree of Figure 10, I could derive decision rules with its purest rule predicting 

performance class good, being: If TenureRatio ≤ 0.914 and ActiveProjects ≤ 4.903 and DutchRatio 

≤ 0.905 then performance good. However, from the business objective perspective, the decision 

rules are not relevant. Remember the visualized tree in itself is not intended for the solution design, 

it functions as a means to the solution. It is the combination of the feature importance and the 

visualization that indicates which project risks contribute positively and which negatively to project 

performance and with what size. For that reason, I evaluate the visualized tree of Figure 10 in 

combination with the hypotheses in this subsection. As part of this evaluation, I reviewed the 

visualized tree output with the R&D director and stakeholders. As I created these hypotheses in 
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cooperation with the stakeholders already, I only provide motivations for risk attributes that 

contradict the hypotheses. These motivations can be found in the next paragraphs and the 

hypotheses is stated as follows:  

 

Hypotheses: All risk factor attributes negatively contribute to the project performance, where these 

influences vary over different scenarios and different project phase attributes.  

 

Out of the eight risk attributes that actually contributed to the project performance, only two are 

in line with the hypotheses. Three attributes prove indecisive and another three even contradict 

the hypotheses. Namely, the attributes ProgressDelta and CrCount confirmed the hypotheses as 

these negatively influence the project performance. Besides, for the attributes DutchRatio, 

TeamSkills and ProgressAvg their values do not really matter as these do not make a distinction in 

class. Still, a lower DutchRatio does give a purer classification. Possibly a variation in employee 

cultures enhances project performance. 

 

Three attributes out of the eight even contradict the hypotheses. I reviewed these with the R&D 

director and stakeholders to ensure motivations are provided for these remarkable outcomes. 

Regarding the attribute TenureRatio that covers for one third of the performance contributions, 

this sounds as follows. Experienced team members may still be involved in many outdated projects 

as they developed many products in the past. This may distract them seriously. Also, experienced 

team members may be reviewing a lot of work from less experienced personnel. In terms of 

ActiveProjects, team members being active in many projects could potentially know better what 

happens in other projects. Also, they could know other colleagues better. They could use that 

knowledge to improve their personal design in terms of assistance. Moreover, if a team member 

reviews other projects, that puts the person active for some time once booking on these projects. 

However, the effort may not be too distractive from their personal work. Lastly, concerning 

PmToolUsage, possibly the Company X self-developed tool does not function as well as other 

planning tools. Another direction could be that providing project managers with ultimate 

autonomy benefits project performances as well.  

 

7.2.3. Performance root causes  

As appeared from Chapter 6 and the previous paragraph, the model performances were not that 

satisfactory. Namely, the evaluation metrics were somewhat disappointing and the visualized tree 

of Figure 10 contradicted numerous hypotheses. Generally, from common classification experience, 

there are three fundamental reasons to why models do not perform well. To be exact, these are 

selecting the wrong modeling technique, having insufficient data points or if the to be discovered 

patterns are not present in the data. In the next paragraphs, I discuss the possible reasons in more 

detail.  

 

In Section 6.1, I theoretically selected the DT classification method for this application. Evidently, in 

practice, it could well turn out that this selection was not correct. Possibly the attribute data spaces 

appeared not to be partitionable via axis-aligned linear decision boundaries, as what characterizes 

DTs. Hence, to analyze whether another technique fits better, I implemented logistic regression 

that partitions attribute spaces completely different. It does so via a single linear decision boundary. 

Nevertheless, the implementation of logistic regression did not overall improve the model 

performance. More specifically, some performances increased, others decreased. Due to rather 

identical performances of the DTs and logistic regression, it seems not the wrong modeling 

technique that caused undesirable model performances. Or at least not from this comparison, as 

the implementation of other classification methods could still yield a method that is more suitable.  
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In respect of having insufficient data points, I only obtained a dataset of 176 objects. That is due 

to the time-consuming project manager surveys. At first that seems insufficient, but it is impossible 

to determine the minimum dataset size such that the underlying patterns are traceable. Namely, 

as the ease of traceability directly deals with how the patterns are represented within the data. 

Therefore, from the above motivations, it seems the insufficient model performances are likely 

caused by either insufficient data points or the potential patterns are not present in the data. Or a 

combination of both.  

 

7.2.4. Conclusion 

Conclusively, the support of the feature importance by the visualized tree evaluation produced 

remarkable outcomes. More explicitly, various risk attributes contradict the hypotheses. 

ActiveProjects contributes unexpectedly positively to performance. TenureRatio and PmToolUsage 

contribute unexpectedly negatively to performance, where the TenureRatio contribution size 

doubles that of others. Only CrCount is actually in line with the hypotheses as it contributes 

negatively to performance. These contradictions either mean the stakeholders do not possess the 

right knowledge on the contributions of all individual risk factors. Or, the data logging challenge 

of implicit knowledge in KIBPs truly influenced the data quality. More explicitly, the knowledge 

implicitness in the knowledge intensive company NPD process may have negatively affected the 

risk factor quantification.  

 

In addition to the evaluation conclusion, I now provide an intermediary statement on whether the 

study already meets the initial business objectives. The objectives primarily are supplying a solution 

to the problem statement of Section 1.2 by answering the supporting research questions of Section 

1.3. Principally, the aim was to obtain organizational NPD project risks from literature and business 

(sub questions 1, 2 and 3). Subsequently, to acquire evaluated project risk contributions to good 

project performances, and correlations among these risks (sub questions 4, 5 and 6). Finally, the 

goal was to propose an evaluated Company X NPD process improvement in terms of their 

organizational RM (sub questions 7 and 8). I reflect on these objectives in the next paragraph.  

 

The collection of organizational NPD project risks from literature and business was successful. 

Namely, in total 49 project risks resulted from the collection step and a substantial part of those 

was mentioned both in literature and in interviews. Thereafter, out of these 49, I could only quantify 

14 project risks. Also, I only obtained 176 data objects and unsatisfactory model performances. 

Possibly due to these insufficient data points, the acquired performance contributors were 

considerably less in line with the hypotheses. Nor were the project risk correlations. Besides the 

small dataset, this could also be due to the potential patterns simply not being present in the data. 

There is still one last opportunity to secure the study business objectives. That is transforming the 

model outcomes and problem statement in a successful solution design. The solution does not 

include the final model itself, it are the model outcomes that provide the solution. To reveal, I 

included the quantitative risk contributors TenureRatio, ActiveProjects and CrCount from CINS in 

the solution design that I present in the next Chapter 8.  
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8. Solution design 
This study would be incomplete without a suitable solution design towards the business problem 

involving the final model outcomes from the previous chapters. Particularly not as Subsection 7.2.4 

indicates that a quality solution design is key in achieving the business objectives of this study. The 

solution includes risk contributors TenureRatio, ActiveProjects and CrCount from the final model. 

This chapter forms the last stage of the CRISP-DM framework, the deployment stage. To 

successfully execute the solution design, I followed the Component and Model-based 

development Methodology (COMET, 2006). COMET described a series of techniques and modelling 

guidelines aiming to guide COMET users during the development process of systems or 

components. However, as these focused on the full design of, e.g. an information system, I only 

partially applied COMET here. To exemplify, I already decided on the practised software platform 

at this point, namely MS PowerBI. That is as it is widely used at Company X for interactive 

visualization reporting. This also faced less conflicts with the company culture. In the next sections, 

I provide the high-level user requirements, strategic prototyping and implementation plan. Before 

that, I elaborate on their functions in the below design introduction.  

 

8.1. Design introduction  
In this section, I introduce the solution that I designed by means of the design essentials and 

approach. It is crucial to realize what is to be designed, who will be using it and which problem it 

solves. For that reason, I created design essentials and reviewed these with the R&D director. The 

essentials are:  

 

Vision & goal: User support in organizational NPD project risk management by an interactive 

PowerBI report. It should provide an incentive towards a uniform organizational risk management 

methodology within the Company X NPD process.  

Scope: Risk management report including a risk overview, phase and risk data from this study.  

Users: Project managers, R&D director, program and product line managers.  

Platform: MS PowerBI 

 

To successfully design the PowerBI report, I set up a design approach consisting of high-level user 

requirements, strategic prototyping and an implementation plan. In this study, I specifically 

executed the requirements gathering and strategic prototyping steps. Due to a lack of time, I did 

not execute the implementation steps but rather planned them in the implementation plan section. 

I chose this approach of high-level requirements and strategic prototyping specifically, as users 

often do not know what they require. I did so to keep the implementation effectual and not 

implement any vague requirements ready to throw away. Primarily, I organized a workshop with 

four stakeholders for high-level user requirements, as these are among the final users. From these 

high-level requirements I directly designed a strategic prototype, being a report mock-up. I 

brought it back to the stakeholder workshop table to inspire the them in the generation of final 

requirements.  

 

8.2. High-level user requirements 
In terms of the high-level user requirements, I acquired these during the first user workshop. The 

benefit of including four users in creating the requirements, was that these requirements already 

reflected the company culture. Besides, involving four stakeholders that also contributed to the 

stakeholder interviews, aimed at accounting for the complex NPD environment in these high-level 

user requirements. Specifically, in these interviews for business risks in Section 3.2, various 

interviewees mentioned the complexity impact. Namely, the knowledge intensive company NPD 

process complexity negatively impacts their structuredness of managing particular risks. The below 
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Table 25 contains the obtained high-level user requirements. To create support among all 

stakeholders, I reviewed these requirements with all stakeholders.  

Table 25. High-level user requirements 

Characteristics  High-level user requirements 

Usability Do not design a standalone report, design a combined project monitoring report that includes 

project details, risk details and a risk management overview.  

Analyzability Include relative project and risk details, e.g. in relation to similar projects.  

Reliability Ensure reported data is correct. Ensure rendering speed of report is acceptable. 

Understandability Make report self-explanatory, a training or manual is not desired  

Security Ensure report content is only accessible to direct managers.  

Maintainability Minimize manual user entry effort, use CINS metrics, include standard risks.  

Attractiveness Define and implement uniform PowerBI visuals 

 

From the workshop, it immediately appeared that the users did not want a standalone RM report 

as there were already sufficient tools. Instead, a combined project monitoring report would be 

much better. Fortunately, this would not be at the expense of the R-BPM perspective of the 

solution. Namely, the monitoring of project risks among the project insights by the users during 

the NPD business process execution still is a form of R-BPM. Especially for the project manager 

users. To illustrate the position of this design artefact in the Company X data environment, I relate 

it to the diagram of Figure 4. Until DWH02, this artefact is identical. From there, the Power BI is 

replaced by project monitoring report and the user by project managers, R&D director, program 

managers and product line managers.  
 

8.3. Strategic prototyping 
This section aims at explicitly seeking out user feedback during another workshop session via the 

designed prototype report. That was to deploy the PowerBI report final requirements. Primarily I 

covered all high-level user requirements of Table 25 in a prototype report that I partially included 

in the below Figure 12. This was also where the strategic part of the prototype passed by. More 

specifically, I aimed at implementing the high-level requirements in the prototype without too 

much effort. However, to cover the requirements such that it inspired the workshop optimally in 

terms of discussion. I took it back to the workshop table and opened the discussion with the same 

four stakeholder users. Before this second workshop, I reviewed the prototype report with the R&D 

director. To keep the workshop to the point, I clearly specified the agenda. Namely, to dig deeper 

into each of the high-level requirements with respect to the prototype report. Also, to formalize 

the necessities around data sources, data structure, semantics, layout and interactivity.  
 

In this paragraph, I describe how each high-level user rqmt of Table 25 was covered in the report 

prototype. Regarding usability, I included three report pages, namely a project profile page, a risk 

insights page and a phase insights page. Figure 12 shows the mock-up of the project profile front 

page that includes project insights such as customer, status and program. It also includes project 

metrics such as project risk contributors from the final model outcomes. These are quantitative 

project risk values from CINS, like Tenure Ratio and Change Requests. The mock-ups of the other 

two pages can be found in Appendix XV. The second page functions as the RM overview. The third 

page describes phase and performance metrics. In terms of analysability, the illustrated metrics such 

as the project, phase and performance metrics were the actual values. But, in addition, the project 

metrics are also provided in relation to other projects in the program such that the users can 

monitor their projects in comparison to equivalent projects. For reliability, I talked to the data 

manger in terms of data quality and rendering speed. These should not form a problem but should 

be tested once approaching the PowerBI report publication moment. Understandability could be 

complicated, namely it is hard to assess when a design is sufficiently self-explanatory. However, I 

adhered to concepts that were applied in other Company X PowerBI reports as much as possible. 

That as users were already familiar with these. For example, I included a dropdown filter in the right 
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top corner to select projects. Moreover, with any implementation making the report more complex 

and thus less understandable, one has to question whether it cannot be solved in a different 

manner. Concerning security, I implemented a group space, as team member data and specific 

project risks are sensitive. Within the group space, I defined memberships such that the right users 

can view or edit the right report content. From maintainability perspective, I only implemented the 

quantitative project risk values from CINS for the project metrics on the front page. Specifically, as 

these come from the DWH02 that performs daily calculations. To minimize the entry effort of the 

RM overview on the risk insights page, I standardized various columns of the project specific risks. 

As PowerBI is solely a reporting platform, the entry of project specific risks is not possible. 

Therefore, at Company X, MS PowerApps is used to create applications that allow users to create 

and adjust predefined data fields. Subsequently, these apps can be embedded in a PowerBI report. 

Moreover, I included project generic risks that the PM process owner should administer. These can 

be derived from the final NPD project list from Table 4 that I collected from literature and 

stakeholder interviews. Also, the designed risk categorization of that chapter can be adopted here. 

The phase insights page uses MS PowerApps as well for the entry of phase and performance details. 

Lastly, the attractiveness of the report. A rqmt targeting the Company X PowerBI reporting in 

general, was to define uniform PowerBI visuals. Specifically, due to different report designers, there 

existed no uniform visuals. I informed the R&D director on this but did not implement it for this 

report prototype.  
 

 

Figure 12. Project profile front page mock-up 

After all discussions were closed during the second stakeholder workshop, the strategic 

prototyping completed. The general conclusion was that the prototype three-page concept is 

maintained towards the full implementation. Before closing the prototyping step, I evaluated the 

report progress and design approach with the workshop stakeholders. They admitted their 

struggles with deciding what they really required in the project monitoring report. However, they 

were also very satisfied with the approach of first creating high-level requirements and designing 

a prototype report. Besides, they appreciated their involvement in the design and were convinced 

the full implementation is going to be a success.  
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8.4. Implementation plan  
Now that I gathered the high-level user requirements and executed the strategic prototyping step, 

it is time to describe the advisory implementation plan. This plan consists of final requirements, 

report implementation and lastly the report publication and support. After the successful strategic 

prototype workshop, one continues to the final requirements step in which the final requirements 

for implementation are completed. The completion covers refining the initial high-level 

requirements to concrete ones based on the workshop and adding any additional requirements 

deemed relevant.  
 

The subsequent step is the actual implementation of the obtained final requirements. It is essential 

for this step to be short and iterative, and to involve the report users from the workshops for user 

acceptance testing. The purpose is to confirm the intermediary developments actually meet the 

business needs. Let users already play with preliminary versions such that intermediate feedback 

can be provided, low-level requirements can be adjusted, and users accustom with the report.  
 

The closing step of the implementation plan regards the publication and support of the report. 

Before the project monitoring report is ready for publication, verify the data quality and rendering 

speed to cover the reliability requirement. As indicated before, instructions such as how-to videos 

are undesired. Moreover, the design focus on understandability make such videos redundant. This 

implementation enables entering phase and performance metrics of historical projects or phases. 

These can be entered in retrospect, but for data accuracy, I advise to introduce the tracking only 

for current and future projects. In terms of support, work with incremental improvements based 

on feedback from business users. Flaws or deficiencies mostly become visible by more extensively 

using the new report.  
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9. Conclusion 
The study now arrived at its ultimate chapter, namely the conclusion. At this point, I collected all 

project risks, quantified numerous risks to data attributes and gathered the relevant data to 

subsequently prepare all to one final dataset. Thereafter, I built various models, selected a final 

model and evaluated that thoroughly. Finally, in Chapter 8, I designed a supportive project 

monitoring tool including project risk contributors from the final model. After all these executive 

tasks I conclude the full study in this chapter. I do so in the next section by discussing whether the 

business problem is now solved. Thereafter, I present the managerial implications, discussion and 

finally the recommendations. 

 

9.1. Research conclusions  
The main research question formed the backbone of this study. I derived it from the problem 

statement and reincluded it in the below frame. In the subsequent paragraphs, I answer the main 

research question based on the study outcomes. I reflect on whether the business problem is 

actually solved now. Basically, the below question consists of three parts, namely on project risk 

contributors, risk correlations and the Company X NPD process improvement. Hence, I provide the 

answer in threefold.  

 

Main research question: What key NPD project risks contribute to a good project performance, 

what risks correlate and how to improve the NPD process of Company X to gain control over the 

management of these risks? 

 

Firstly, I discuss the risk correlations as from the three answer parts I obtained these first in the 

study. After I prepared the final dataset, I conducted a pairwise correlation analysis. The idea behind 

the pairwise correlations is to obtain project risk combinations that often appear together. If one 

is observed in a project, the other may well be present too. There are no significant correlations, 

but in analysing the strongest ones, there are four correlation pairs that are intuitively answerable. 

That is the risk factor unsatisfactory changes to customer requirements correlates with three 

individual phase attributes. Basically, that is as the risk factor and phase attributes are very time 

dependent, these increase over time. So, I consider these too obvious. The forth correlation deals 

with the risk factors lack of adequate ICT background of project managers and lack of project 

management skills. This implies technical backgrounds of project managers often go together with 

their PM skills. This can be linked to the complex PM environment at Company X, it is hard to keep 

up with no technical background.  

 

Secondly, I consider the project risk contributors to project performance. I constructed several 

models on different scenarios with diverse algorithms. From these models, I selected and evaluated 

the final model. That in turn provided various noteworthy project risk contributors despite the 

somewhat unsatisfactory model performances. The major contributor to project performance is the 

risk factor lack of team or individual NPD experience. It contributes positively to performance, 

meaning that the more experienced the project team is, the poorer the performance. This 

contributor is around twice the size of the other three considerable contributors. Second is the risk 

factor of lack of uniform project management methodology that also contributes in a positive sense. 

Thus, the current Company X PM methodology declines the project performance. The last 

contributors are the risk factors team members allocated to many project and unsatisfactory changes 

to customer requirements. These respectively contribute positively and negatively to project 

performance. That suggests team members allocated to many projects benefit the project 

performance, whereas many project rqmt changes worsen it. Ironically, in the introduction I 

specifically only considered the negative effect of risks. However, this study shows certain risks 
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have a positive influence on project performance. To illustrate, the risk of an inexperienced project 

team contributes to a positive performance. 

 

Thirdly, I elaborate on the Company X NPD process improvement. In Chapter 8, I designed a project 

monitoring report solution. The solution primarily encompasses inputs from the problem 

statement and project risk contributors from the final model. I executed the design until the 

strategic prototyping step and described the next steps in the implementation plan. The vision and 

goal of the interactive project monitoring report are to support users in organizational NPD project 

RM. Moreover, it should provide an incentive towards a uniform organizational RM methodology 

within the Company X NPD process. In the interviews from Section 3.2, stakeholders mentioned 

the negative impact of the NPD process complexity on the structural manageability of project risks. 

Partially from that, I designed the report with the following intention. The intention is for project 

managers to periodically monitor their projects regarding project metrics on risks, performances 

and phases. Besides, they should periodically update their specific project risk overview, assisting 

them in their RM. If they close a project phase, they should enter and view phase details like dates 

and performances on QLTC. The above project monitoring can also be performed by the R&D 

director or by program and product line managers on specific projects, product lines or programs 

as a whole. Another key intention of the report is the support of monthly progress meetings of 

project managers with the R&D director. Namely, they can view the project reports to discuss the 

progress and to derive actions from project metrics or risks.  

 

Finally, to reflect on solving of the business problem. The risk correlations did not discover novel 

patterns. Moreover, I derived the project risk contributors from a final model of which the 

performance was not exceptional. The knowledge intensiveness of the complex Company X NPD 

process in its dynamic and growing environment, likely played a significant role in this. To 

elaborate, the risk quantifiability was seriously constrained by the knowledge intensive NPD 

process dominated by implicit knowledge and so their risks. So far, the R-BPM concept was not yet 

a factor as during the analysis of project risk contributors, the primary focus was on risk factors, 

not risk management. In the solution design though, the factor does play a crucial role as 

monitoring risks during the knowledge intensive company NPD process is a form of R-BPM. To 

continue the reflection, the proposed Company X NPD process improvement definitely has the 

potential of being an incentive towards a uniform organizational RM methodology. However, there 

would still be a long way to go with respect to adequately and uniformly executing organizational 

project RM.  
 

9.2. Managerial implications  
In this section, I describe actions developed from these conclusions. In terms of the risk correlations, 

some combinations of risk factors often appear together. Therefore, project managers should be 

extra alert on these correlating risk factors of the identified risks. Specifically, as these have 

implications for the other, the earlier you mitigate emerging risks the better. I exemplify this with 

the obtained risk correlations of the technical background of project managers and their PM skills. 

Project managers with no technical background should be supported more on the technical side 

of the project. That way they can adapt better to the complex Company X PM environment.  

 

Moreover, concerning the project risk contributors, I obtained four from the final model. The lack 

of team or individual NPD experience risk factor contributes positively to project performances. This 

can be explained by experienced employees building up a large product portfolio over the years. 

Namely, they also support the former products they designed to some extent. Besides, their review 

capabilities are exploited by less experienced personal. The finding on this contributor implies 

Company X should keep hiring personnel. In addition, Company X should find a way to cope with 
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the side activities among experienced team members such as the old projects and reviews. The 

team members allocated to many projects risk factor also contributes positively to project 

performance. A motivation is that these team members know better to which colleagues to reach 

out when coping with certain project problems. Therefore, Company X should improve the 

reachability of colleagues to share more knowledge for team members that are involved in fewer 

projects. The risk factor on lack of uniform project management methodology also contributes 

positively to project performance. Hence, Company X should either improve the current Company 

X self-developed PM tool such that it does actually contribute to a good project performance. 

Another implication would be to stimulate the autonomous project management way of working. 

The only acquired risk factor contributing negatively to project performance is unsatisfactory 

changes to customer requirements. These changes can be caused by, for instance, the customer or 

Company X. As their causation potentially underly factors that may be out of project managers 

leagues, Company X should not necessarily focus on reducing these changes. Company X should 

focus on how to deal with these emergent changes such that they do not harm the project 

performance as much.  

 

Before presenting other managerial implications that I encountered during this study, I describe 

the project monitoring report. This report contributes to the risk management business problem 

by improving the knowledge intensive company NPD process. In Chapter 8 and Section 9.1, I fully 

described the PowerBI report design and improvement intentions. The basic implication to be 

derived from that is that Company X should execute the outlined implementation plan and 

improvement intentions. In addition to the above actions developed from the study outcomes, I 

also faced some managerial implications throughout this study. More explicitly, Company X should 

track the project phase performances as these can play an essential role in reflecting on executed 

phases. This way the reflections can even be done while the full project is not yet closed. For the 

phases, Company X should adhere to the phases derived from the central NPD process of Appendix 

II, being requirements, design, implementation and verification. In terms of the performances, 

Company X should also stick to the division into QLTC and the created statements in cooperation 

with the NPD and PM process owners. Finally, Company X should permanently replace the 

activeness that is derived from the PM tool page, by the allocation link that I designed. Specifically, 

as this design is much more reliable.  
 

9.3. Discussion 
As part of this conclusive chapter, this discussion section reflects on the limitations of the study 

and their consequences. Moreover, I describe the scientific contribution and novelty of this study. 

Lastly, this discussion section ends with an academic outlook in the future research section.  
 

9.3.1. Limitations 

As with any study, along the way limitations emerge that one has to settle for. There are numerous 

reasons underlying these limitations, like data unavailability, time restrictions or a different research 

focus. Nonetheless, it especially matters how one approaches and reflects on these limitations. In 

this study, I also encountered limitations that I describe in the next paragraphs, including their 

impacts.  
 

Principally, the quantification of collected risk factors to data attribute values reveals two 

limitations. First, objectively quantifying risk knowledge from a KIBP dominated by implicit 

knowledge is rather constrained and very time-consuming. In this study, that resulted in a limited 

dataset size of 176 objects and could have resulted in the potential patterns not being present in 

the final dataset. That, in turn, did not benefit the model performances. Especially not if the 

potential patterns in the dataset are not easily traceable by the algorithm. Second, the 

quantification limits risk coverage as the R&D director and I made certain assumptions, such as 
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simplifications. Because of that, it could well be that certain risk attributes cover a derivate factor 

than the actual risk factors these supposedly represent. This limitation potentially influences the 

representativeness of the model performance or outcomes. Moreover, there is also a limitation in 

terms of performance by risk coverage. The Company X project performance is influenced by many 

more risk factors than the 14 that I analyzed in this study. Besides the 35 unquantifiable risk factors 

that I could not analyze, many more affect project performance. This coverage limitation also 

possibly impacts the model performance or outcomes. That is as the algorithms cannot model risk 

factor contributors of performance that are not part of the data attribute set. The last limitation 

resulted from the difficulty that project managers experienced in having to reevaluate projects that 

they executed up to six years ago.  
 

9.3.2. Scientific contribution  

One of the major study objectives is to fill in the research gap identified by Rooijakkers (2019). I 

achieved this by exploring the separate research domains of R-BPM and KIBP unitedly. Particularly, 

via performing a data analysis on post-execution project risk data from the knowledge intensive 

company NPD process. Specifically, to gain insights in the analyzebility of KIBPs from a risk aware 

perspective focussing on their post-executional state. Therefore the scientific relevance is stated as 

follows:  
 

Scientific relevance: Analyzing a knowledge intensive NPD process using post-execution project data 

with a risk aware perspective.  
 

Primarily, I reflect on the scientific objective to explore the separate fields of R-BPM and KIBP 

unitedly. I gathered and analyzed project risk data from the knowledge intensive company NPD 

process. Next, this analysis provided risk factor contributors to project performance. The analysis 

mainly involved risk factors, whereas the solution design dealt with R-BPM. Namely, the monitoring 

design contributes to the actual risk aware management of the knowledge intensive company NPD 

process. Thus, I filled in the research gap of the unitedly unexplored research fields of R-BPM and 

KIBP, to a satisfactorily level.  
 

Secondly, I revise the other scientific purpose, that of contributing to the immaturity of post-

execution analysis in KIBP and R-BPM. I also filled that research gap acceptably. Especially in terms 

of the maturity definition of Suriadi et al. (2014). To reflect on the proposed maturity of approach 

X in Table 3, I fully described the post-execution analysis methodology (+). Also, I fully 

implemented (+) it in a real-world, practical setting (±) as Company X is. Yet, the application in 

practice scores partial (±) due to research unsatisfactories that I explain in the next paragraph. 

Formalization is the one aspect I still leave to be desired, due to the explorative nature of this study. 

That is an opportunity for future research.  
 

Nevertheless, reflecting on the quality of applying the complete analysis method in practice does 

reveal some negativity. Namely, due to insufficient data points or the potential patterns not being 

present in the final dataset, the model performances are not very satisfactory. Therefore, the risk 

factor contributors to performance are not superior. This study shows quantifying risk factors and 

deriving predictive models with high quality is hard. Generally, logging KIBP data is already a 

challenge due to the implicitness of knowledge. This also appeared for the knowledge intensive 

company NPD process in which the risk factor quantification was constrained and time-consuming. 

To conclude, the scientific contribution is noteworthy. However, it does not yet cover the complete 

research gaps as aimed for.  
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9.3.3. Future research 

To explicitly act on the study limitations reflected, I provide various future research directions here. 

Most limitations supposedly directly affected the model performance and outcomes. Therefore, 

the below directions mostly intend to improve these performances and outcomes. 

The risk factor knowledge implicitness within KIBPs formed a crucial limitation in this study. 

Therefore, future research should be performed in making knowledge more explicit in NPD 

processes. Or specifically making risk factors more explicit in the knowledge intensive company 

NPD process. In addition, also the main quantification assumptions that were made, which cause 

the risk coverage limitation, can be defined better. More specifically, future Company X theses can 

investigate the risk factor Company X definitions in more depth, such that simplifications can be 

omitted. The risk coverage limitation itself can also be further investigated. Namely, by gathering 

more risk attributes via a qualitative approach, such as the project manager surveys. However, do 

pay attention to biases that these qualitative approaches are more sensitive to. Additionally, in 

future research, more complex algorithms can be applied to the current dataset, such as fuzzy trees 

or deep learning. In terms of these complex algorithms, this study forms a good fundament to 

decide what direction to go in, with the company risk data. Also, the above scientific contribution 

subsection signaled a direction for future research. More explicitly, performing research on the 

formalization maturity of this study approach. Lastly, in terms of the dataset size limitation, 

gathering more data objects could potentially improve future models as the predictors can be 

trained with more data.  

 

9.4. Recommendations  

Via answering the research questions, I provided a solution design to the business problem. This 

study now arrived at the very final section, namely the recommendations that developed from the 

managerial implications. I present these in the subsequent paragraphs.  

 

Firstly, I discuss the recommendations derived from the research conclusions. To support non-

technical project managers, Company X should match the key team members on this. That implies 

the project architect should be assertive and realize the technical shortcomings well that the project 

manager has in all project aspects. In terms of the many reviews experienced team members 

perform, Company X should assign reviewers to a project. In these assigned projects, reviewers 

have the primary job of reviewing other work. The invisibility of other project matters should be 

made more open to team members. Project managers or team members should be eager to know 

what challenges other projects already faced. A suitable KM system facilitates in this. Therefore, I 

recommend Company X to implement one. Such a system assists team members in approaching 

one another better and enables in facing their personal project challenges. Regarding the 

deficiencies of the current Company X self-developed PM tool, a significant redesign was already 

started. The prestudy and vision with which the redesign is conducted, are very promising. 

Therefore, I do not present any recommendations regarding this topic. Moreover, CRs have a 

serious impact on project performance. Hence, these inevitable project rqmt changes should be 

managed well. As of what I heard from the stakeholders, the Company X CR approach and 

documentation are satisfactory. It is only the execution of the latter two that can be improved. 

Product line managers should therefore alert project managers of the seriousness of not following 

the Company X CR process or documentation with decency. Regarding the last recommendation 

of the study outcomes, I strongly recommend executing the implementation plan that I provided. 

Especially, after I already derived the high-level requirements. 

 

Secondly, I provide recommendations from observations during this research. The key elements in 

this study of the standardized project phases and performances should be tracked and monitored. 

The proposed solution supports the tracking and monitoring of phases and performances. That 
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forms another motivation to follow up on implementing the solution. Lastly, Company X should 

implement the designed allocation concept that links project and employee data much more 

reliable. The allocation concept played a crucial role in this data analysis, meaning I designed it 

properly. Hence, Company X should only needs to implement the design provided in this study.   
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Appendices 

I. Additional company details  
Company culture  

Company X preserves a very unique company culture that is described as follows according to 

Company X (2018): Those who come into contact with our company always refer to the way our 

people have remarkable passion and ambition. Our people are inspired by our unique culture, with 

a strong focus on the values Equality, Responsibility and Trust. From the first day at work, the input 

of each new employee is respected and everyone is treated as equal. Our organization is extremely 

flat, consists of self-coordinating teams, and we strive to continue eliminating bureaucracy, despite 

our ever-increasing scale. Management roles are limited and privileges are non-existing. Instead 

of seniority, our criteria for responsibility are ability and ambition. We do not believe in tasks or 

junior roles. We encourage people to pitch new initiatives and we provide them with the freedom 

they need to realize their personal growth ambitions. Finally, we believe that people are inclined 

to live up to their potential most when they are stimulated by trust in their abilities. Our 

communication lines are short and procedures do not include extensive approval steps.  
 

Company project structure  
The project structure within the R&D department at Company X has undergone a serious 

organizational change only six months ago, which came together with the appointment of a new 

R&D director (Company X supervisor of this thesis). This project structural change was highly 

necessary as the rapid department growth over the years was not beneficial for the department 

structure and manageability. The six active technology programs (i.e. Power conversion, Vision & 

Sensing etc.) introduced in Section 1.1.1 and observable in Figure 1 already played a central role in 

serving its markets, especially to the outside world. However, program managers were specifically 

allocated to guarantee the aim of each program being to autonomously serve a variety of markets 

by leveraging and re-using products, building blocks and technologies. In addition, the dimension 

of product lines (e.g. advanced camera systems, environmental sensing) were introduced between 

technology programs and projects. The product lines represent a group of related products, 

harnessed within a certain program. This group of products is developed, sold and maintained by 

the product line, where successful continuation of project-roadmaps is the key-purpose of the 

product line. This product line structure update should improve the commercial advantage of 

commonality amongst projects. Moreover, it should provide program-specific knowledge 

amassment for a longer period of time as just for a project as engineers are allocated to these 

project lines. Lastly, a project is defined as a temporary collaborative effort that is carefully planned 

and executed to achieve a particular goal within a product line and can be of the following forms: 

New Product Development (NPD), Manufacturing Process Development, technology research and 

exploration.  

 

Besides the above discussed technology programs, product lines and projects, the below figure 

contains a block representing the management team (MT) that cooperates closely and supports 

the different programs in achieving their goals. Moreover, the left blocks (e.g. mechanics and 

electronics) represent the core competences that the programs, product lines and projects dispose 

of.  
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II. NPD process at Company X 
 
Confidential  
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III. Standard tasks and outputs of CRISP-DM  
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IV. Literature project risk list sources 
Art. Authors Title Source/ 

Type 

Cites 

1 Paré et al. (2008) Prioritizing the Risk Factors Influencing the Success of Clinical Information 

System Projects: A Delphi study in Canada 
Scopus 

Journal 
41 

Summary: Aiming at gaining better insights in risk factors affecting the success of clinical information projects, Paré et al. (2008) 

identified 23 risk factors. These factors were obtained by first reviewing existing literature on information technology project risks 

and subsequently performing a Delphi survey among 21 professionals seriously involved in clinical information system projects in 

Canada. The 23 factors were classified in seven distinct risk dimensions, namely technological, human/user, usability, project team, 

project, organizational/environmental and strategic/political. 

 

Relevance: Despite the clinical background, the enlisted 23 risk factors (of which 15 are organizational) are sufficiently generic and 

origin from IT (high tech) projects.  

2 Park et al. (2011) A Risk Management System Framework for New Product Development 

(NPD) 

WoS 

Confer 
5 

Summary: In analyzing technical innovation cycles and proposing a RM system framework, Park et al. (2011) examined and 

collected 20 NPD risk factors and categorized these under people, technology, resources, process/planning/scheduling, and others. 

In addition, they describe models to predict the occurrence of risk factors and optimize corresponding actions.  

 

Relevance: The technical innovation (high tech) cycles analysis developing a list of 17 in-scope risk factors (out of 20) makes this 

source relevant, regardless of the low cites number as the conference acceptance rate is unknown.  

3 Al-Ahmad et al., (2009) 

 

A Taxonomy of an IT Project Failure: Root Causes Snowb 

Journal 
82 

Summary: The article of Al-Ahmad et al. (2009) studied the root causes of IT project failure in diverse IT application domains to 

generate a taxonomy. The investigation towards forming the taxonomy is twofold, namely on common risk factors and specific 

existing causes. In their preliminary literature review they indicated 17 IT project risk factors on project managers inspired by 

Schmidt et al. (2001) and derived from three distinct backgrounds in Hong Kong, Finland and the United States.  

 

Relevance: This variously cited journal paper is appropriate as the full list of 17 most critical IT (high tech) risk factors are of 

organizational nature, which, via ranking and paring, were deduced from an immensely popular study by Schmidt et al. (2001).  
4 Nawi et al. (2011) 

 

Government’s ICT project failure factors: A revisit Scopus 

Confer 

16 

Summary: The disparity between Government ICT failure factors in theory and practice is evaluated by Nawi et al. (2011). Primarily, 

they identified risk dimensions from literature being project management, top management, technology, organizational, 

complexity/size and process. Thereafter, through interviewing senior experts, Nawi et al. (2011) classified 21 risk factors and 

categorized them into the recognized risk dimensions.  

 

Relevance: Out of 21, a significant portion of 19 risk factors from ICT (high tech) backgrounds pass the selection criteria and their 

added value is noteworthy as it mentioned risk factors significantly different from the other papers. To ensure the considerable 

difference does not originate in research unreliability, most risk factors were approved relevant by the R&D director of Company 

X.  

5 Mu et al. (2009) 

 

Effect of risk management strategy on NPD performance Scopus 

Journal 
97 

Summary: This research suggested a three-dimensional risk management framework for NPD projects which Mu et al. (2009) 

empirically validated on Chinese firms, on whether risk management strategy influences the functioning of NPD. The 22 risk factors 

from dimensions technology, organization and marketing employed for this empirical test, were identified from conducting in-

depth field interviews with 14 vice presidents of NPD departments in combination with risk factors from previous studies.  

 

Relevance: In combination with the 10 in-scope risk factors originating from in-depth field and literature research, the source type 

and cites number are very satisfactory.  

6 Hughes et al. (2015) Success and Failure of IS/IT Projects – A State of the Art Analysis and Future 

Directions 
SnowB 

BookCh 
30 

Summary: In a state of the art IS/IT project failure factors analysis, Hughes et al. (2015) first retrieved risk factors from performing 

an extensive literature review. Thereafter 11 of these factors, partitioned into the categories project management and people, are 

formed into a taxonomy of key IS/IT failure factors.  

 

Relevance: Even though the cites are fairly low, the 11 in-scope IS/IT (high tech) project risk factors origin from such many reliable 

references obtained during their extensive literature study, their contribution is judged sufficiently reliable too.  
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V. Categorized project risks from literature list 
 

Risk dimension Risk factor Source literature 

  1 2 3 4 5 6 

Organizational Lack of management support x x x   x 

 Lack of project selection/evaluation process     x  x 

 Lack of systematic and appropriate project evaluation process    x  x 

 Lack of local personnel knowledgeable in IT x      

 Lack of decision making on selecting ICT projects    x   

 Lack of scalability or unclarity of NPD subprocesses    x   

 Lack of management structure and support      x 

 Lack of adequate estimation of work    x   

 Lack of change acceptance  x      

 Lack of organizational stability  x      

 Lack of quick response to NPD plan of firm with dramatic changes     x  

 Lack of monetary stability and other resources for the project      x  

 Lack of well managing external relationship of the firm      x  

        

Project Lack of adequate customer requirements  x x x x x 

 Project is complex x x x x   

 Lack of uniform PM methodology x  x x   

 Unsatisfactory changes to (customer) requirements x  x    

 Lack of change management   x   x 

 Lack of customer involvement   x x   

 Lack of adequate customer project team  x  x    

 Lack of realistic expectations  x      

 Lack of proper management control structure  x     

 Lack of supply chain plan  x      

 Lack of expert with business and technology knowledge  x     

 Lack of effectively mixing internal and external expertise  x     

 Organizational management change during project   x     

 Lack of integration  x     

 Unplanned work that must be accommodated  x     

 Project depends much on other projects inside the firm      x  

 Lack of cross-functional team performance      x  

 Lack of PM plan     x   

 Lack of respecting contract     x   

 Lack of cost estimation     x   

 Lack of feasibility study     x   

 Lack of product yield     x   

 Poor contractor and stakeholder relationship      x 

 Lack of project cost reduction    x   

 Lack of uncertainty minimization of total project investment     x  

 Lack of alignment of partners’ objectives and stakes x      

        

Project team  Lack of required project knowledge or skills  x  x  x x 

 Lack of availability of (critical) resources at right time x x x    

 Lack of clearly defined project scope and objectives  x x x    

 Team members changing too often  x      

 Lack of team or individual (company) NPD experience     x  

 Lack of a project champion x      

 Lack of perception management    x    

        

Project manager Lack of PM skills x x x x x x 

 Lack of clearly defined and adhered roles and responsibilities x  x    

 Lack of adequate ICT background of project managers    x   

        

Other Lack of computer skills and knowledge among customers x      

 Lack of alignment between customer departments   x    

 Lack of spanning competitive environment     x  

 Political games/conflicts  x      

 Litigation in protecting intellectual property  x     

 Lack of low interest rate  x     

 Lack of predictability of changes in foreign exchange rate  x     
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VI. Non-organizational project risks from literature  
 

From Nawi et al. (2011)  

Project Management Factors 

- Mismanaging of project risk.  

 

Technology Factors 

- The design and technology used not in line with the current technology. 

- Low or no compatibility between new system and the existing systems. 

 

From Mu et al. (2009)  

Technological risk management: 

- The product matches industry technology trend.  

- We take efforts to minimize the physical hazard of the product. 

- The firm pays attention to the advice of external experts in product design. 

- The product development team understands technology of the industry well. 

- We integrate marketing feedback into product design and product evaluation. 

 

Marketing risk management: 

- We make commitment to customers. 

- The product can apply in many settings. 

- We effectively communicate with customers about the benefits of the product. 

- The management team well understands the customer needs and requirements. 

- There is a well-organized marketing channel.  

- The firm manages external marketing relationships well.  

- There is a clear marketing advantage for the product. 

 

From (Park et al., 2011)  

Technology  

- Inappropriate user interface 

- Inadequate specification 

- Insufficient or incorrect design information 

 

From Paré et al. (2008)  

Technological 

- Risk factors Introduction of a new technology 

- Complex/unreliable technical infrastructure or network  

- Complex software solution  

- Complex/incompatible hardware  

- Poor software performance 

 

Usability > Technological  

- Poor perceived system ease of use  

- Poor perceived system usefulness 

- Misalignment of system with local practices and processes 
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VII. Categorized business project risk list 
 

Risk dimension Risk factor Freq 

   

Organizational Lack of management support 7 

6 Lack of adequate reuse of company developed knowledge 5 

 Lack of scalability or unclarity of NPD subprocesses  3 

 Lack of central resource capacity planning  3 

 Lack of available equipment  2 

 Lack of project insights to escalate upon facts  1 

   

Project Unsatisfactory changes to (customer) requirements 8 

14 Lack of adequate customer requirements 8 

 Lack of uniform PM methodology 6 

 Project is complex 6 

 Lack of cross-functional team performance  6 

 Lack of PM plan  5 

 Lack of customer involvement 5 

 Lack of product yield  4 

 Lack of adequate customer project team  4 

 Lack of supply chain plan 3 

 Unforeseen project workload  3 

 Lack of sufficient wideness in project focus  2 

 Human error  1 

 Lack of information transparency 1 

   

Project team  Team members changing too often 8 

28 Lack of required project knowledge or skills  8 

 Lack of availability of (critical) resources at right time 6 

 Lack of team members following of processes 6 

 Lack of team or individual (company) NPD experience 5 

 Lack of supplier performance 5 

 Lack of review sessions 5 

 Lack of documenting 4 

 Lack of working on company site 4 

 Lack of fully completing projects  4 

 Team members allocated to many projects 4 

 Lack of full timers in project team  4 

 Lack of perception management  3 

 High working overtime hours  3 

 Lack of view on big picture due to milestone focus 3 

 Lack of motivation or believe in project 3 

 Lack of expert backup 3 

 Working under time pressure too often 3 

 Inadequate team member project hopping character  3 

 Lack of Dutch speaking team members 2 

 Lack of company culture fit of team members 2 

 Lack of feasible business case  2 

 Lack of team member roleplay towards customer  2 

 Lack of team personality mix  2 

 Lack of team member drawing of conclusions skills  1 

 Lack of team member character match with project phase requirements  1 

 Lack of team member workload estimates  1 

 Lack of dedicated outer project roles  1 

   

Project manager Lack of PM skills 8 

9 Lack of adequate ICT background of project managers 7 

 Lack of clearly defined and adhered roles and responsibilities 5 

 Project manager changing too often 5 

 Lack of feel for customer and commerce  4 

 Lack of involvement of other departments  4 

 Project manager ‘living in past’ 3 

 Lack of pro-active character 1 

 Lack of communication matrix  1 
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Proto production Lack of production capacity  4 

6 Lack of adequate protos  3 

 Lack of production methods  2 

 Lack of release notes  2 

 Complex vertical integration  1 

 Lack of product improvement feedback  1 

   

Qualification  Lack of test requirements  2 

4 Lack of passing qualifications 2 

 Lack of compliance requirements  1 

 Lack of following standards/norms  1 
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VIII. Risks from literature and business merged prior to relevance marking 
 

Risk dimension Risk factor Freq Source literature 

   1 2 3 4 5 6 

Organizational Lack of management support 7 x x x   x 

 Lack of project selection/evaluation process      x  x 

 Lack of systematic and appropriate project evaluation process     x  x 

 Lack of local personnel knowledgeable in IT  x      

 Lack of decision making on selecting ICT projects     x   

 Lack of scalability or unclarity of NPD subprocesses 3    x   

 Lack of management structure and support       x 

 Lack of adequate estimation of work     x   

 Lack of change acceptance   x      

 Lack of organizational stability   x      

 Lack of quick response to NPD plan of firm with dramatic changes      x  

 Lack of monetary stability and other resources for the project       x  

 Lack of well managing external relationship of the firm       x  

 Lack of adequate reuse of company developed knowledge 5       

 Lack of central resource capacity planning  3       

 Lack of available equipment  2       

 Lack of project insights to escalate upon facts  1       

         

Project Lack of adequate customer requirements 8  x x x x x 

 Project is complex 6 x x x x   

 Lack of uniform PM methodology 6 x  x x   

 Unsatisfactory changes to (customer) requirements 8 x  x    

 Lack of change management    x   x 

 Lack of customer involvement 5   x x   

 Lack of adequate customer project team  4 x  x    

 Lack of realistic expectations   x      

 Lack of proper management control structure   x     

 Lack of supply chain plan  3 x      

 Lack of expert with business and technology knowledge   x     

 Lack of effectively mixing internal and external expertise   x     

 Organizational management change during project    x     

 Lack of integration   x     

 Unplanned work that must be accommodated   x     

 Project depends much on other projects inside the firm       x  

 Lack of cross-functional team performance  6     x  

 Lack of PM plan  5    x   

 Lack of respecting contract      x   

 Lack of cost estimation      x   

 Lack of feasibility study      x   

 Lack of product yield  4    x   

 Poor contractor and stakeholder relationship       x 

 Lack of project cost reduction     x   

 Lack of uncertainty minimization of total project investment      x  

 Lack of alignment of partners’ objectives and stakes  x      

 Unforeseen project workload  3       

 Lack of sufficient wideness in project focus  2       

 Human error  1       

 Lack of information transparency 1       

         

Project team  Lack of required project knowledge or skills  8 x  x  x x 

 Lack of availability of (critical) resources at right time 6 x x x    

 Lack of clearly defined project scope and objectives   x x x    

 Team members changing too often  8 x      

 Lack of team or individual NPD experience 5     x  

 Lack of a project champion  x      

 Lack of perception management  3   x    

 Lack of team members following of processes 6       

 Lack of supplier performance 5       

 Lack of review sessions 5       

 Lack of documenting 4       

 Lack of working on company site 4       



 

71 
 

 Lack of fully completing projects  4       

 Team members allocated to many projects 4       

 Lack of full timers in project team  4       

 High working overtime hours  3       

 Lack of view on big picture due to milestone focus 3       

 Lack of motivation or believe in project 3       

 Lack of expert backup 3       

 Working under time pressure too often 3       

 Inadequate team member project hopping character  3       

 Lack of Dutch speaking team members 2       

 Lack of company culture fit of team members 2       

 Lack of feasible business case  2       

 Lack of team member roleplay towards customer  2       

 Lack of team personality mix  2       

 Lack of team member drawing of conclusions skills  1       

 Lack of team member character match with project phase requirements  1       

 Lack of team member workload estimates  1       

 Lack of dedicated outer project roles  1       

         

Project manager Lack of PM skills 8 x x x x x x 

 Lack of clearly defined and adhered roles and responsibilities 5 x  x    

 Lack of adequate ICT background of project managers 7    x   

 Project manager changing too often 5       

 Lack of feel for customer and commerce  4       

 Lack of involvement of other departments  4       

 Project manager ‘living in past’ 3       

 Lack of pro-active character 1       

 Lack of communication matrix  1       

         

Other Lack of computer skills and knowledge among customers  x      

 Lack of alignment between customer departments    x    

 Lack of spanning competitive environment      x  

 Political games/conflicts   x      

 Litigation in protecting intellectual property   x     

 Lack of low interest rate   x     

 Lack of predictability of changes in foreign exchange rate   x     

         

Proto production Lack of production capacity  4       

 Lack of adequate protos  3       

 Lack of production methods  2       

 Lack of release notes  2       

 Complex vertical integration  1       

 Lack of product improvement feedback  1       

         

Qualification  Lack of test requirements  2       

 Lack of passing qualifications 2       

 Lack of compliance requirements  1       

 Lack of following standards/norms  1       
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IX. References of relationship model of data sources 
 

 

 

 

  



 

73 
 

X. Descriptive attribute characteristics 
 

Data attribute Description Type Data 

source 

SAPProjectId Unique project identification number in SAP Nominal DB08 

ProjectName Project name  Nominal DB08 

Customer Project customer  Nominal DB08 

Program  Program in which project is executed Nominal DB07 

ProductLine Product line in which project is executed Nominal DB06 

ProjectPhase Project phase: requirements, design, implementation, verification Nominal Survey 

PhaseCount Frequency of certain phase a project has gone through Numeric Survey 

StartWeek Week in which project phase started Numeric Survey 

StartYear Year in which project phase started Numeric Survey 

EndWeek Week in which project phase ended Numeric Survey 

EndYear Year in which project phase ended Numeric Survey 

ProjectManager  Project manager of project Nominal DB08 

Architect Architect of project Nominal Survey 

CINSId  Unique employee identification number in CINS. Numeric DB11 

PersonnelNumber Unique employee identification number throughout Company X. Numeric DB04 

ProjectId Unique project identification number in CINS Numeric DB08 

ProductLineId Unique product line identification number in CINS Numeric DB08 

ProgramId Unique program identification number in CINS Numeric DB06 
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XI. Project performance statements per project phase 
Project phase  Project performance statements 

Requirements Q 

L 

T 

C1 

C2 

G 

All process requirements are specified, feasible and reviewed. 

All project milestones are specified, feasible and reviewed.  

All product requirements are specified, feasible and reviewed. 

Expected BOM/EUP target is specified, feasible and reviewed.  

Expected Company X investment is specified and reviewed.  

All general requirements are specified, feasible and reviewed  

Design Q 

L 

T 

C1 

C2 

All process requirements are adopted in design.  

All initial project milestones are on track. 

All product requirements are adopted in design. 

Expected BOM/EUP target is on track.  

Expected Company X investment is on track.  

Implementation  Q 

L 

T 

C1 

C2 

All process requirements are adopted in implementation. 

All initial project milestones are on track. 

All product requirements are adopted in implementation. 

Expected BOM/EUP target is on track. 

Expected Company X investment is on track.  

Verification Q 

L 

T 

C1 

C2 

All process requirements are fulfilled. 

All initial project milestones are achieved. 

All product requirements are fulfilled. 

Expected BOM/EUP target is achieved.  

Expected Company X investment is not exceeded.  
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XII. Histograms on data attributes and labels  
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XIII. Detailed select modeling technique  
Prior to building the actual models, I first selected the appropriate modeling technique with care. 

That is as the technique should match the data and application well. Each technique has its 

individual method that works well for diverse situations. The below figure is inspired by Rokach 

and Maimon (2015) and provides a taxonomy of various data mining techniques that passed by 

during the modeling technique selection. Primarily, two data mining orientations are classified, 

namely verification (e.g. goodness of fit and hypothesis testing) and discovery. The former verifies 

hypotheses established by the user, whereas the latter automatically discovers novel rules or 

patterns. As the goal of this study is to obtain contributions of project risks to project performance, 

the discovery-orientation is the goal of this study and hence selected. Again, the discovery-oriented 

methods are of two types, namely predictive (i.e. supervised) and descriptive (i.e. unsupervised). 

According to Han et al. (2011), descriptive unsupervised methods (e.g. clustering and 

summarization) are characterized by only having input data without any corresponding labels. The 

aim of the unsupervised version is to model and analyse underlying data structures or distributions 

to gain data insights. Predictive supervised learning does encompass input data and corresponding 

output or labelled data. Those approaches are applied to extract the mapping function running 

between the input and output data. The latter predictive supervised learning procedure matches 

most explicitly with the analysis goal of this study and is therefore selected. Once more, two major 

supervised models are differentiated, being classification and regression models (Rokach & 

Maimon, 2015). Where regressors model continuous-valued functions, classifiers map instances 

into predefined classes. For this study, classification matches best as project phases are labelled 

with performance classes and real-values are less relevant.  

 

Data mining paradigms

Verification Discovery

Prediction Description

Classification Regression

Neural 
networks

Bayesian 
networks

Classification 
decision trees

Support vector 
machines

Instance based

 

Data mining methods taxonomy (Rokach and Maimon, 2015) 

Selecting the classification method when it comes to the objective of this study was rather trivial. 

However, for the classification model selection the motives are closer to one another and require 

more sense of the subject. In opting for the best-fitting models, Kotsiantis published a reviewing 

article in 2007 on multiple classification techniques. I adhered to his highly cited review in this 

selection section and I introduce the compared techniques in the next paragraph, accordingly. The 

below table contains the overview of reviewed classification models by Kotsiantis (2007). His review 

was published in 2007 already while the Neural Networks specifically developed extensively in the 

past decade. Therefore, I also included the review of Zhao et al. (2012) in the below table. Namely, 

I updated the score of Neural Networks on accuracy to **** as Neural Networks also scored high 

on accuracy in their review.  

 

To provide some theoretical high-level explanations, the logic-based decision trees (DT) method 

classifies objects into predefined classes, based on the values of their corresponding attributes 

(Rokach & Maimon, 2015). The perceptron-based Neural Networks are inspired by biological 

neurons and are interconnected weighted nodes that process complex input data. Another 

technique is the statistical Naïve Bayes being a simplified version of Bayesian Network. A Bayesian 

network is a graphical model for probability relations between attributes. In addition, according to 
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Kotsiantis, the k-Nearest Neighbour belongs to the most straightforward instance-based methods. 

This technique classifies objects based on the class of their nearest neighbours. The Support Vector 

Machines are established on the Structural Risk Minimization principle by balancing the complexity 

of a model against its fitting success (Vapnik, 1995).  

 

In selecting the appropriate modeling technique, the superiority of learning algorithms towards 

others is not most critical. Contrarily, it are the circumstances under which a specific technique 

outperforms others on a specified application problem (Kotsiantis, 2007). For this study, the 

circumstances can best be described as requiring a transparent, self-explanatory and, above all, 

swiftly built and adjusted technique. These requirements originate from the fact that the outcomes 

require easy interpretability of the R&D director, the reviewing stakeholders. Moreover, the 

technique should also be interpretable and usable for me, as I am not a data scientist.  

 

The critical items from the below table that match the above requirements best are: dealing with 

discrete/binary/continuous attributes, explanation ability/transparency and model parameter 

handling. Therefore, I selected the DTs method for the modeling of this study as DTs scores really 

well on these critical items. The Naïve Bayes technique also comes close but scores really low on 

three items that could still influence the final model negatively.  

 
1 Not discrete 
2 Not continuous 

Decision 

Trees  

Neural 

Networks 

Naïve 

Bayes 

k-Nearest 

Neighbour 

Support 

Vector 

Machines 

Accuracy ** **** * ** **** 

Speed of learning  *** * **** **** * 

Speed of classification **** **** **** * **** 

Tolerance to missing values *** * **** * ** 

Tolerance to irrelevant attributes *** * ** ** **** 

Tolerance to redundant attributes ** ** * ** *** 

Tolerance to highly interdependent attributes  ** *** * * *** 

Dealing with discrete/binary/continuous attributes **** ***1 ***2 ***1 **1 

Tolerance to noise ** ** **** * ** 

Dealing with danger of overfitting ** * *** *** ** 

Attempts for incremental learning ** *** **** **** ** 

Explanation ability/transparency  **** * **** ** * 

 

Select classification tree algorithm 
In fields as finance, marketing and engineering, classification DTs are frequently exploited (Rokach 

& Maimon, 2015). In addition to the selection of the DT classification method, I still require electing 

the appropriate algorithm. In the subsequent paragraphs, I briefly explain the induction algorithm 

principle and review fuzzy DTs and DT versions ID3, C4.5 and CART. I decided to initially review the 

latter three as these are very standard and widely applied. It is good to start with such algorithms 

to see what this application really requires. If it turns out that the models of the selected DT 

algorithm are not satisfactory, I could still look into less standard algorithms. This review is based 

on the book of Rokach & Maimon (2015) and discusses applied algorithm settings, and pros and 

cons of the algorithms. Thereafter, I choose the best match.  

 

An induction algorithm develops a model specifying the relationship among the input attributes 

and the labelled output. According to Rokach & Maimon (2015), the induction algorithms are 

‘greedy by nature’ and are designed top-down based on the ‘divide and conquer’ principle. That 

implies recursively dividing a problem into multiple sub-problems till these are sufficiently simple 
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to be solved (conquered) straight. In every iteration, the algorithm selects the most suitable 

attribute according to splitting measures. I discuss these measures in Subsection 6.4.3. 

 

In reviewing the field of DTs, I found the concept of fuzzy DTs. Assessing this properly especially 

established as fuzzy DTs excel at reducing ambiguity caused by human thinking. That stimulates 

imprecise and conflicting data (Yuan et al., 1995). Realizing that project managers provided the 

project performance labels manually, this could enhance imprecise and inconsistent data. However, 

there hardly existed any coding support for fuzzy DTs, let alone any open source packages. Having 

to build a fuzzy DT algorithm from scratch would be to extensive and therefore did not fit within 

the scope of this study. Also, I minimized ambiguity in the performance labels by creating and 

reviewing comprehensive performance statements. Likewise, the performances were reviewed by 

the project architects. The combination of the study scope and minimized ambiguity makes that I 

do not apply the fuzzy DT concept.  

 

The ID3 algorithm is considered the simplest DT algorithm and was introduced by Quinlan (1986). 

The simplicity is also its main advantage. As a splitting criterium, ID3 applies information gain. The 

disadvantages of ID3 is that it does not assure an optimal solution, as due to the greedy strategy, 

it potentially gets deadlocked in local optimums. Also, ID3 cannot cope with numeric and missing 

values, and does not apply any pruning to prevent overfitting or overcomplex trees (Rokach & 

Maimon, 2015).  

 

The above ID3 drawbacks gave rise to the development of the C4.5 algorithm. C4.5 was established 

by the same author as ID3 (Quinlan, 1993) and basically provides improvements to all ID3 

downsides (Rokach & Maimon, 2015). More specifically, C4.5 can handle numeric and missing 

values through applying gain ratio as the splitting criterium. In addition, this algorithm deals with 

continuous attributes. C4.5 terminates growing its tree once the number of instances to be split 

are below a certain predefined limit. Due to this termination behaviour, the algorithm does not 

provide optimal solutions.  

 

In 1984, Breiman et al. (1984) came up with the Classification and Regression Trees (CART) algorithm. 

CART is pretty similar to C4.5, but is characterized by the construction of binary trees, each node 

has precisely two branches (Rokach & Maimon, 2015). The algorithm uses the attribute and 

threshold that produces the highest information gain at every node. An additional advantage is 

the function of incorporating misclassification scores in the tree induction.  

 

In conclusion, I reviewed various well-known induction algorithms and briefly explored the world 

of fuzzy DTs. The ID3 inducer is too limited in dealing with value types and pruning for the 

application of this research. Both C4.5 and CART seem very suitable. However, CART supports an 

additional misclassification function and is better interpretable and usable due to its binary 

character. Therefore, I select the Decision tree CART algorithm for the analysis of this research.  
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XIV. Pairwise correlation values  
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XV. Tree visualization BinOCT ScenarioA 
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<= 0.912
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ProgressDelta 
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XVI.  Linear and axis-aligned linear attribute spaces 
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XVII. MS PowerBI prototype 
 

Risk insights page 
 

 

Phase insights page  
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XVIII. R-BPM and KIBP approaches sources  
 

Art. Authors Article title  

1 Conforti et al. (2013a) 

 

Supporting risk-informed decisions during business process execution 

2 

 

Pika et al. (2012) Predicting Deadline Transgressions Using Event Logs 

3 Conforti et al. (2012) 

 

Automated risk mitigation in business processes 

4 Pika et al. (2016) 

 

Evaluating and predicting overall process risk using event logs 

5 Conforti et al. (2016) 

 

PRISM - A Predictive Risk Monitoring Approach for Business Processes 

6 Conforti et al., (2015) A recommendation system for predicting risks across multiple business 
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7 Conforti, et al. (2013b) 

 

Real-time risk monitoring in business processes: A sensor-based approach 

8 Anton et al. (2016) 

 

Integration of Risk Aspects into Business Process Modeling 

9 Bai et al. (2013) 

 

On Risk Management with Information Flows in Business Processes 

10 Marcinkowski & Kuciapski 

(2012) 

A Business Process Modeling Notation Extension for Risk Handling 

11 Ahmed & Matulevičius (2014) 

 

Securing business processes using security risk-oriented patterns 

12 Tjoa et al. (2011) 

 

A Formal Approach Enabling Risk-Aware Business Process Modeling and 

Simulation 

13 Lhannaoui et al. (2014)  

 

Analyzing risks in business process models using a deviational technique 

14 

 

Kurz et al. (2015) Leveraging CMMN for ACM: examining the applicability of a new OMG 
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15 
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16 
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17 
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(2015) 
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20 
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knowledge-intensive processes 

21 
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22 
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XIX. MSc Thesis literature study – Max Rooijakkers 
 

Introduction 
To date, organizations operate in challenging times, competition is lurking and resources are 

scarce due to the historical booming economic situation since the credit crisis of 2008. 

Therefore, to survive and to be successful, businesses require to achieve certain levels of 

efficiency and efficacy. Critical aspects in these operations is the field of business process 

management (BPM), more specifically its derivate research areas of risk-aware business 

process management (R-BPM) and knowledge intensive business processes (KIBPs) will be 

further discussed in this report.  

 

This report is organized as follows. Section research area contains the research area in which 

the main goal and constructs of the literature review will be presented and introduced. 

Subsequently in Section research protocol, the research protocol can be found followed by the 

literature review and conclusion in Sections literature review and conclusion, respectively.  

 

Research area  
In this chapter, the motivation and goals of this literature study will be stated. Additionally, a 

summary of the main research topics, R-BPM and KIBP, will be provided. Both research fields 

are derivatives of a very popular and widely studied concept during the past decades, namely 

BPM. As concepts change over time, so does BPM in for instance directions of risk 

management (RM) and knowledge management (KM).  

 

These days, more and more companies operate project-based. These projects vary in terms of 

size, scope, goals, complexity and numerous other dimensions. However, the one thing that 

they all share is some degree of uncertainty and risk. Studies have proven that the level of 

success of a project strongly relates to the amount of RM within the project (Elkington & 

Smallman, 2002). According to a highly-cited paper by Ward and Chapman (2003), the 

principle of RM is to “reduce or neutralize potential risks, and simultaneously offer 

opportunities for positive improvement in performance.” Kliem (2000) states that RM 

generically involves three actions, namely: risk identification, risk analysis and risk control. Risk 

identification refers to identifying risks which threaten a project. Risk analysis is analyzing data 

gathered on risks, involving for instance impact and probability. Risk control is obtaining 

measures to reduce or prevent the impact of a risk. This approach by Kliem has been widely 

copied by other academic authors. Despite the importance of risk, BPM and RM have long 

been approached as two separate courses with very diverging research agendas and methods. 

However, in 2005, Rosemann and Zur Muehlen first brought the two together as they signaled 

that RM can be approached as a business process as different risk lifecycle stages form a 

business process. Moreover, risk is a key business phenomenon and therefore needs to be 

taken seriously in the (re-)design of business processes. In the RM literature, many RM 

strategies have been suggested, e.g. Deloach (2000) proposes the strategies: reduce risk, retain 

risk, avoid risk and transfer risk. While a derivative by zur Muehlen and Ting-Yi Ho (2005) and 

Rosemann and Zur Muehlen (2005) of these strategies is more frequently used, including 

mitigation, avoidance, transfer and acceptance. Rosemann and Zur Muehlen (2005), also state 

that not all risk types can be managed by all RM strategies, i.e. avoidance and transfer are 

generally applied during design time, while mitigation and acceptance during runtime. Despite 
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the diverse project RM strategies in literature, its objective is very similar, namely to increase 

the project performance and achieve project goals. 

 

Besides the development of BPM towards R-BPM, also shifts from BPM to KIBP are made more 

and more, since business processes get more complex and are executed by knowledge 

workers. Nonaka and Takeuchi (1996) classify two kinds of knowledge, namely implicit (or tacit) 

and explicit. The former is personal knowledge, which involves mental models, beliefs and 

views that are hard to formalize or share via an external process (Gronau & Weber, 2004). This 

form of knowledge belongs to these knowledge workers and according to Di Ciccio et al. 

(2012), both quantitative and qualitative observations support this, as estimates show that 

knowledge workers represent between 25% to 40% of companies’ staff. In addition, these 

workers contribute significantly to organizational success and value creation. Whereas, 

according to Nonaka and Takeuchi (1995), explicit knowledge is formal, organized, well 

communicable, stored and shared in the form of databases, documents, etc. (Gronau et al., 

2004). This second implicit knowledge means that BPM itself is not always applicable as Van 

Der Aalst et al. (2003) states that it connects stored information (management sciences and 

information technology). Therefore, according to Di Ciccio et al. (2012), during the past years, 

KIBPs have become a prominent research area within BPM. This is due to the importance of 

knowledge workers within modern organizations. Despite the rather youngness of the KIBP 

concept, numerous definitions have already been stated. For instance, Gronau et al. (2004) 

express that “knowledge-intensive business processes deal very much with creating and using 

tacit knowledge from many participants”. Whereas, in 2011, Vaculín et al. came up with the 

following definition: “KIBPs are processes whose conduct and execution are heavily dependent 

on knowledge workers performing various interconnected knowledge intensive decision-

making tasks. KIBPs are genuinely knowledge, information and data centric and require 

substantial flexibility at design- and run-time.” 

 

In spite of the rise in attention both R-BPM and KIBP received academically during the past 

decade, there still exist numerous research gaps around these fields. More specifically, 

approaches and methods have mostly not been fully excogitated and remain undiscovered. 

Nonetheless, there is one large inevitable gap being the area in which the fields of R-BPM and 

KIBP are united. Hence, the main goal of this literature review is to explore whether KIBPs can 

be managed in a risk-aware manner, or if at least any signals are present in which these two 

can be approached unitedly.  

 

The two initially separate domains of R-BPM and KIBP will be surveyed by evaluating relevant 

papers and by mapping these on a conceptual framework inspired by Suriadi et al. (2014). This 

framework was encountered during the pre-study on both R-BPM and KIBP, and deemed very 

relevant to the research questions from the subsequent Chapter 3.1. Additionally, their 

framework provides clear insights in the development, state of play and maturity of R-BPM 

and KIBP approaches. For those reasons, their framework will be used as a basis for this 

literature review. Regarding the KIBP section, the framework will be slightly updated as the 

framework part on RM strategies and RM domain influence are irrelevant to KIBP. Along with 

the framework, the surveys of Suriadi et al. (2014) and Di Ciccio et al. (2015) are used as 

foundations for the R-BPM and KIBP sections, respectively. Both surveys evaluate R-BPM and 

KIBP approaches until the years 2011 and 2013 respectively. Therefore, this literature review 

forms an extension to Suriadi et al. (2014) and Di Ciccio et al. (2015) as subsequently the 
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framework outcomes will be evaluated and commonalities between the domains will be 

signaled. 
 

Research protocol  
Research questions  

In the literature review it is very useful to state research questions that form the focus of the 

review. These will assist the researcher in sticking to the goal of the literature study. The main 

research question can be found below: 

 

How to manage knowledge intensive business processes in a risk-aware manner?  

 

The above main question will be answered after the below sub questions have been solved:  

 

1. What is risk-aware business process management?  

 

2. What risk-aware business process management approaches are available?  

 

3. What are knowledge intensive business processes?  

 

4. What modeling methodologies are available for knowledge intensive business 

processes?  

 

5. Conclusively, what elements of the risk-aware business process management 

approaches are relatable to knowledge intensive business processes?  

 

Due to the nature of the research questions, the subsequent protocol subchapters will consist 

of two separate sections for both R-BPM and KIBP as their protocols are not identical.  

 

Search terms  

The research questions can only be answered appropriately by selecting the correct search 

terms, hence the terms seek to provide conceptual explanations of R-BPM, KIBP and available 

approaches. The goal of this is to set the search terms such that on the one hand no critical 

papers will be missed, but on the other the amount of hits will still be processable.  

 

Search terms Risk-Aware Business Process Management 

The preliminary review (from Chapter 5.4) forms the introduction to the concept of R-BPM and 

is therefore used as a basis for the search terms. This preliminary literature review has led to 

the split of R-BPM in separate search terms of risk and business process as many articles do 

not exactly include the fully written concept of R-BPM. In this same review, a frequently applied 

variation of business process was process modeling. In the US, modeling is spelled with one ‘l’, 

whereas in the UK it is modelling. The US version plus a * will be used here to include papers 

written in both spelling types. In addition, also the term approach and its variations method 

and methodology are included as Sub question 2 specifically deals with R-BPM approaches. 

The latter terms are included in the query directly as the preliminary review showed that these 

‘approach’ hits will also include extensive discussions on the more generic concept of R-BPM. 

Besides, Sub question 1 forms an introduction to the more critical Sub question 2. Lastly, 
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information security is excluded as these prevent hits on R-BPM within an information system 

security environment. The below contains the search terms for R-BPM.  

 

Term Variations  

Risk* - 

Business process* Process modeling* 

Approach* Method, methodology, technique 

NOT information security  

 

Search terms Knowledge Intensive Business Processes  

In line with the above subsection, also here the KIBP concept will be split up in search terms 

knowledge intensive and process, with the variation from the preliminary review, decision 

intensive. Similarly, to that chapter, Sub question 4 requires articles that deal with modelling 

KIBPs. Hence, the search term model and its variations representation, representing and 

modelling are included.  

 

Term Variations  

Knowledge intensive  Decision intensive 

Process* - 

Model* Representation, representing, modeling 

 

Databases 

To answer the research questions, the search databases will be introduced here that will be 

consulted. From these databases, the academic literature will be retrieved. The following 

databases will be employed:  

 

Search database Numbers  Topics 

Scopus 70 million items  

5,000 publishers  

1,4 billion reference citations 

Founded in 1970 

natural sciences 

medical and life sciences 

technology 

social sciences 

Web of Science (WoS) 20,000 journals 

1,4 billion reference citations 

Founded in 1997 

sciences 

social sciences 

humanities 

IEEE Xplore Digital Library (IEEE) 4 million documents 

1,300 active standards 

Founded in 1963 

computer science 

electrical engineering 

communication 

 

No additional sources will be consulted as Google Scholar did not supply any very relevant 

additional papers to the hits from the above sources. Books were supplied but these are not 

used for this literature review. Even if any critical papers would be missed out due to a limited 

number of sources or slightly lacking search terms, these will eventually be found when 

thoroughly processing the critical papers found via the above sources. This, as these missed 

critical papers will be commonly referred to. This search technique is also called snowball 

sampling (Biernacki & Waldorf, 1981). 

 

Selection criteria  
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Selection criteria are critical to further narrow down the hits. The slightly different review 

method for the domains of R-BPM and KIBP require some different criteria, see the below 

table. 

 

 Risk-Aware Business Process 

Management 

Knowledge Intensive Business 

Processes  

Publication years journals (2011-present), 

conferences (2014-present) 

journals (2013-present), 

conferences (2014-present) 

Language English 

Source types Journals, conference proceedings 

Subject areas (Scopus) exclude not (computer science, engineering, business management and 

accounting, decision sciences, and economics econometrics and finance) 

Research areas (WoS) exclude not (computer science, engineering, business economics, 

operations research management science, and information science 

library science 

Paper includes… - R-BPM, not RM and BPM as 

separate domains  

- R-BPM approach 

- KIBP, not KM and BPM as 

separate domains  

- KIBP approach 

Paper not include… - risk management of a BPM 

project 

- business process-RM 

- information security 

management or compliance 

- process-oriented knowledge 

management 

 

Concerning the publication years, conferences were only taken for the last five years as 

beneficial conferences are published as journals within five years, meaning these conferences 

will be found anyway through its journal publication. Despite that Suriadi’s scope is from 2011 

and before, 2011 is still within scope in this literature study to prevent missing any articles that 

were published just after their scope. Finally, papers that fall within both our scopes will be 

excluded in this review. The same is done for Di Ciccio’s scope running from 2013 and earlier.  

 

Queries  

Below, one can find the search queries that were formed combining the search terms and that 

will be inserted into the databases Scopus, WoS and IEEE.  

 

 Risk-Aware Business Process 

Management 

Knowledge Intensive Business 

Processes  

Scopus (TITLE-

ABS-KEY) 

(risk* W/15 ("business process*" OR "process 

modeling*") AND (approach OR method* OR 

techniq*) AND NOT “information security” 

(“knowledge intensive” OR “decision 

intensive”) w/15 process* w/15 

(model* OR represent*) 

Web of Science 

(TOPIC) 

((risk* near/15 (“business process*” OR “process 

modeling*”) AND (approach OR method* OR 

techniq*)) NOT “information security” 

(“knowledge intensive” OR “decision 

intensive”) near/15 process*” near/15 

(model* OR represent*) 

IEEE (metadata) (risk* NEAR/15 ("business process*" OR "process 

modeling*") AND (approach OR method* OR 

technique)) AND NOT (“information security”) 

(“knowledge intensive” OR “decision 

intensive”) NEAR/15 process*” 

NEAR/15 (model* OR represent*) 

 

When looking at the search terms of R-BPM and KIBP, and comparing them to the above 

queries, two patterns can be found. More specifically, the AND function has been used 

between terms and the OR function between variations of one another. In addition, also the 
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NEAR (i.e. W/n, near/n) function has been applied to limit the number of hits in which the 

terms are spread a lot across an abstract such that the relevance of that hit becomes very low.  

 

Framework  

As described in the above chapter Research area, the evaluation framework of Suriadi et al. 

(2014) will be used to map all to be evaluated papers of R-BPM and KIBP. The framework 

consists of two primary perspectives, namely the BPM lifecycle perspective inspired by the 

lifecycle of Hofstede et al. (2009). The other is the maturity perspective that followed from the 

design science research paradigm of Hevner et al. (2004) as Suriadi et al. (2014) state that the 

R-BPM research field is based on design science research. Lastly, the extent to which the RM 

domain influences the R-BPM approaches is also being evaluated. 

 

The BPM lifecycle consists of the five stages: design stage, design-time analysis stage, 

execution stage, runtime analysis stage and post-execution analysis stage. 

- Design: Are modeling constructs proposed for risk information communication? Are 

guidelines proposed to minimize risk by process design?  

- Design-time analysis: Are techniques provided to analyze risks during process 

design?  

- Execution: Can risks be monitored during execution? Can execution behavior be 

influenced during process runtime?  

- Runtime analysis: Are techniques provided to analyze risk during process runtime?  

- Post-execution analysis: Are techniques proposed to analyze risk after process 

execution based on logs?  

 

 Design Design-

time 

Analysis 

Execution Runtime 

Analysis 

Post-

execution 

Analysis  

Risk Identification Risk Discovery 

Techniques 

     

Annotation 

Techniques 
     

Risk Analysis Probability Analysis      

Impact Analysis      

Risk Propagation      

Risk Evaluation      

Risk Treatment       

 

The maturity perspective provides insight to what extend R-BPM and KIBP approaches are 

rather new or properly developed over time, and involves: 

- Integrated Risk Formalization: Are constructs proposed to capture risk-related 

information such that reasoning about risk during BPM lifecycle stages is made 

possible?   

o Abstract Syntax: Are critical components or a deep structure of the proposed 

risk constructs specified using a formal description method?  

o Concrete Syntax: Are forms specified in which proposed risk constructs can be 

represented?  

o Semantics: Are operations specified that can be applied to the proposed 

constructs using formal description methods?  

- Implementation: Has the proposed approach been implemented? 
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- Application Methodology: Is a method provided via which the approach can be 

applied in practice?  

- Application in Practice: Has the proposed approach been applied and validated in 

practice? 

 

Finally, the RM domain influence perspective is evaluated as the RM domain possesses 

numerous mature risk analysis techniques. The measuring criteria are as follows:  

- Risk Type: What risk types are addressed by the approach?  

- Domain: What risk domain is targeted by the approach?  

- Risk analysis technique: What risk analysis technique is applied by the approach?  

- Risk standard: What risk standards have been evaluated by the approach?  

 

For the framework mapping, each of the above criterion is graded according to the 

evaluation criteria from Suriadi et al. (2014), which is as follows: full support (+), partial 

support (±), or no support (−). A more detailed explanation to the grading can be found in 

Suriadi et al. (2014). 

 
Approach               

Risk 

Mngt 

Domain 

Influence 

Domain              

Risk type               

Existing Risk Analysis               

Risk Standard               

Maturity Integrated Risk 

Formalization 

Abstract 

Syntax 

             

Concrete 

Syntax 

             

Semantics              

Implementation               

Application Methodology              

Application in Practice               

BPM 

Lifecycle 

Design              

Design-time Analysis               

Execution              

Runtime Analysis               

Post-execution Analysis              
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Results 

When combining the above-mentioned sources, search terms and selection criteria, the lists 

of articles can be created that together answer the research questions of Section 3.1. To get 

to the third list, a transition from the total list to the third list has to be made (see below 

figures). The first transition towards the first list involves omitting all duplicate papers and hits 

from 2011 and 2013 that were already reviewed by Suriadi et al. (2014) and Di Ciccio et al. 

(2015), respectively. Subsequently, the second list is reached by securing all articles that were 

fully available, pass the selection criteria and contain some kind of R-BPM or KIBP approach in 

their title or abstract. In case the latter was questionable, the full text was inspected to assess 

this. Lastly, the third and final list is composed by dropping papers that do not fall within the 

Suriadi framework or by adding those that popped up from the snowball sample (Biernacki 

and Waldorf, 1981).

179 166 11

First list Second listTotal

13

Third list

 

130 108 7

First list Second listTotal

10

Third list

 
 

Literature review  
This chapter contains the literature analysis that will answer the research questions. These 

answers follow from combining all final papers that were deemed most relevant after the 

above research protocol was put in practice.  

 

Risk-aware business process management 

Managing risks in business processes is a key concern for most companies. However, the 

concepts of RM and BPM have long been managed as two very separate disciplines within 

firms. Either the field of RM was not approached on a process base or risks were not considered 

as part of business processes. A decade ago, Rosemann and Zur Muehlen (2005) proposed the 

integration of risks into business process models, by introducing a taxonomy of process-

related risks that assists in the process of risk identification through which they can be 

mitigated thereafter. Their definition of risk recalls the prominence of R-BPM as they formulate 

risk as “an important business phenomenon, which increasingly has to be considered in the 

(re-) design of business processes.” This definition has finally led to their taxonomy allowing 

to involve risks in contemporary process modelling methods at multiple stages, being the 

activity and overall process level, and their connection to goals and other risks.  

 

The introduction of R-BPM by Rosemann and Zur Muehlen in 2005 meant the start of a whole 

new study area that was further studied by other researchers since then. A critical development 

since then was the introduction of the R-BPM lifecycle (below figure) by Conforti et al. (2011), 

in which risks are fully considered in all phases of the BPM lifecycle. Zur Muehlen and Ting-Yi 

Ho (2005) can be considered predecessors of Conforti et al. (2011), as they wrote a paper on 

RM in the BPM lifecycle. However, they never made the transformation of the former BPM 

lifecycle to the actual R-BPM lifecycle. 
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The above figure illustrates the R-BPM lifecycle by Conforti et al. (2011) that incorporates risk 

in all stages of the traditional BPM lifecycle (design, implementation, enactment and 

diagnosis). Conforti describes the starting identification phase as the moment in which the to-

be designed process model is analyzed for possible risks that may eventuate during the 

execution of the process. This is done by applying recognized risk analysis methods (e.g. Fault 

Tree Analysis or Rout Cause Analysis (Conforti et al., 2012)). From this analysis, a list of risks 

follows of which each risk is expressed as a risk condition describing the set of events that 

potentially causes a fault occurrence. Subsequently in the design phase, the risk conditions are 

mapped to process model-specific aspects. The outcome of this phase is risk-annotated 

model. Thereafter, the risk conditions are connected to workflow aspects in the 

implementation phase, after which the model is executed in the enactment phase. This 

execution is done by a risk-aware process engine. In order to evaluate the risk conditions, an 

analysis is done based on the input of the current and historical process data. Finally, the 

diagnosis phase monitors the risks and may initiate changes to both the current process 

instance and the underlying process model, to mitigate them or prevent them from occurring 

in the future.  

 

One of the fundamental changes that the introduction of this R-BPM lifecycle has brought is 

that it provides a solid basis for RM in BPM from the design to the post execution stage of 

business processes. The integration of R-BPM and the BPM lifecycle has brought numerous 

benefits, such as the ability to evaluate risks and initiate mitigation strategies already during 

the design time of a business process (model) (Jakoubi et al., 2008). Besides, the appearance 

of risks can be monitored and mitigations can be taken during runtime (Conforti et al., 2011). 

Lastly, risks can even be identified in a later stage, namely from logs in the post-execution 

stage (Jans et al., 2011). 

 

Risk-aware business process management approaches (before 2011) 

The R-BPM contributions that were deemed relevant to the review of Suriadi et al. (2014), were 

positioned on their evaluation framework explained above. To the findings belongs that the 

research contribution per BPM lifecycle stage varies significantly. To be more specific, hardly 

any R-BPM approach discusses the execution, run-time analysis or post-execution phases. 

Similarly, the functionality comprehensiveness per BPM lifecycle stage shows large gaps, 

making the design stage best comprehended. Likewise, the risk-based business process 
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annotations are still under improvement. For the design-time analysis phase the support is 

mostly partial, so the main research gap here is to come up with new techniques or upgrade 

existing ones such that they are more precise and/or exhaustive. For the remaining execution, 

run-time analysis and post-execution stages, the comprehensiveness is significantly lower. This 

results in research gaps such as how to impact the execution behavior of a running process 

instance using runtime risk information for the avoidance or mitigation of potential risk events.  

 

Despite the relatively high design stage comprehensiveness, its maturity still requires 

enhancements. More specifically, the formalization of R-BPM is still low level as hardly any 

approach supports semantics. The limited formalization makes formal reasoning problematic. 

Moreover, most approaches are still rather theoretical as they lack practice validation, or even 

miss implementation tools. Lastly, comprehensive application methods are only provided in a 

couple of papers. Regarding the runtime stage, only a few approaches provide R-BPM during 

runtime. However, these do show a significant level of maturity as well as implementation. Still, 

their application in practice and application methods require improvement. Finally, the two 

evaluated approaches in the post-execution stage are fairly mature, have both been 

implemented and their application methodology maturity level is considerably high as well. 

Nonetheless, no papers in the R-BPM field come up with a reference model in which key 

features of an R-BPM system are agreed upon. The use of risk constructs to annotate process 

models is proposed by multiple papers, but no clearly specified standard has yet been 

introduced.  

 

On the integration of existing RM techniques and R-BPM a large gap appears. As the 

traditional RM techniques are very mature, applying these to R-BPM would be of great value. 

However, the linkage of these two fields is rather weak. Hence, the expanded exploration of 

the application of traditional RM techniques to deal with R-BPM would be noteworthy 

research.  

 

R-BPM has been a very popular research field in the past years as it brings significant value to 

enterprises. Nevertheless, still numerous gaps around R-BPM systems occur that require more 

attention, including risk handling during process execution, the utilization of post-execution 

data for risk analysis purposes, and the fundamental ability to formally rationalize on risks in 

processes. Additionally, the evaluation approaches score rather low on validation in practice, 

feasibility and effectiveness. Besides, the integration of traditional RM approaches into R-BPM 

could still be improved significantly. Lastly, any form of a reference model is still missing. A 

more extensive summary of Suriadi et al. (2014) can be found in Appendix E of Rooijakkers 

(2019). 

 

Risk-aware business process management approaches (after 2011)  

The research questions of Chapter 3.1 form the backbone of this literature study. In this 

particular section, the R-BPM approaches of recent papers since 2011 are evaluated and 

observed differences with the outcomes of Suriadi et al. (2014) are indicated. These recent 

papers followed from an extensive literature search according to an accurately set up review 

protocol (Chapter 3) Finally, thirteen relevant papers remained, which are listed in the below 

table.  

 

Art. Authors Article title  
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1 Conforti et al. (2013a) 

 

Supporting risk-informed decisions during business process execution 

2 

 

Pika et al. (2012) Predicting Deadline Transgressions Using Event Logs 

3 Conforti et al. (2012) 

 

Automated risk mitigation in business processes 

4 Pika et al. (2016) 

 

Evaluating and predicting overall process risk using event logs 

5 Conforti et al. (2016) 

 

PRISM - A Predictive Risk Monitoring Approach for Business Processes 

6 Conforti et al., (2015) A recommendation system for predicting risks across multiple business 

process instances 

7 Conforti, et al. (2013b) 

 

Real-time risk monitoring in business processes: A sensor-based approach 

8 Anton et al. (2016) 

 

Integration of Risk Aspects into Business Process Modeling 

9 Marcinkowski & Kuciapski 

(2012) 

A Business Process Modeling Notation Extension for Risk Handling 

10 Bai et al. (2013) 

 

On Risk Management with Information Flows in Business Processes 

11 Ahmed & Matulevičius (2014) 

 

Securing business processes using security risk-oriented patterns 

12 Tjoa et al. (2011) 

 

A Formal Approach Enabling Risk-Aware Business Process Modeling and 

Simulation 

13 Lhannaoui et al. (2014) 

 

Analyzing risks in business process models using a deviational technique 

 

Remarkably a handful of authors such as Conforti, La Rosa, ter Hofstede and van der Aalst are 

very active within the R-BPM research field as they contributed with over three papers. A 

benefit of this is that the knowledge of these experts on R-BPM goes far beyond. However, a 

trap in this could be that the expert knowledge only lies within a small group of scientists. 

 

 Design Design-

time 

Analysis 

Execution Runtime 

Analysis 

Post-

execution 

Analysis  

Risk Identification Risk Discovery 

Techniques 

 12,13 3*,7 5 2 

Annotation 

Techniques 
8,9,11     

Risk Analysis Probability Analysis  13  3*,7 1,6 

Impact Analysis 11 13  7 1,6 

Risk Propagation    5  

Risk Evaluation  12 6,10  4 

Risk Treatment  8,11 13 1,3,6,10   

*Conforti et al. (2012) discuss the risk detection service that they developed, however this was done in their previous paper 

which was already part of the survey by Suriadi (R Conforti et al., 2011).  

 

The above Remarkably a handful of authors such as Conforti, La Rosa, ter Hofstede and van 

der Aalst are very active within the R-BPM research field as they contributed with over three 

papers. A benefit of this is that the knowledge of these experts on R-BPM goes far beyond. 

However, a trap in this could be that the expert knowledge only lies within a small group of 

scientists. 
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The above table summarizes the risk-related activities per BPM lifecycle stage that each of the 

papers has contributed to. Looking at the table from a higher level, the distribution across all 

RM activities and all lifecycle stages seems fairly equal. Nevertheless, when focusing on a 

particular activity or stage, gaps or popularities can be observed easily. More specifically, 

regarding risk identification strategies, annotation techniques are only discussed for the design 

stage, whereas discovery techniques across all other stages. One key reason to this could be 

that annotations are generally set during design. Moreover, there appear two major gaps 

within the risk analysis activities as the stages of design and executions are very unpopular. 

However, a steady explanation would be that analyses activities are executed in analysis stages 

(design-time analysis, runtime analysis and post-execution analysis). Propagating risk is not 

depending on any of the five stages as it is only discussed by one out of thirteen papers. 

Another remarkable finding from the table is the number of papers that combine the risk 

treatment facet in the execution stage. Lastly, the representation of risk evaluation and 

treatment in the runtime- and post-execution analysis phases is very low.  

  
Approach  1 2 3 4 5 6 7 8 9 10 11 12 13 

Risk 

Mngt 

Domain 

Influence 

Domain Generic Security Saf

ety 

Risk type  Generic Data Generic 

Existing Risk Analysis  - ± - - - - + - - - - - + 

Risk Standard  - - - - - - - - - - - + - 

Maturity Integrated 

Risk 

Formalization 

Abstract 

Syntax 

± - - + - ± + + + + + - + 

Concrete 

Syntax 

± - - - - ± - + + ± + - - 

Semantics - - - - - - + + - - - - - 

Implementation  + + + + + + + - - + ± + - 

Application Methodology ± ± ± + ± ± ± ± - + - - - 

Application in Practice  ± ± - ± ± ± ± - + - - - - 

BPM 

Lifecycle 

Design - - - - - - ± + + ± + - - 

Design-time Analysis  - - - - - - + - - ± - + + 

Execution + - + - - + - - - + - - - 

Runtime Analysis  - - ± - + - - - - + - - - 

Post-execution Analysis + + - + - + - - - ± - - - 

 

In addition to the risk related activities from Remarkably a handful of authors such as Conforti, 

La Rosa, ter Hofstede and van der Aalst are very active within the R-BPM research field as they 

contributed with over three papers. A benefit of this is that the knowledge of these experts on 

R-BPM goes far beyond. However, a trap in this could be that the expert knowledge only lies 

within a small group of scientists. 

 

The above tables consist of the rest of the R-BPM review content of this literature study. The 

functionality comprehensiveness per BPM lifecycle stage is equally distributed across all 

stages, as indicated in the previous paragraph already. However, the comprehensiveness per 

stage is mostly around three comprehensive and one partially of thirteen papers in total, being 

a rather low share. Also, articles specialize themselves in one or two stages as Bai et al. (2013) 

is the only one dealing with all stage of the lifecycle. Next, the RM domain influence on any of 

the thirteen papers is extremely low as only three a nd one paper contained an existing risk 

analysis and risk standard, respectively. Moreover, the domains and risk types are usually of a 

generic form. This generally suggests that the considerably mature RM techniques are not (yet) 

consulted in the field of R-BPM. Conversely, the maturity level within the papers is usually 

much better. For instance, numerous papers introduce formalized abstract and or concrete 
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syntaxes, e.g. YAWL extensions, BPMN (2.0) and basic control flow patterns. In this 

formalization the application of semantics still runs behind. The relative novelty of the R-BPM 

concept can be observed from the table very well as the application in practice is mostly not 

or only partially present. Many papers did execute simulations or applied real-life data, but did 

not yet put the business processes in full practice. Bai et al. (2013) were the only authors that 

did provide a practical application by demonstrating the procedure for managing architectural 

contests. The matureness in the forms of implementations and methodologies did score much 

better as various papers provide plug-ins, performance measurements, open-source systems 

or even apply Multi-Objective Simulated Annealing. And lastly, the spreading amongst all BPM 

lifecycle stages can be observed clearly in this table as also followed from Remarkably a 

handful of authors such as Conforti, La Rosa, ter Hofstede and van der Aalst are very active 

within the R-BPM research field as they contributed with over three papers. A benefit of this is 

that the knowledge of these experts on R-BPM goes far beyond. However, a trap in this could 

be that the expert knowledge only lies within a small group of scientists. 

 

Risk-aware business process management conclusion  

R-BPM has received serious attention since a somewhat introductory research paper on this 

topic by Rosemann and Zur Muehlen (2005). Subsequently many academics have contributed 

and numerous have specialized themselves in this novel form of approaching business 

processes. In 2014, Suriadi et al. published a survey article that evaluated contemporary R-

BPM approaches (until 2011) to signal current research gaps. After creating a draft review 

protocol as a basis to the current literature review, Suriadi’s intention and method was very 

much alike. Therefore, their framework was reproduced to expand the scope to approaches 

until 2018 and to expose developments on the R-BPM topic by comparing Suriadi’s framework 

content to the framework content of this literature study.  

 

Despite the method adjustment where Suriadi examined ninety-six papers grouped into 

twenty-seven individual approaches and this literature study only thirteen papers, their 

evaluation outcomes can be compared properly. When comparing two identical survey 

frameworks but from two different moments in time, there are four interesting categories in 

terms of research focus. Explicitly, former focus, implying focus on a certain construct in a 

particular BPM lifecycle stage was present in the former survey but not in the latter. The other 

three types are retained focus, recent focus and no focus of which the implications speak for 

themselves. All four bring a level of fascination as to why has research focus been shifted from 

one topic to another and why has focus been retained or completely omitted despite the 

endless research gaps available.  

 

Framework combinations that were formerly in proper focus but not anymore are annotation 

techniques at design-time analysis, impact analysis at design-time analysis (lowered), risk 

propagation at design-time analysis, risk evaluation and treatment at design-time analysis 

(lowered significantly), and risk evaluation at design. Risk discovery techniques at design-time 

analysis, annotation techniques at design, probability analysis at runtime and post-execution 

analysis and risk treatment at design are research combinations that are retained in focus. 

Three combinations have only received focus recently, being risk discovery techniques at 

execution, and risk evaluation and treatment during the execution stage.  
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In the survey of Suriadi the functionality comprehensiveness is satisfying for both the design 

and design-time analysis stages. This level of comprehensiveness seriously dropped for these 

two stages. Nevertheless, instead, this shifted to the later stages of execution, runtime analysis 

and post-execution. This shift in attention is exactly what is aimed for on the 

comprehensiveness per stage level as this implies that all stages receive a more balanced level 

of care. The research gap fill on functionality comprehensiveness cannot be maintained for the 

concept of RM domain influence, as the link between existing RM techniques and standards 

with the BPM field remains weak.  

 

The maturity levels of the different approaches evaluated by Suriadi and this survey do show 

some important developments. More specifically the degree of formalization across the recent 

papers has increased significantly, specifically on abstract and concrete syntaxes. However, the 

degrees of semantics and application in practice remain unsatisfactory low. Moreover, no R-

BPM reference has been presented yet either. Lastly, implementations and methodologies of 

approaches were presented more and more.  

 

Conclusively, critical research gaps addressed by Suriadi that related to RM activities per BPM 

lifecycle stage have only partially been filled in during the years. More specifically gaps on 

runtime RM in BPM systems and the exploitation of process-related logs and risk-informed 

business process execution, have received significant attention by, for instance Conforti et al. 

(2012, 2013a, 2013b, 2015, 2016) and Bai et al. (2013). Other gaps such as the formalization of 

risk constructs and empirical validation of R-BPM approaches retained insufficient focus as 

these gaps have not been filled in strongly yet, especially the concept of semantics has still 

not been researched upon properly. Besides, the gaps of a reference model for R-BPM and 

applying existing risk analysis techniques from the RM domain to the BPM field also continue to 

be research gaps.  

 

Despite the significantly lower processed papers (13 to 96) of this literature study and the 

difference in interpretation of paper content and constructs, an overall shift can be observed 

clearly. More specifically design-time analysis stage focus has moved to the execution, runtime 

and post-execution analysis stages.  

 

Knowledge intensive business processes  

In recent decades, the field of BPM has been very popular and therefore investigated 

tremendously, resulting in a very good understanding of the concept. Methods and 

applications have been developed, improved and well-tested for all phases of the process life 

cycle by now. However, as the environment is constantly changing, new fields or unexplored 

derivatives of BPM appear. While routine work has been mostly automated, knowledge work 

takes over as the primary concern for process modelers (Kurz et al., 2015). Consequently, 

researchers and specialists study novel ways to support this knowledge work which is 

characterized by its high degree of unpredictability.  

 

Business processes can be of a structured, semi-structured or unstructured nature. Structured 

processes clearly fall within BPM, contain unchanging sequences and are repetitive pre-

defined processes. Whereas, unstructured or ad-hoc processes are unpredictable, 

interchangeable and normally involve a great deal of tacit knowledge (Richter-Von Hagen, 

2005). Tacit knowledge was first established by Nonaka and Takeuchi (1996) that classified 
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knowledge into implicit (or tacit) and explicit. The former is personal knowledge involving 

mental models, beliefs and views that are hard to formalize or share via an external process 

(Gronau & Weber, 2004). The unstructured processes involving significant tacit knowledge and 

unpredictability have led to the foundation of KIBPs. And according to Di Ciccio et al. (2012), 

during the past years, KIBPs have become a prominent research area within BPM due to the 

importance of knowledge workers within modern organizations. 

 

Despite the rather youngness of the KIBP concept, numerous studies have already been 

performed on it and all contain their own slightly different concept definition. For instance, 

Gronau et al. (2004) express that “knowledge-intensive business processes deal very much with 

creating and using tacit knowledge from many participants”. In addition, Hull et al. (2009) 

addresses the cooperative character of KIBPs, namely “KIBPs are collaborative by nature and 

therefore need to provide multi-user, multi-roles support, with appropriate notions of visibility, 

traceability and accountability.” However, the definition of Vaculín et al. (2011) appeals most, 

being: “KIBPs are processes whose conduct and execution are heavily dependent on 

knowledge workers performing various interconnected knowledge intensive decision making 

tasks. KIBPs are genuinely knowledge, information and data centric and require substantial 

flexibility at design- and run-time.” 

 

Knowledge intensive business processes approaches (before 2013) 

In 2015, Di Ciccio et al. published a widely appreciated survey dealing with characteristics, 

requirements and analyses of contemporary KIBP approaches. The review content corresponds 

well with the goal of the KIBP section of this literature analysis which is to answer the question 

on what modeling methodologies are available for KIBPs. In this article, Di Ciccio also derives 

requirements for managing and executing KIBPs by analysing three real-world application 

scenarios. However, this is not that relevant to the research question and will therefore not be 

discussed in further detail here. Below, a summary of the paper can be found. 

 

While the BPM research field is mastered deeply by widely available modelling styles 

throughout all phases of the BPM lifecycle, the KIBP phenomenon is far from this. This 

especially originates in the fact that KIBPs are mainly knowledge- and data-centric and need 

considerable flexibility at design- and runtime. To draw the current state of affairs, existing 

process-aware approaches will be reviewed on their effectiveness to a set of requirements 

belonging to the KIBP concept. The approaches evaluated here are activity-centric imperative 

methods such as YAWL and ADEPT2 for sustaining flexible and adaptive processes. Moreover, 

Declare representing a declarative approach for loosely structured processes, and 

PHILharmonicFlows and ArtiFact being object-aware- and artefact-centric approaches, 

respectively. Additionally, two recent research approaches are investigated being SmartPM 

and MailOfMine.  

 

The review concludes that none of the evaluated process-oriented approaches or systems 

provides full support to what the KIBP concept requires. Difficult characteristics that the 

approaches are unable to (fully) satisfy are collaboration, orientation and unpredictability. 

Despite this, the data-centric approaches are getting to a promising solution for modelling 

KIBPs. In addition, the object-aware- (PHILharmonicFlows) and artefact centric approaches 

(ArtiFact) seem promising as well with their CMMN standard basis. Nevertheless, their 

framework maturity is still relatively low and therefore requires further investigation. Lastly, the 
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overall conclusion is that the boundary between the process design and execution stages of 

the BPM lifecycle is fading away. Namely, models are composed more and more at runtime, in 

extreme cases they are entirely built from scratch while running. 

 

Knowledge intensive business process modelling (after 2013)  

Primarily research questions provide a proper basis from which the literature review could be 

performed. Particularly in this segment, KIBP approaches since 2013 are analysed and 

notabilities will be touched on. The analysed KIBP approaches followed from executing a 

precisely set up review protocol. From this execution, nine relevant papers arose which are 

registered in the below table.  

 

Art. Authors Article title  

1 

 

Kurz et al. (2015) Leveraging CMMN for ACM: examining the applicability of a new OMG 

standard for adaptive case management 

2 

 

Netto et al. (2013) A Notation for Knowledge-Intensive Processes 

 

3 

 

Hasi et al. (2017) Integrating processes, cases, and decisions for knowledge-intensive process 

modelling 

4 

 

dos Santos França et al. 

(2015) 

KIPO: the knowledge-intensive process ontology 

 

5 

 

Marrella et al. (2016) Intelligent Process Adaptation in the SmartPM System 

 

6 

 

Kurz (2013) Taming Diversity: A Distributed ACM-Based Approach for Cross-Enterprise 

Knowledge Work 

7 

 

Rodrigues et al. (2015) Towards a context-based representation of the dynamicity perspective in 

knowledge-intensive processes 

8 

 

Laue & Kirchner (2017) Using patterns for communicating about flexible processes 

9 

 

Hinkelmann (2016) Business Process Flexibility and Decision-Aware Modeling—The Knowledge 

Work Designer 

 

When inspecting the origin of the above papers, the variety in academics is fairly high as only 

two authors (i.e. Netto and Baiao) contribute to the KIBP study field with three papers (co-

writers). A positive effect to this could be that overall KIBP beliefs are more widely supported. 

Besides, if certain authors are not only limited to the KIBP domain, they could bring in valuable 

influences of other research domains.  

 
Approach  1 2 3 4 5 6 7 8 9 

Maturity Formalization Abstract 

Syntax 

+ + ± + + + + - + 

Concrete 

Syntax 

+ + ± ± + + ± ± ± 

Semantics ± ± - + + - ± + ± 

Implementation  + ± - + + ± ± ± ± 

Application Methodology ± + ± + + ± + ± ± 

Application in Practice  - ± - ± ± - ± - - 

BPM 

Lifecycle 

Design + + + ± ± ± + + ± 

Design-time Analysis  - - - - - - - - - 

Execution + ± ± + + + ± - - 

Runtime Analysis  - - - - - - - - - 

Post-execution Analysis - - - - - - - - - 

 

The above table provides clear insights in the maturity level and BPM lifecycle stage activeness 

of all relevant KIBP approaches since 2013. Regarding this maturity level, the formalization of 
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the approaches is reasonable, especially the abstract and concrete syntaxes score well (e.g. 

methods of CMMN, KIPN and KIPO). The degree of implementation and methodology lacks 

behind slightly, but most papers do score a partial presence, indicating that the development 

in both is building up. The maturity measure is mostly closed by applying an approach in 

practice, but for the moment this is still a bridge too far.  

 

The BPM lifecycle stage activeness gives very clear patterned gaps in the approaches. More 

specifically, the analysis stages of design-time, runtime and post-execution have not been put 

in practice at all yet, making this a major research gap. Consequently, no approach has been 

investigated thoroughly enough to provide for all BPM lifecycle stages. Moreover, another 

observation is that the presence of the design and execution stages seem to go hand in hand.  

 

Knowledge intensive business process conclusion 

Just like the survey of Suriadi et al. (2014) was used as a basis for the R-BPM section, the review 

of Di Ciccio et al. (2015) will form the foundation here. However, the focus of the latter is not 

with identifying research gaps as much as for the former. Nevertheless, Di Ciccio et al. (2015) 

did conclude that none of the evaluated process-oriented approaches provide full support to 

what KIBP requires. Secondly, they concluded CMMN-based approaches PHILharmonicFlows 

and ArtiFact are promising but are by far not sufficiently mature. And lastly, boundaries 

between the design- and runtime stages of the BPM lifecycle are fading away.  

 

After the latest KIBP approaches position was mapped in the Chapter 4.2.2, the gaps signaled 

by Di Ciccio et al. in 2015 were not filled in as possibly anticipated. More specifically, the 

approach gap on the full KIBP support is still present. In recent years, still no approach has 

been able to fully satisfy KIBP requirements. Additionally, approaches PHILharmonicFlows and 

ArtiFact have not been further developed, at least not in the most relevant papers from the 

table. Possibly their level of promise turns out to be lower than Di Ciccio initially estimated. 

Nevertheless, due to additional attention, the maturity level in general has definitely improved 

as the approaches’ formalization scores better and better. Unfortunately, the number of 

approaches put in practice is still really low. Lastly, the trend on boundary fading of the design- 

and runtime stages seems preserved when looking at the scores on design and execution in 

the table. Explanations may be that KIBPs sort of demand to be able to model at runtime as 

KIBPs are subject to constantly changing event flows in which it usually is unclear what events 

are to be processed subsequently. This can primarily be tackled by ‘designing at runtime’. Last 

of all, a crystal clear research gap that Di Ciccio et al. (2015) did not signal or report is the 

completely missing support on the analysis stages (i.e. design-time, runtime and post-

execution) of the BPM lifecycle. Nevertheless, to further improve KIBPs, the analysis 

approaches are definitely required to tweak processes before execution, or afterwards. 

 

Conclusion 
The main contribution of this report is to explore an untouched research area, namely whether 

KIBPs are manageable from a risk aware perspective, or if at least any signs indicate that the 

domains of R-BPM and KIBP can be approached unitedly. Hence, to answer the fifth and last 

sub question from Chapter 3.1 on what elements of the risk-aware business process 

management approaches are relatable to knowledge intensive business processes. That 

should ultimately provide an opening to the main question on how to manage knowledge 

intensive business processes in a risk-aware manner. Answering this so-called risk-aware 
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knowledge intensive business process management question, is performed by finding 

communal patterns in both the concepts and approaches of R-BPM and KIBP.  

 

Despite the current situation in which the R-BPM and KIBP domains have not crossed in 

academic literature, sooner than later they will. This due to the increasing importance of 

knowledge workers in today’s businesses (Di Ciccio et al., 2012) meaning that more and more 

business processes will be characterized as KIBPs. Additionally, the field of RM will never 

disappear in project-based organizations as these are inseparable (Elkington & Smallman, 

2002; Project Management Institute, 2017). In fact, quite the contrary happens as the concept 

of risk is considered increasingly in the (re-)design of business processes (Rosemann & Zur 

Muehlen, 2005). After presenting the status quos of R-BPM and KIBP in Chapter 4, 

communalities can be signalled and especially lie in the concept of possibility. More 

specifically, in risk management you identify with what possibility a certain risk scenario can 

take place, and for instance, subsequently you determine the probability and impact of such 

risk (Kliem, 2000). Furthermore, because of the flexible nature, modeling KIBPs is also based 

on the possibility of certain process steps to follow to the current step.  

 

An additional communality lies in the reuse of processes or process fragments. More 

specifically, risks in risk management and knowledge of knowledge workers mostly stem from 

past situations or experiences. One of the challenges in postly executed situations or processes 

is how to manage information storage such that it can be reused with high efficacy. This 

challenge is also emphasized by analyzing the status quos of both the R-BPM and KIBP fields 

with respect to the BPM lifecycle inspired by Hofstede et al. (2009). More explicitly, the post-

execution analysis phase was poorly represented in the R-BPM approaches literature review of 

Suriadi et al. (2014) until 2011 and basically only received serious attention of authors Conforti 

and Pika thereafter (see Chapter 4.1.2). Let alone the KIBP situation in which no attention has 

been given to KIBP approaches in the post-execution phase thus far (see Chapter 4.2.2). 

Santiputri et al. (2017) did try by proposing a process mining approach on task post-conditions 

from process events in execution histories. Besides, she stressed the importance of post-

analytics towards instances such as change- and business process life cycle management. 

Despite that her approach is not related to R-BPM nor KIBP, it is a hopeful signal that there 

are possibilities on mining approaches in combination with post-execution data analyses.  

 

Ultimately, exploring the formerly separate research domains of R-BPM and KIBP with a certain 

degree of connectivity will be of large value as they will eventually cross one another due to 

emergent importance of knowledge workers in businesses. Furthermore, the concepts of 

possibility and reuse provide an opportunity in managing knowledge intensive business 

processes in a risk-aware manner. Lastly, the post-execution analysis phase of the BPM lifecycle 

may play a prominent role in this. 

  



 

103 
 

  



 

104 
 

 

  



 

105 
 

 


